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ABSTRACT OF THE DISSERTATION 

 
A Taxonomy for Community Organizations Active in Disasters 

 
by 

 
Michael Craig Stajura 

Doctor of Philosophy in Public Health 
University of California, Los Angeles, 2016 

Professor Linda B. Bourque, Chair 
 
 
Background: Community organizations active in disasters play a vital role in community disaster 
response and recovery, but academic understanding of this organizational population is limited by 
untested and imprecise typological differentiations. An organizational taxonomy would better quantify 
and define this population and subgroups within it. This would allow for contextualizing research and 
findings against a validated framework that relates organizational groups and subgroups within the 
broader population. Taxonomies also serve a role similar to theory by enabling the development of new 
research questions and hypotheses.  
 
Objectives: This dissertation proposes a taxonomy to classify the organizations of interest, and the 
taxonomy uses typological benchmarks that ensure coherent classificatory groups to provide meaning-
in-context and salience to the needs of its users. The taxonomy evaluated the utility of 
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structural/operational, functional, and financial traits for classifying the organizations. The taxonomy 
can guide research and policy development, and it can also provide utility to the community 
organizations themselves and their collaborative networks.  
 
Methods: A novel study population of 660 organizations was created from a stratified non-probability 
quota sample of 28 Voluntary Organizations Active in Disasters (VOAD) networks. The 660 organizations 
cover the full range of organizational subtypes/subgroups of interest, and the results are not meant to 
be generalizable to the VOADs themselves without additional and planned validation. Two sets of 
hierarchical clustering results were produced and compared using both polythetic and parsimonious 
trait selection. Iterative and heuristic modeling procedures assessed and compared the results of several 
important permutations and methodological choices.  
 
Findings: The best set of results classified the population based on a parsimonious set of 
structural/operational traits: charitable/religious and faith-based/not faith-based. The results from both 
approaches were robust and congruent with the typological understanding of these organizations, but 
up to one-fourth of the organizations in the study population exhibited noteworthy deviation from 
common typological distinctions. The results were expanded into a taxonomy with three branches and 
three tiers to create a combined total of 26 clusters and subclusters. The best set of results also used a 
modified unit of analysis that classified 47 coherent organizational subgroups, akin to “species”, rather 
than 660 individual organizations.  
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1.0 Introduction  
 
 Community organizations have a long and well-established history of participating in or 
contributing to disaster response and recovery efforts. While emergency management and disaster 
services are the responsibility of government agencies, community organizations provide resources and 
energy to this field. Moreover, community organizations are highly motivated, and many of them offer 
services, programs, and activities that either augment or fulfill necessary disaster-related functions. This 
is in many regards an extension of the underlying spirit of American civil society, as put forth by de 
Tocqueville (1835 and 1840). The participation of these organizations is also fundamentally linked to 
collective social capital, social networks, and related subjects. These topics are more fully explored in 
Chapter 2, which presents and supports relevant concepts and then draws on and synthesizes 
appropriate lessons from preexisting research as they apply to this research effort. 

At a very fundamental level, research and policy development about the population of 
community organizations active in disasters has been held back for want of a comprehensive and 
validated understanding of these organizations as a population. No mechanism allows for systematic 
and valid quantitative inquiry about this population. In essence, most related academic inquiry and 
policy development has been conducted as a series of one-off, ad hoc studies or interventions. They do 
not benefit from a classificatory framework to contextualize their findings with regard to the population 
or subgroups within it. This argument provides the foundation for the dissertation, which synthesizes 
and applies the work of researchers who have called for, created, and used taxonomies to study other 
organizational populations in different contexts (to include Haas and Drabek 1973, McKelvey 1975, and 
others).  
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1.1 Problem Statement, Motivation, and Rationale 
 
 In short, the population of community organizations active in disasters lacks a taxonomy. An 
organizational taxonomy would provide a tool for performing comprehensive, multivariate, and valid 
research on this population of organizations and its subgroups. Moreover, findings from such research 
could be assessed against a standardized population-level framework. Lack of a taxonomy contributes to 
sporadic and disjointed research and policy development (i.e., the status quo). It is perhaps unfair to say 
that such research is currently poorly informed, but it is fair to characterize it as under-informed 
because all efforts made in the absence of a taxonomy have been undertaken without being able to 
contextualize findings and outcomes with respect to the broader population in a systematic manner.  

Researchers and policy makers have metaphorically been focusing their efforts on trees and 
groves. With the taxonomy, they will be able to comprehend the entire forest and then be able to 
consider their own efforts within this broader context. One irony is that while taxonomies are so 
pervasive and fundamental to research in a variety of fields, they are often taken for granted and 
underappreciated (Bailey 1994). Regarding the population of interest for this dissertation, it is therefore 
somewhat stunning that an organizational taxonomy was not established much earlier.  
 At a fundamental level, a taxonomy is a research-generating tool that literally fulfills a role 
similar to theory (Star 1998). While a taxonomy is the product of research, its value lies in its application 
and use. Taxonomies order a population using quantitative analytical methods, and they create 
opportunities for hypothesis development and testing. In fact, other research teams have indentified 
many unanticipated benefits that were only revealed through the application of the taxonomies that 
they developed (Bazzoli et al. 1999). Another way of putting this is that a taxonomy is a means to an end 
and not an end in itself. It is a tool, and its value lies only in its use.  
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 By framing the problem as the absence of a taxonomy, the message is that research and policy 
development regarding this organizational population have proceeded without a roadmap for decades. 
While a great deal has been learned from extant research, each study has to a certain degree been 
isolated with respect to framing new knowledge against the backdrop of a comprehensive, population-
level understanding of these organizations. The taxonomy will not just bring order to the population of 
interest; it can also provide order and direction for research and policy endeavors. To add another 
metaphor, someone had to create a map, but the map is what gets you to your destination.  
 One principal challenge regarding the population of interest is the pervasive presence and 
influence of trait overlap. Ideally, taxonomies can be used to identify clear differentiations that lead to a 
simple classificatory scheme. Perhaps one reason that a taxonomy has not been established for this 
specific organizational population is due to the manner in which it seems to defy ordering.  
 In many respects, classifying this population is like using a standard demographic survey 
question with five choices for race/ethnicity on a population that is 75% multiracial. A different tool is 
needed. This is because trait overlap is intrinsic to the population of interest. For example, the following 
organizations are represented in the population of interest: Catholic churches/parishes, Catholic 
dioceses, Catholic Charities, Catholic Social Services, St. Vincent de Paul, etc. The subpopulation sizes for 
the various Catholic-affiliated groups vary widely, and similar examples exist among other religions and 
denominations. This represents only about half of the study population (the faith-based half). These are 
different organizations that have highly varied traits on a range of measurable dimensions (e.g., 
revenue, mission statement, or types of programs and services), yet there is also a great deal of overlap 
on other dimensions.  

Furthermore, this population is not normally distributed; this is an intrinsic population 
characteristic that was fundamental for understanding its structure. There are repeated occurrences of 
chaptered organizations that show varying degrees of trait conformity within their subgroups. The 
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magnitude and effect of within-group variation proved to be as influential as between-group variation 
for some organizational traits over the course of the analyses. These factors would need careful 
consideration when developing a classificatory process, and they provided a hint regarding why a 
taxonomy had not yet been established.  

The organizational taxonomy is intended for use by multiple audiences.  Individual organizations 
can apply the taxonomy to assist with strategic planning, resource allocation, or other topics germane to 
their own mission, purpose, and activities.  Essentially, the taxonomy enables this by helping them 
contextualize their place and role within the organizational population. Collectively, these organizations 
can use the taxonomy to enhance their collaborative efforts and partnerships. This will be especially 
helpful to organizational networks, such as Voluntary Organizations Active in Disasters (VOADs). VOADs 
are more fully introduced later, but note for now that the taxonomy can provide an evaluative 
mechanism to further our knowledge of these organizational networks in several ways (e.g., diversity of 
composition, network effectiveness/efficiency, implications for impact/outcomes with regard to disaster 
preparedness, response, and recovery, etc.).  

Finally, government agencies can use the organizational taxonomy and the findings derived from 
it to improve their collaborative efforts and design better policies and programs regarding this 
organizational population. Specifically, government agencies can use findings derived from the 
taxonomy to guide resource allocation, partnership development, and related topics. The research 
community will also be provided with a quantitatively-developed framework that enables an expanded 
range of research regarding this study population. This topic is most specifically addressed by the 
benefits of taxonomies identified for other organizational populations (Chapter 2), and the dissertation 
concludes with a prospective look at several potential applications of the taxonomy for community 
organizations active in disasters (Chapter 11).  
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1.2 Purpose Statement and Research Questions 
 

The purpose of this research effort is to create a quantitatively-validated taxonomy for the 
population of community organizations active in disasters. In particular, it will allow researchers and 
practitioners to move past the loosely-defined and overlapping typological differentiations that are 
currently used in this research and policy area (e.g., distinctions are generally made to separate faith-
based and non-faith-based organizations, but this is generally done with little rigor). Four research 
questions guide this process.  
 
    A) Are the organizations in the study population best classified using a polythetic or parsimonious set 
of characteristics? How do polythetic and parsimonious clustering results compare? This question is 
answered in Chapter 8. 

 
    B) What quantitatively-produced organizational clusters best define the study population of 
community organizations active in disasters?  This question is answered in Chapter 9. 
 
    C) What are the best traits/dimensions, as validated by quantitative analysis, for classifying 
community organizations active in disasters?  This question is answered in Chapter 10. 
 
    D) How can these organizational groupings inform researchers, the organizations themselves, and 
their government agency partners? This question is answered in Chapter 11.  
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1.3 Overview of Methodology 
 
 A novel study population of 660 community organizations active in disasters was built from a 
non-probability quota sample of VOADs (details are provided in Chapter 3). Briefly, VOADs serve the 
function of networking organizations or hubs through which individual community organizations 
collaborate for disaster response and recovery (Section 1.5 and Chapter 2 expand on this definition). The 
sample of VOADs represents 49.1% of all study-eligible VOADs (i.e., it is a very large sample). However, 
the results are not at this point generalizable to VOADs themselves (without added steps) because it is a 
non-probability sample; that is not needed to satisfy the research questions (as explained and reinforced 
throughout the document). The focus of the study is on organizations which happen to belong to 
VOADs, not VOADs. At the very least, any findings about VOADs derived or inferred from the non-
probability sample of VOADs represent a baseline that had not previously existed.  

The study population of organizations was a census of the sampled VOADs, and it represents 
42.8% of all organizations eligible for consideration in the study (thereby meaning that it is an intact 
subpopulation of all eligible organizations). Most importantly, these organizations would be classified 
and analyzed within the context of their “natural” social environments because each VOAD 
subpopulation was a complete census. The goal was to classify a sufficiently large and sufficiently 
diverse collection of organizations, organizational types, and organizational subgroups (i.e., not to make 
generalized findings about VOADs themselves). Additional planned steps (beyond the scope of the 
research questions) will evaluate the degree to which any findings can be generalized to VOADs.  
 A team collected data regarding organizational traits from either the websites of the individual 
organizations or from a trusted, third-party source (e.g., Charity Navigator, the website of the 
corresponding VOAD, or a parent organization’s website). Data were organized according to the 
structural/operational, functional, and resource/financial domains (these are defined and explicated in 
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Chapters 2 and 4). These data were evaluated, processed, and transformed into a set of 32 binary 
variables that were organized as variable constructs (sets of binary variables representing a complete set 
of nominal or ordinal response categories) or dichotomous variables (explained in Chapter 5). 
 The quantitative analyses produced and compared results using two different approaches based 
on iterative hierarchical clustering. This technique provided a built-in mechanism to ensure reliability. 
The first approach was polythetic clustering, which identifies clusters in a population based on their 
overall, averaged similarity across many variables. As the polythetic models were developed and 
refined, a variety of modeling permutations were performed and evaluated. It was important to 
evaluate polythetic clustering due to the high degree of trait overlap noted earlier. The polythetic 
methods and results are presented in Chapter 6. The second approach was parsimonious clustering, 
which used no more than two variables at a time to identify organizational clusters. These methods and 
results are presented in Chapters 7 and 9.  
 The polythetic and parsimonious clustering results are compared in Chapter 8. There are three 
fundamental points to understand about this comparison. First, the results of early modeling iterations 
informed or shaped subsequent iterations; this was a learning process. Second, the most profound 
lesson or result of preliminary iterations was a change in the unit of analysis. Over the course of 
conducting and analyzing the polythetic clustering results, the unit of analysis changed from individual 
organizations (n=660) to organizational subtypes referred to as “Descriptive Tags” (n=47). By analogy, 
the process evolved from classifying individual “animals” (organizations) to classifying “species” (clearly 
identifiable subtypes). This speaks to the issue presented earlier regarding chaptered organizations and 
the non-normal distribution of the 660 organizations across the 47 Descriptive Tags. Third, the 
comparison of differences between the polythetic and parsimonious clustering results was essential. The 
most illuminating aspects of the final classificatory scheme were revealed by evaluating and 
understanding marginal differences between two generally robust sets of results.   
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1.4 Assumptions 
 
 All self-reported data were treated as reliable for application towards organizational 
classification. While perhaps a generous assumption, it was necessary. Evaluating the reliability of self-
reported data was beyond the scope of these methods. A separate research effort would be needed for 
that. Perhaps ironically, the taxonomy can also be used later to enable the evaluation self-reported data 
(especially with regard to functional traits).   

All data were self-reported because the primary sources were the organizational websites. In 
cases where third-party sources (e.g., Charity Navigator) were consulted, all data were still indirectly 
self-reported by the individual organizations. For example, organizations self-report revenue to the 
Internal Revenue Service (IRS), and then Charity Navigator reports organizational revenue as provided 
by the IRS. The original source was still the organization.  

Furthermore, one key theme discussed at various points throughout the dissertation is that 
individual organizations use identical or similar terms in vague, imprecise, or overlapping ways 
(especially for functional data). For example, a seemingly straightforward term like “disaster response” 
means different things to different organizations (or they use it in different ways). The effect is that 
most of the functional data could not be used for the analyses because many terms that had potential 
classificatory value were self-defined and/or used inconsistently across the population. A separate 
research effort would be needed to qualitatively analyze key terms before they could be used for 
quantitative analyses. On a related point, structural/operational data and financial/resource data were 
more easily verifiable and consistent.  
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1.5 Key Terms 
 
 An “organization” is most pragmatically defined as any entity listed as a member belonging to 
one of the 28 sampled VOADs used to build the study population. More precisely, the 660 community 
organizations active in disasters can be identified as charitable organizations (n=426), religious 
organizations (n=206), or unincorporated organizations (n=28).Charitable and religious organizations are 
collectively considered as incorporated nonprofit organizations by the IRS, and these labels affect 
various aspects of their IRS reporting requirements and related issues. For example, charitable 
organizations are required to report revenue, and religious organizations are not. Note that some 
charitable organizations are faith-based, and some are not. A small number of unincorporated entities 
was retained in the study population, and these will be discussed further when appropriate.  
 A “community organization active in disasters” is distinguished from other community 
organizations by its engagement in disaster-related issues or activities. Note that many of these 
organizations exist for purposes entirely unrelated to disasters, but their actions identify them. Joining 
an organizational social network focused on disasters (like a VOAD) is a discrete action. Disasters need 
not be evident in an organization’s mission statement or purpose for it to be considered active in 
disasters. The term “VOAD member organizations” is also used (the terms are pragmatically 
interchangeable within the context of this research). This research only analyzed VOAD member 
organizations. While there are community organizations active in disasters that do not join VOADs, this 
is only important with regard to classification in one way. Specifically, these organizations still have a 
place in the taxonomy so long as they belong to one of the 47 organizational types or subgroups within 
the study population of 660 organizations used for the quantitative analyses. If the quantitatively-
developed taxonomy includes a place for all possible types and subgroups for organizations, then it is 
complete. If the taxonomy later proves to be incomplete, it is capable of evolving, as needed.   
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 As introduced earlier, a VOAD is a networking entity or hub that organizes the efforts of 
community organizations active in disasters. The majority of VOADs are unincorporated entities. VOADs 
convene their member organizations for the purpose of facilitating communication, coordination, 
cooperation, and collaboration specific to disaster issues. While they generally work in close cooperation 
with government agency partners, they are largely autonomous. Representatives from prominent VOAD 
member organizations are typically entrusted to manage and lead each VOAD’s activities through 
committees. They exist under the aegis of the National VOAD (a charitable organization), and they 
typically form at the state and local levels. “Local” can refer to county-sized or multi-county/regional 
operational areas.  
 Other key terms are identified and defined throughout the dissertation where relevant. In 
particular, synthesized operational definitions for analytical terms regarding classification and clustering 
methodologies are presented in Chapter 2. As classificatory and clustering methods were drawn from a 
range of academic disciplines, there was evidence that certain terms were used differently across 
various fields of study (as well as across decades).   
 An additional set of key terms described in Chapter 2 relates to the preparedness, response, and 
recovery phases of the disaster cycle. As noted already, organizations in the study population used these 
and related terms in imprecise, inconsistent, or overlapping ways. However, emergency management 
professionals and disaster studies researchers use these terms in a more consistent manner. The 
challenge was to properly interpret how organizations used these terms against the framework 
established by the professionals and academics in this field.  
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1.6 Summary 
 
 The taxonomy created by this research is organized according to three main branches (i.e., top-
level clusters) which were subdivided down to a third tier of classification for each branch. While 
quantitatively-driven and valid, the raw analytical results always needed to be balanced against meaning 
in context. In other words, the taxonomy’s development was also informed by qualitative 
considerations. Specifically, three intrinsic features of the study population would compel a certain 
degree of applied problem solving: (1) the non-normal distribution of organizations, (2) pervasive 
within-group trait variation, and (3) overlapping traits among otherwise distinct groups.   

Ideally, the taxonomy will reveal how much we have yet to learn about these organizations at 
the population level. However, its potential benefits will only be realized through its use. While several 
potential or anticipated applications of the taxonomy have been introduced in general terms, the 
conclusion elaborates on these ideas. These are framed prospectively because the benefits of the 
taxonomy can only be inferred from their use with other organizational populations. The more exciting 
opportunities lie with research questions not yet imagined.  
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2.0 Background and Literature Review  
 
 The background and literature review is divided into five sections. First, it provides a basic 
foundation of key disaster studies concepts relevant to the larger study. Second, it provides a relevant 
background regarding social capital, communities, and community organizations. Third, it reviews 
highlights from prior research regarding community organizations active in disasters. Fourth, it 
summarizes relevant research and concepts relating to taxonomies. The chapter concludes by distilling 
and synthesizing critical lessons from the research that will be carried forward to the methods.  
 
2.1 Relevant Disaster Studies Principles 
 
 My research can best be described as a union between organizational sociology and disaster 
sociology. The subfield of sociological disaster studies provides the starting point for framing the 
dissertation and how it will apply to and draw from extant literature. One key observation was that the 
literature provided evidence of disagreement (and also evolution) regarding the definition and use of 
key terms (even seemingly straightforward terms like “disaster”).  This section will present and discuss 
core disaster studies principles that directly informed my research. 
 
2.1.1 Defining “Disaster” 
 

The term “disaster” has numerous operational definitions that are largely driven by the 
academic discipline or research focus of the investigators. One book (of several) addressed this issue 
from multiple perspectives (Quarantelli 1998). For the purpose of this research, a disaster is best 
defined by its social impact (Dynes 1997). A disaster disrupts the normal social routines and effective 
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function of a community (Quarantelli 1995). Thus, a disaster affects geographically-defined communities 
(typically defined in terms of political jurisdictions, such as cities or counties). Disasters can impact 
multiple jurisdictions, and they also produce differential effects on subpopulations within a geographic 
community based on a variety of factors. A key point is that regardless of its mechanism or precisely-
defined physical effects, the entire geographically-based community’s social functioning is disrupted.  
 Paton and Johnston (2001) define a disaster as the point at which the effects or needs it creates 
exceed a community’s organic response capacity. External assistance is required to respond and/or 
recover from the disaster. Thus, the definition of “disaster” is relative to the community’s capacity. With 
this in mind, the community is best defined by its political jurisdictions, which provide basic public 
safety, utility, and public works services. When dealing with the issue of local jurisdictions, we therefore 
primarily focus our attention on county and city governments (i.e., the role and function of community 
organizations may not receive appropriate consideration as part of a community’s organic capacity). 
 At a basic policy level, mutual aid agreements (where one city or county can send resources to 
the aid of its neighbors) and the process for disaster declarations help us illustrate this definition (Stier 
and Goodman 2007). This principle of cooperation across community boundaries extends to community 
organizations active in disaster. They, too, demonstrate the ability and willingness to mobilize and share 
resources across jurisdictional lines or areas of responsibility. In some cases, the aid might be provided 
among different local chapters of a larger organization (e.g., one American Red Cross chapter being 
assisted by its sister-chapters outside the disaster area). In other cases, the coordination and transfer of 
aid might be accomplished through networks of community organizations active in disasters. Regardless, 
organizations outside the affected area regularly bolster the capacity of community organizations in 
disaster-affected communities (Granovetter 1973).  

The evolving framework of disaster resilience (which is drawn or adapted from several academic 
fields, such as psychology and ecology) has important implications for community organizations active in 
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disasters. There are several definitions and constructs for disaster resiliency, but one common theme is 
that resilience links disaster recovery to the pre-disaster social aspects of a community (Kapucu et al. 
2013; Wells et al. 2013; Plough et al. 2013; Cutter et al. 2008; Norris et al. 2008; Tierney and Bruneau 
2007; Masten and Obradovic 2007; Klein et al.2003; Paton et al. 2001). As will be demonstrated (and 
defined) later, community organizations are a manifestation and indicator of that community’s social 
capital. Some researchers suggest that bolstering a community’s organizations and social capital is 
intrinsically a disaster preparedness activity, increasing community resilience, and enabling them to 
better withstand a disaster’s social effects and facilitate the community’s recovery (Brown 2013; 
Demiroz et al. 2013; Gazley 2013; Rivera and Settembrino 2013; Berke and Campanella 2006; Berkes et 
al. 2003). Thus, disaster resilience is conceived of as a normatively “good” or “desirable” factor rooted 
partly in the pre-disaster social characteristics of a community and its organizations, and resilience can 
theoretically be improved through preparedness activities that focus on social aspects of communities 
and disasters (Buckland and Rahman 1999).  

Dynes (2002) lamented the lack of policies and programs that addressed the fundamental 
relationship between a community’s social health (through social capital) and a disaster’s effects. His 
definition for disasters best explicates their negative social effects on a community (Dynes 1997). His 
efforts helped move the field from defining disasters based on other characteristics, such as the agent or 
magnitude of destruction. He perceived an imbalance of attention paid to issues such as building codes, 
zoning laws, and other physical or structural concerns at the expense of policies that addressed social 
impacts. While these physical, structural, and local planning issues clearly have an important place in the 
discussion, Dynes suggested that policy makers were largely ignoring the equally important social aspect 
of disasters. The emerging paradigm of disaster resilience and its attention to a community’s social 
health (to include its community organizations) helps address Dynes’ concerns.  
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2.1.2 The Disaster Cycle and Its Phases 
 
The needs created by disasters require interagency and intergroup collaboration, and the 

framework used to organize and govern their participation is called emergency management. The 
disaster studies and emergency management communities recognize four standardized and widely 
shared disaster phases: preparedness, response, recovery, and mitigation (Drabek and Hoetmer 1991; 
Petak 1985). This dissertation focuses on the first three phases because the specific community 
organizations of interest to this research focus their activity and attention there; they are generally less 
engaged in mitigation.  

Disaster preparedness, response, and recovery are temporally defined relative to a disaster’s 
impact (before, during, after). Depending on a range of factors, including the characteristics of the 
disaster, the nature of its impact, and the duration of its effects, there can be some “gray areas” where 
the distinctions between the phases can become blurry (Chandra and Acosta 2010). The following 
descriptions characterize these phases.  

Disaster preparedness activities include (but are not limited to) disaster education and training, 
assembling emergency supplies, and conducting rehearsals/drills (Drabek and Hoetmer 1991). These are 
things done in anticipation of a disaster. Disaster response is focused on lifesaving activities and 
addressing short term humanitarian needs during or immediately following a disaster. These activities 
include search and rescue and first aid/medical treatment, but they also include feeding and sheltering 
people displaced from their homes by a disaster. Disaster recovery generally (but sometimes 
ambiguously) begins when the disaster and its effects no longer pose an immediate threat to human life, 
safety, and property. Recovery tasks include clearing debris, restoring basic community services, and 
reconstruction. They also include topics such as intermediate and long-term housing (when needed), re-
establishing social routines and functions, and so on. The goal is to allow a community to resume its 
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normal function. Disaster mitigation generally includes topics such as land use and zoning, building 
codes, and other issues that are meant to reduce the potential impact of disasters. While many 
community organizations engage in mitigation-related topics, those organizations are not prevalent in 
the study population.  

Disaster phase aspects relating to collective social recovery are of particular interest for this 
research. Human social recovery involves restoring or replacing social ties and interactions, counseling 
and case management services, helping people to restore their livelihoods, and other activities that 
focus on the social aspects of a disaster’s effects (Chandra and Acosta 2010; Mathbor 2007). Community 
organizations active in disasters might disproportionately impact human social recovery in comparison 
to preparedness and response. This is because many of them focus on providing social services.  

Each disaster phase can be broken down into multiple components or dimensions, and a 
government agency or community organization can contribute to emergency management through a 
variety of activities in one or more disaster phases. The National Response Framework (NRF) subdivides 
these phases based on tasks and responsibilities (DHS 2013). The NRF was first established in 2008 
(replacing older policies) under the management of the Federal Emergency Management Agency 
(FEMA). Organizational disaster activities and responsibilities are generally an extension of their non-
disaster mission, purpose, and capacity. For example, a local police department’s participation in 
emergency management would still be focused on law enforcement and related activities (whether 
before, during, or after a disaster).    

To understand a community organization’s role in disasters, it will be critical to understand their 
regular tasks and activities (whether solely related to disasters or not). It will also be important to 
understand where these fit into the disaster cycle phases (i.e., preparedness, response, and/or 
recovery). For example, a community food bank’s participation in disasters could be reasonably 
expected to focus largely on food and nutrition (their primary, non-disaster mission) regardless of the 
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disaster phase. Alternatively, a social services organization that provides client case management might 
be best suited to performing that specific task during disaster recovery. Understanding their routine 
activities/tasks (which are usually their strengths) against the framework of the disaster phase cycle will 
be fundamental when categorizing community organizations active in disasters.  
 
2.1.3 Social Capital Applied to Disasters 
 

Community organizations active in disasters exist and function within established social 
contexts. These are generally (or perhaps ideally) characterized by preexisting social ties with members 
of the community, other community organizations, and local government partner agencies. The social 
fabric of a community is best understood through social capital and social networks, as explained below.  

Social capital is “the aggregate of the actual or potential resources which are linked to 
possession of a durable network of more or less institutionalized relationships of mutual acquaintance 
or recognition” (Bourdieu 1985, p. 248). Note the importance of “institutionalized relationships” and the 
need to exercise them through a viable network. Primarily conceived of as an individual attribute or 
resource, a person (or an organization) uses social capital to access material aid, referrals and 
introductions, or other discrete benefits or resources (Lin 1999).  

Social capital is accessed through a social network (i.e., an identifiable and measurable network 
of associations, relationships, or interactions). Social ties within the network must be accessible for an 
individual or group to benefit from social capital (Putnam 2000; Halpern 2005). A disaster can disrupt or 
render useless social capital and the social ties through which it is accessed (Bland et al. 1997; Solomon 
1986; Drabek and Key 1976).   

Regarding the social aspects of disaster recovery, much attention has been placed on restoring 
or replacing social capital and social networks within affected communities (Chandra and Acosta 2010; 
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Varda et al. 2009; Mathbor 2007; Nakagawa and Shaw 2004). At the same time, disasters have also 
provided the opportunity for a reinvigoration of social capital and cohesion in disaster-affected 
communities (Zakour and Gillespie 1998; Form and Nosow 1958; Fritz and Williams 1957; Wallace 1956; 
Form et al. 1956). These ideas are fundamental to the socially-focused disaster definitions presented 
earlier by Dynes (1997) and Quarantelli (1995). 

Social capital’s benefits are available to an individual due to active membership in a group or 
association with others (Portes 1998). A corollary is that individuals associate with others for the 
purpose of being able to derive the benefits of social capital. In other words, individuals or groups can 
create a network for themselves from which they subsequently derive social capital (Burt 2000). The 
same is true for community organizations active in disaster (and the local government agencies with 
whom they partner) (Gazley 2013; Demiroz et al. 2013).  

Bourdieu (1986) defined and elucidated alternate forms of capital and their exchange (these can 
be applied to people or to groups). Different types of capital include social capital, physical capital, 
economic capital, cultural capital, human capital, and others. One form of capital can be exercised to 
gain another as long as the network ties through which the transaction would take place are intact and 
accessible. Social networks enable this exchange. The ability to gather and access resources (through 
capital) is critical to community organizations active in disasters (Gazley 2013).  

Remember, though, that disasters disrupt, overwhelm, and can possibly even break a 
community’s social network (Dynes 1997; Quarantelli 1995). In other words, the disaster disconnects 
people or groups from their social capital and networks when they need it most (during or after a 
disaster). We must therefore be mindful of the disaster’s effects on social capital and social networks.  
     Putnam (2000) considered social capital in this context primarily as a function of geography, and 
disasters directly affect geographically-defined communities. If an individual or group affected by a 
disaster receives assistance from an individual/group outside that area based on membership in a non-
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geographic community, then they are using a “bridging tie” to access social capital from a different 
social network outside the immediate, geographically-based social network (this relates to the “mutual 
aid” policies mentioned earlier) (Granovetter 1973). For example, a local food bank could reach out to 
its (non-geographic) community of other food banks for support to meet the needs produced by the 
disaster.  

Putnam (1993 and 2000) also spoke to moving social capital from an individual attribute to a 
collective attribute. He was very interested in the intersection of collective social capital and civil society 
because it is through networks of trusting and voluntary relationships that groups act collectively (for 
either mutual or altruistic benefit). This reaffirms the relationship between social capital and social 
networks, but now the idea is more definitively expanded to include community organizations (and by 
extension, the larger geographic community).  

Civil society is comprised of organizations that are neither government nor business entities 
(Salamon and Anheier 1992a and 1992b; de Tocqueville 1863). Civil society includes religious 
organizations, nonprofit organizations, cultural groups, charities and foundations, professional and 
social groups, and so on. These groups tend to voluntarily associate and aggregate their efforts based on 
affinity, shared interests, or for other purposes. For example, civil society groups with an interest in 
serving the homeless may form a social network (either organically or purposefully). In the case of 
community organizations active in disasters, this phenomenon is evident in the form of local Voluntary 
Organizations Active in Disasters (VOADs) and similar organizational collectives (e.g., Citizen Corps 
Councils and long term recovery groups) focused on disaster topics.  

Voluntary Organizations Active in Disasters (VOADs) are a formal institutionalization of the social 
ties among community organizations active in disasters (Egan and Tischler 2010; Wieland 2009). They 
provide an intergroup social networking mechanism to allow communication, cooperation, 
collaboration, and coordination related to disasters. In other words, they are one of the civil society’s 



20  

responses to the threat and effects of disasters on their communities. They are not just an organic 
manifestation of collective social capital; they are created with the express intent of building a social 
network through which social capital can be generated and can flow for the benefit of member 
organizations and those they serve (i.e., the community). This is exactly in line with the theoretical 
predictions of Bourdieu (1986) and Portes (1998) — deliberately creating and institutionalizing social ties 
for the purpose of both creating and sharing social capital within a defined social network. This 
reinforces Putnam (1993 and 2000) regarding the re-conceptualization of social capital from an 
individual attribute to a collective attribute. VOADs were instrumental to this research, and they are 
elaborated upon further in the next section.  

First, the idea of collective social capital will be explored further. Kawachi and Berkman (2000) 
studied the effects of collective social capital on general health, but there are important implications in 
their study relevant to disasters. By linking social capital and social cohesion, they demonstrated how an 
individual’s social capital was not just a resource for that person with regard to health outcomes. In fact, 
any individual within a sufficiently cohesive community, regardless of their personal social capital, could 
benefit (directly or indirectly) from that community’s collective social capital. The preexistence of high 
social cohesion of the community, though, was critical for this process to occur.  

This suggests that the implicit prescription for improving collective social capital is to develop 
individual social capital among a community’s members (again, the unit of analysis for “member” can be 
individuals or groups). This can be accomplished by increasing or enhancing social network ties. One key 
measure of social capital is per capita membership in a community’s voluntary organizations (Kawachi 
and Berkman 2000). Interestingly, these ideas can be directly linked to the concept of disaster 
mitigation, but a separate follow-on research effort would be needed to explore that topic.  

Thus, we have come full circle to the ideas presented above by Bourdieu, Portes, Putnam, and 
others. If individuals (or groups) create or improve their social ties, then they can both increase their 
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own social capital and the collective social capital in the community. In turn, this collective social capital 
can be directly or indirectly redeemed by individuals (or groups) in the community regardless of their 
“personal” social capital.  

Following Kawachi and Berkman (2000), the effective restoration or resilience of a community’s 
effective social function after a disaster would be dependent on the ability of individuals and groups in 
the community to access or replace their pre-disaster social capital (Varda et al. 2009; Buckland and 
Rahman 1999; Drabek and Key 1976). This presumes that the pre-disaster levels of individual social 
capital, social cohesion, and collective social capital were sufficiently high in the first place. Thus, 
expanding social capital and social networks among individuals and organizations before a disaster 
increases a community’s resilience after one.  
 Understanding and analyzing the discrete characteristics of community organizations active in 
disasters is only part of the equation. The preexisting social capital and social networks of these 
organizations also need to be understood. A significant component of that social fabric is their 
participation in collaborative mechanisms, such as VOADs. 
 
2.1.4 VOADs and Other Collaborative Entities 

 
VOADs (Voluntary Organizations Active in Disasters) require special attention because their 

mere existence affects the successful development of an organizational taxonomy. They are also 
instrumental to the data collection process (Chapter 3). VOAD is the oldest and predominant model in 
the United States for organizing networks of community organizations active in disasters at the national, 
state, and local levels. State and local VOADs have proliferated under the aegis of the National VOAD, 
which was formed in 1970 (NVOAD website). They are ubiquitous but not universal. Other collaborative 
models include local Citizen Corps Councils, Long Term Recovery Groups (LTRGs), and Community 
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Agencies Responding to Disaster (CARD). These organizations sometimes coexist with VOADs in the 
same geographic areas, and VOADs also form and manage and LTRGs within their service areas (NVOAD 
Manual 2012). CARD organizations have been essentially subsumed into the VOAD paradigm (e.g., San 
Francisco CARD is the local VOAD for San Francisco, and it is identified as a VOAD even though CARD 
originally represented an alternative model for collaboration).  

VOADs exist to foster cooperation, communication, coordination, and collaboration among 
community organizations before, during, and after disasters (NVOAD website; Wieland 2009). They can 
also facilitate and manage relationships between community organizations and local government 
agencies (Brudney and Gazley 2009). The nature and quality of a VOAD’s relationship with local 
government agencies vary, as do their activity levels, the size and scope of their composition, etc.  

While VOADs are unified by shared purpose and vision, they manifest differently in each 
jurisdiction. In many cases, local VOADs exist merely in the form of an ad hoc committee comprised of 
member organizations (i.e., they are not incorporated as entities). They can also exist as nascent 
organizations under the stewardship of a well-established, incorporated community organization. In 
their idealized form, VOADs are full-fledged, independent, and incorporated organizations that initiate 
and manage collaborations among community organizations active in disasters in partnership with local 
government agencies.  

The lack of standardization among VOADs and VOAD-like organizations makes it difficult to 
classify them (there are shared guidelines and standards, but implementation is not standardized). 
Appendix B provides partially analyzed data regarding VOADs that was developed as part of this 
research effort. Additional unanalyzed data are available for follow-on research about VOADs   

One common VOAD goal is to expand its membership, increasing the local population of 
community organizations active in disaster and making a better organizational network. Other priorities 
include pre-disaster networking, planning, and capacity building. Another critical function is to maintain 
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effective relationships with local government agencies.  The taxonomy for community organizations 
active in disasters can also be used as an evaluative mechanism for the VOADs to which they belong.  

Other common models of collaboration are Citizen Corps Councils and Long Term Recovery 
Groups. Citizen Corps Councils are usually formed and operated under the auspices of local emergency 
management agencies (i.e., they are led by these agencies). While not quantified by this research effort, 
their membership anecdotally includes a higher proportion of representatives from local government 
agencies and prominent community organizations with significant resources, capacity, or other 
noteworthy characteristics. In contrast, many VOADs seek to increase the participation of more 
community organizations, including those that are not traditionally active in disasters, and they are run 
by the community organizations. VOADs and Citizen Corps Councils sometimes coexist and have 
overlapping membership.  
 Long Term Recovery Groups (LTRGs) help restore communities after a disaster. They generally 
work with or include FEMA disaster recovery specialists, local government agencies and elected officials, 
and community organizations. In 2009, an LTRG in the City of Los Angeles was comprised of three types 
of organizations: (1) county VOAD members which had an established a history of working together on 
disaster issues; (2) smaller community-based organizations from the specific disaster-affected 
community who had little or no experience working with disasters or the county VOAD members; and 
(3), new organizational partners who were recruited into the LTRG even though they had little prior 
experience with disasters or with VOAD members (disasters often stimulate new partnerships, as further 
documented in a forthcoming section) (Stajura 2010). LTRGs can also be formed in communities with no 
VOAD, or they can be formed or operated as committees or working groups within a VOAD.  

These examples help establish the range of variation in organizational collaborations regarding 
disasters. These entities modify the local organizational ecology and social networks by their mere 
existence (as discussed in the preceding section), and they were essential to the forthcoming research 
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methods (Chapter 3). VOADs and related organizations can actively employ the proposed taxonomy to 
assist with recruitment, planning, response, and other activities. One implicit mandate of VOADs has 
been to bring order out of the chaos produced when myriad uncoordinated community organizations 
engage in self-directed disaster activities (Brudney and Gazley 2009; Wieland 2009). Researchers can use 
the taxonomy to better study VOADs with consideration to social capital, social networks, inter-
organizational dynamics, and organizational ecology.  
 
2.2 Communities, Sub-Communities, and Community Organizations 

 
A range of Federal and state policies mandate standards for emergency management programs 

and policies (DHS 2013; Murhpy 2007; Drabek and Hoetmer 1991). Local jurisdictions are responsible for 
implementing and managing their disaster and emergency functions. While policies and plans matter, 
ongoing organizational relationships are the primary means by which emergency management functions 
are accomplished (Brudney and Gazley 2009; Harris and Clements 2007; Murphy 2007; Waugh and 
Streib 2006; Wegner et al. 1986). These are rooted in a community’s social capital and social networks 
among government agencies and community organizations (both intra- and intergroup). Community 
organizations are an integral part of this social fabric.  

This study limits the definition of “community” to a geographically coherent population, usually 
defined by the political jurisdiction of a city or county. In addition to the sociological arguments 
presented earlier, this is because local government agencies (e.g., county or city) develop and 
implement policies, plans, and procedures based on their political boundaries (Drabek and Hoetmer 
1991; Perry and Nigg 1988).  
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Other valid definitions for “community” are also worthy of consideration. Communities can be 
alternatively defined by race/ethnicity, socioeconomic status, religion, affinity, or a variety of other 
important factors. These will be referred to as sub-communities within a geographic community.  
 
2.2.1 Vulnerable Sub-Communities 
 
 Researchers who study the effects of disasters on vulnerable populations consider a wide range 
of demographic and socioeconomic variables, many of which are used for identifying or studying non-
geographic communities (Marsh 2001). Vulnerable populations are disproportionately affected by a 
disaster’s effects (Bolin 2007; Delica-Willison and Willison 2004; Cutter et al. 2003; Comfort et al. 1999). 
A great deal has been learned from this line of research, but these sub-communities and any potential 
for increased disaster vulnerability are relevant to this dissertation in one specific way.  
 Many community organizations active in disasters either largely focus their services on or are 
comprised of people from a vulnerable sub-community. Sometimes this is intentional. In other cases, 
other social forces might establish a vulnerable population as an organization’s client population. Either 
way, these issues may reveal useful information about the community organization.  

In some cases, a community organization might serve the needs or interests of a specific group. 
The organization’s mission and purpose are shaped by its relationship with and the needs of its client 
community. Alternatively, a community organization might provide a particular service but not target its 
service towards any particular subpopulation. However, socioeconomic influences might predictably 
lead to a situation where that organization disproportionately serves certain vulnerable populations.  

The demographic and socioeconomic characteristics of a community can clearly influence the 
composition of an organization’s staff and volunteers, its clients, and the services that it provides. For 
example, if the client population primarily speaks a language other than English, then the organization’s 
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staff might be more likely to have fluency in that language. Alternatively, this can speak to their 
membership in a different non-geographic community. For example, faith-based organizations could be 
expected to have staff and volunteers disproportionately affiliated with the same faith. We will find 
more Baptist volunteers serving with the Baptist Convention than Methodists. In most cases, these 
organizations (whether faith-based or not) will provide their services regardless of the demographic or 
socioeconomic characteristics of those receiving the assistance. However, learning more about the 
membership of an organization as well as any discernible characteristics of the population it serves 
might prove very useful when creating a taxonomy for community organizations.   
 
2.2.2 Defining Community Organizations 

 
There are multiple research- and policy-based definitions for community organizations. Most of 

the relevant publications already cited provided different operational definitions, and they are not 
always consistent or complete. This section provides and comments on other research or policy 
definitions for community organizations that are relevant to this research. As will be elaborated upon in 
Chapter 3, the very simple and pragmatic definition used to define community organizations for this 
study was essentially “any entity listed as a member belonging to a VOAD” that is not a government 
agency/department. This operational definition proved to be very consistent with the following 
definitions.  

A workbook published by the Centers for Disease Control and Prevention (CDC) that is used to 
train public health emergency planners defines a community-based organization as a “nonprofit that 
provides social services” (CDC no date). This definition is less-than-accurate or complete. The State of 
California Emergency Management Agency (2009) provides much more detail in their definition for a 
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community-based organization (CBO), but from a researcher’s perspective the improvement is small 
with respect to its analytical utility, and it is still an incomplete definition: 

A local organization (which may or may not be an affiliate of a national organization) with a primary mission to provide services to specific groups of people. This could include services to people who are developmentally disabled, homeless, low-income elderly, non-English speaking, or others. CBOs are usually nonprofit organizations. Most have a 501 (c) (3) tax-exempt status from the Internal Revenue Service. Some may have the nonprofit status from the Franchise Tax Board. In size, they range from all volunteer organizations that get by on virtually no budget, to multi-million dollar operations.  
Similarly, faith-based organizations (FBOs) have a broad definition: “[c]hurches, synagogues, 

mosques, church sponsored service agencies, and all charitable organizations with religious affiliations” 
(CDC no date). Another government document expands the faith-based organization definition by also 
including “a nonprofit organization founded by a religious congregation or religiously-motivated 
incorporators [emphasis added] and board members that clearly states in its name, incorporation, or 
mission statement that it is a religiously motivated institution” (Center for Faith and Service no date).  

Based on these definitions, therefore, a Venn diagram of CBOs and FBOs would be forced to 
overlap, thus making the distinction between CBOs and FBOs less meaningful. However, a large number 
of government agencies and researchers make a distinction between CBOs and FBOs as if there were 
some relevant difference with regard to disasters. There may be a difference, but it can only be 
identified by using and applying better definitions.   

Kearns et al. (2005) were particularly focused on the differences between local, 
congregationally-based FBOs and larger, independently-incorporated FBOs. They documented a 
proliferation of large FBO involvement in disasters following a Bush administration policy decision that 
encouraged increased involvement and capacity building for the independently-incorporated FBOs that 
competed with secular CBOs for grant funding and other resources.  Clearly, not all FBOs are created 
equally. We frame our understanding of these organizations as local churches or collective groups (e.g., 
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dioceses, conventions, or presbyteries), but that does not reflect the full reality of this organizational 
population. This understanding will prove essential for classifying the organizational population.  

As a result of imprecise definitions, any community organization that chooses to become active 
in disasters has only one of two typologically-defined buckets into which it can be placed for analysis 
(i.e., CBO or FBO), and it is clear from numerous examples that these definitions can overlap. While it is 
a good thing to see community organizations formally acknowledged in government policy documents 
about disasters, the definitions provide little clarity or utility. An effective taxonomy for community 
organizations active in disasters is long overdue. It will provide a basis for quantitatively-defined and 
supported classification rather than using simple and imprecise typological terms.    
 
2.3 Prior Research Regarding Community Organizations Active in Disasters 

 
The grandfathers of disaster sociology acknowledged the presence and important role of 

community organizations following disasters. Wallace (1956) described how community organizations 
asserted their role following the Worcester tornado (to the chagrin of public agencies, to some degree). 
He also observed signs of intergroup conflict among these organizations as they attempted to fulfill their 
self-identified roles, especially with regard to “external” civil society organizations which came to 
Worcester. The same tensions are still evident today in communities across America.  

Fritz and Williams (1957) gave a compelling and eloquent account of how post-disaster 
collective community response leads to social solidarity, which in turn can lead to conflict with “outside” 
response and relief groups who converge on a disaster-affected area to provide aid (mirroring both the 
observations in Worcester and in Stajura 2010). Anderson (1965) and Clifford (1955) also reported on 
the critical role of community social networks and community organizations in disasters. These topics 
were well-understood in the early days of disaster studies.    
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This is not a new line of inquiry, but there were fewer reported mentions of community 
organizations in the disaster literature between 1970 and 2000. Encouraging signs of this research 
tradition returning are evident among Chandra and Acosta (2009), Joshi (2010), Eikenberry and Cooper 
(2012), and many sources already mentioned. These authors all call attention to the important 
contributions of community organizations active in disasters. The disaster resiliency movement has 
seemingly reinvigorated some interest in them.  

Local community organizations are part of a community’s social network, a representation of 
local civil society, and inherently both a manifestation of and a conduit of collective social capital. In 
some cases, their inter-organizational social ties might be latent or obscured, but these organizations 
are rarely independent or removed from their local organizational ecology and networks. Few 
researchers have sought to explicitly quantify and understand the local social ecology of community 
organizations active in disasters. Such research (generally) either characterizes these organizations and 
their relationships in broad terms, or it focuses on specific organizations (effectively isolating them from 
their social context).    

A few studies examine how disasters precipitate the emergence of new community 
organizations or organizational networks. These studies seemingly undervalue pre-disaster networks or 
preexisting social ties among community organizations. For example, Topper and Carley (1999) discuss 
the “spontaneous” emergence of network organizations following crises. It is true (and well-
documented) that disasters and other community crises lead to new groups or coalitions. Stallings and 
Quarantelli (1985) further described how emergent groups that assert a role in community disasters can 
complicate things for both government agencies and previously-established community organizations. 
Whether they are newly formed or not, this is how civil society groups react to collective concerns 
(Murphy 2007; Waugh and Streib 2006; Wegner et al. 1987; de Tocqueville 1863). However, these 
groups do not form in a social vacuum.  
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New groups or coalitions emerge from a legacy and network of earlier organizations. Existing 
groups can fold, merge, or evolve as the environment within which they operate changes (Hannan and 
Freeman 1977). A relevant example is the Emergency Network Los Angeles (ENLA), the Los Angeles 
County VOAD, which was formed soon after the 1994 Northridge Earthquake. Rather than being an 
entirely new organization, it was pragmatically a merger and adaptation of earlier community 
organization coalitions, such as the Los Angeles Action Network (Stajura 2010). Influenced by locally-
elected officials, ENLA was incorporated after the earthquake as a means to capture a wave of donated 
disaster relief and recovery funds. In other words, the founding of ENLA was a directed organizational 
adaptation in response to the earthquake. A similar process occurred in Santa Barbara County, CA 
following wildfires in 2008 and 2009.  

The essential point here is that these organizations have antecedents, are deeply rooted in pre-
existing networks (even if such networks are latent), and are influenced by larger evolutionary and 
environmental forces and motives relating to organizations. Thus, there is academic value to 
understanding the organizational ecology of a community. That cannot be systematically investigated 
without a taxonomy.  

The frustrations expressed by government agencies when dealing with community organizations 
active in disasters are supported by experience. On one hand, conflict might arise due to perceived role 
legitimacy. On the other hand, well-intentioned community organizations have complicated and 
hindered many disaster response efforts. This is basically a function of disaster convergence, where the 
uncoordinated and haphazard activities of community organizations create what some refer to as a 
“second disaster” (Fritz and Matthewson 1957). Indeed, the National VOAD movement was founded by 
leading disaster relief organizations because they identified this very problem during their efforts to 
respond to a Florida hurricane (Egan and Tischler 2010; Wieland 2009). While the problems associated 
with convergence or relationship difficulties still persist today, these are not unsolvable problems. 
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Brudney and Galey (2009) acknowledged that government agencies poorly understand community 
organizations active in disasters, and this affects their policies and relationships.  

Several useful and more encouraging findings have emerged from contemporary research about 
community organizations active in disasters. For example, Kapucu (2006) argued that community 
organizations responding to the 9/11 terrorist attacks “spontaneously” filled a critical service void that 
local government agencies were unable to fulfill due to the demands placed on them by the disaster. 
Specifically, the community organizations provided a range of social services to meet the basic needs of 
New Yorkers affected by the attack.  

Indeed, many argue that community organizations play important roles during disasters to 
assist, augment, or even replace the roles of government agencies (FEMA 2011; Egan and Tischler 2010; 
Kapucu 2006). It is in the interest of government agencies to better understand these community 
organizations for the purpose of working more effectively with them. This again underscores the 
pragmatic need for a taxonomy.  

In a different study, Wineman et al. (2007) concluded that health centers that did not 
coordinate with community organizations in vulnerable communities prior to disasters were not only 
passing up on a potential resource, but they were placing these communities at increased risk to a 
disaster’s effects. In other words, the lack of a relationship with community organizations was the cause 
of a potential harm. This reframes an important concept introduced earlier by Kawachi and Berkman 
(2000), who considered the potential community health benefits to be derived from collective social 
capital. Wineman et al. (2007) invert this with a new corollary, suggesting that there is harm caused to a 
community’s health with insufficient collective social capital and inter-organizational social ties.  

The next two studies illustrate how the purposeful and proactive inclusion of community 
organizations by local government agencies led to more trusting and satisfying local disaster 
preparedness collaborations. Kapucu (2008) studied Florida communities directly threatened by multiple 
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hurricanes during one season, precipitating active outreach by local government agencies to their 
community organization partners. Paige et al. (2010) studied the relationship building effect of 
collaborative pandemic flu planning and response exercises in King County, Washington. In both cases, 
substantive and task-oriented interaction among local government agencies and their community 
organization partners brought them closer together.  

The same effect was reported in Topanga Canyon, an unincorporated part of Los Angeles County 
that is highly vulnerable to natural hazards. A meaningful partnership between community organizations 
and government agencies was forged by simply being forced to work together (Stajura 2010; T-CEP 
website). When the Topanga Canyon community leaders pushed for collaboration, government agency 
representatives expressed reluctance and pessimism about the endeavor. However, a series of joint 
disaster response activities (focused on evacuation planning) strengthened their relationships. The 
result was a better-prepared community coupled with active organizational partnerships. One 
underlying reason for the reluctance of government agency partners was the simple fact that they did 
not understand these community organizations and had no experience partnering with them.  

Mirroring the reluctance described above, Varda et al. (2008) reported that many public health 
managers were disinclined to initiate or pursue partnerships with community organizations. They 
focused on the inability to tie measurable health benefits and outcomes of collaborative endeavors to 
the significant staff time and resources needed to develop and maintain collaborations. While the 
resources required to create and sustain these relationships clearly matter, perhaps the benefits of 
partnership need to be reframed. Varda et al. (2008) provided recommendations that discouraged new 
partnerships and stated that health departments should only invest the minimum required staff time to 
meet their predetermined health outcomes.  

This is in direct opposition to the findings of Kapucu (2008), Paige et al. (2010), and Brudney and 
Gazley (2009), who demonstrated the benefits of new relationships between local government agencies 
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and community organizations for addressing disasters. In these cases, previously undefined benefits 
were realized as a result of new relationships, and they might not have been achievable if the 
government agency partners had entered the collaborations with narrowly defined and predetermined 
objectives. Stajura et al. (2012) also supported these findings, reporting that many community 
organizations considered themselves as untapped resources for community disaster activities. This was 
largely because of the perception that local health departments self-limited their interactions with 
community organizations (as if they had been taking the advice offered by Varda et al.).  
 Several key points should be taken from this section. First, community organizations will 
continue to play an important role in disasters that affect their communities. Second, these 
organizations exist within a discernible social ecology of community organizations. Third, community 
organizations fulfill an important social function regarding disasters that government agencies either 
cannot or are not well-suited to serving. Fourth, it is in the interest of local government agencies to 
actively partner with and better understand community organizations. These points underscore the 
need for a taxonomy of community organizations active in disasters.  
 
2.4 Elements toward an Organizational Taxonomy 
 
 This section begins with a brief discussion of organizational ecology and then provides a general 
introduction to typologies and taxonomies. It then moves on to prior research regarding organizational 
taxonomies. Where relevant, emphasis is placed on key ideas and findings that could inform the 
development of a taxonomy for community organizations active in disasters.  
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2.4.1 Organizational Ecology and Niche Theory 
 
 Community organizations are subject to social-ecological influences and considerations. Their 
behavior and interactions with community members, other community organizations, and local 
government agencies occur within a social context. Organizational ecology (inspired by other fields) 
quantifies and seeks to understand organizational birth, behavior, development over time, and death 
(Hannan and Freeman 1977) in that context. The primary applications of organizational ecology have 
been in competitive, for-profit organizational environments. There are, however, lessons relevant to 
community organizations active in disasters. These organizations self-identify themselves through their 
actions (not necessarily their mission statements), but they express a diverse array of organizational 
characteristics. The ecology of these organizations cannot be properly studied without a method for 
classifying them, reinforcing the need for a taxonomy.  
 Niche theory is a subset of organizational ecology that is particularly relevant to the population 
of interest. It examines an organization’s choices about specialization or generalization regarding 
activities and services within a given environment (Hannan and Freeman 1977). In our context, the 
disaster cycle provides us with a ready-made framework for categorizing these activities and services by 
phase (i.e., preparedness, response, or recovery). The taxonomy will seek, in part, to demonstrate the 
degree to which community organizations active in disasters chose to specialize in certain disaster-
related activities or services. This is a measurable behavior related to organizational function.  
 Community organizations express task and role variation within the niche of disaster services. 
Some offer services exclusively focused on disasters because this the exclusive reason for their 
existence. Others perform particular social services all of the time, which makes them more apt to apply 
those services to the context of disasters. Some community organizations offer an array of services 
(organizational literature refers to these organizations as “generalists”), while others specialize in 
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narrowly-defined services. They can also focus their activity on other criteria, such as specialized 
knowledge in a particular sub-community.    
 Researchers, policy makers, and practitioners would benefit from a means for holistically 
understanding and analyzing this population of organizations and its ecological niche(s). Niche theory 
moves the conversation forward, setting a foundation for an organizational taxonomy that considers 
task generalization or specialization.  
 
2.4.2 Brief Introduction to Typologies and Taxonomies 

 
Typologies and taxonomies are used to define, name, describe, and classify members of a 

population based on shared characteristics. They are widely used for dozens of purposes, from 
information management to classifying animals, plants, or rocks. Typologies and taxonomies have been 
documented for thousands of years, speaking to the human need to categorize and classify things. They 
are a foundational element of many sciences because they provide the basis for quantifying and 
understanding distinctions in any population (Bailey 1994). Even simple tools such as scales (e.g., even 
the moment magnitude scale for earthquakes) are a de facto means of classification. They enable the 
externally valid comparison of objects and groups in a population by providing a commonly shared 
framework and basis of comparison. 

The word “typology” derives from the Greek word “tupos”, which means “sort” or “type”. It 
refers to pattern and conformity. Typologies conceptually group entities based on largely intuitive 
processes, and they often apply casually observed or presupposed (and often un-vetted) characteristics 
to differentiate groups. This is closely linked to Grounded Theory on several levels (Star 1998). While 
quantitative rigor may be applied to typological development, it is absent in many cases.  
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The word “taxonomy” derives from the Greek work “taxis”, which means “arrangement”. 
Tracing the etymology back further, “taxi” is a literal yew tree (this helps explain why taxonomies are 
depicted and described as trees). Taxonomy is the science of classification, or ordered arrangement. 
Good taxonomies are built using quantitative and systematic processes to differentiate groups based on 
measured (not assumed or un-validated) characteristics.  

The measured characteristics/dimensions used in a taxonomy are often first nominated by 
typological distinctions. In other words, taxonomies represent an evolution beyond typologies. Likewise, 
the rigor applied to taxonomies can inform and shape the typological understanding for any given 
population. Thus, taxonomies and typologies are intrinsically connected. The key difference is that 
taxonomies apply more rigor. Regardless, the classificatory approaches inform each other. Ideally, this is 
not a static or one-time consideration. In other words, the interplay and feedback between typology and 
taxonomy should continue to inform each other and evolve based on factors and considerations 
regarding the population being classified.  

Bailey (1994) describes taxonomies as both a process and a result. In other words, the act of 
classifying and the decisions made in that process have a strong influence on the taxonomy that is 
ultimately created. Further, a taxonomy is a means towards creating scientific knowledge and not an 
end in itself. The value of a taxonomy lies in its application. Typologies and taxonomies also serve a role 
similar to theory; they provide a framework for hypothesis development and testing quantitative 
relationships (Star 1998). This paragraph best summarizes the motivation of this research effort (applied 
to community organizations active in disasters).   

As Bailey (1994) notes, classification systems are so pervasive and fundamental that they are 
often taken for granted or ignored. Perhaps worse, an existing classificatory system might sometimes be 
presumed effective or not be thoroughly evaluated. The taxonomy needs to be functional, accurate, and 
faithful to the needs of those using it. A taxonomy must also demonstrate the ability to evolve as both 
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the population being studied and research needs evolve (i.e., it must also be current). However, the art 
of creating taxonomies is actually poorly understood (or perhaps forgotten).  

The following hallmarks describe a good taxonomy. Objects classified to the same groups are 
mathematically coherent based on measurable characteristics. Members of each group are 
quantitatively homogeneous based on the chosen criteria, and the groups are quantitatively 
heterogeneous (Bailey 1994). Factor and cluster analyses are the main methods to accomplish this goal. 
The basis for quantifying intra-group homogeneity and intergroup heterogeneity is usually Euclidean 
distance using quantified traits. Many taxonomies reviewed prior to this research effort expressed the 
traits in binary terms (often transforming non-binary data, when needed).  

A hierarchical taxonomy’s groups are intended to be mutually exclusive and exhaustive; there is 
(ideally) no overlap of characteristics between groups, and the range of groups covers the entire 
population (Bailey 1994). Furthermore, an object in a population can be assigned to one and only one 
group. When dealing with animals, this is rather straightforward: mammals and reptiles are absolutely 
not the same, and there is no crossover.  

Community organizations active in disasters may be different. Organizations are not always so 
easily distinguishable, especially when the goal is to subdivide interrelated and self-identified 
organizations that fill the same ecological niche. As a simple example, how will Catholic dioceses and 
parishes (religious organizations) be clustered in comparison to Catholic Charities (a charitable 
organization)?  

In contrast to a hierarchical taxonomy, an overlapping taxonomy allows for overlapping traits or 
overlapping group membership. Objects in a population can belong to more than one cluster. Other 
factors involved in the classificatory process include the number of traits used for sorting objects. Should 
clustering be based on a polythetic or parsimonious set of traits? These questions and considerations 
would shape the methods used to classify the population of interest.  
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In other words, there is an exploratory aspect to classification. This is a standard methodological 
practice when using cluster analyses for the purpose of classification, as presented by Ferreira and 
Hitchcock (2009). They compared, evaluated, and endorsed the approach of using varied and iterative 
clustering methodologies to determine the best possible solution (of several options) for any specified 
purpose, population, and type of data.  

Inherent in the nature of varied and iterative clustering models is a built-in mechanism for 
ensuring reliability. The forthcoming chapters that present the methods will provide more detail, but the 
point is simple. By producing and comparing many sets of results using varied methods and model 
permutations, it is easier to objectively identify and quantify patterns. Results can be quantitatively 
compared. Changes in results can also be attributed to specific permutations as the models evolve.  

In this light, the exploratory nature of classification and the availability of alternative approaches 
and methods allow for many sets of classificatory schemes that can be evaluated against each other. 
These considerations provide a mechanism for reliability, but they also allow for choices. In other words, 
before finalizing any classificatory scheme, the real issue is discriminating among varied sets of results to 
choose best-fit approaches that provide meaning-in-context. The meaning-in-context for taxonomic 
classification can be provided by typological understanding, thus reinforcing the degree of interaction 
between these two ideas. There is one added implication to all of this that is profoundly important. 
When comparing varied sets of results, the marginal differences among them take on more meaning.  

 
2.4.3 Organizational Taxonomies 

 
Haas and Drabek (1973) and McKelvey (1975), argued that effective taxonomies were required 

for consistently measuring accurate and reliable differentiations among organizations for the purpose of 
scientific inquiry (in line with Bailey 1994). They pointed out weaknesses with earlier organizational 
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taxonomies and suggested several improvements. Furthermore, they emphasized that an effective 
taxonomy would enable the pursuit of new research questions and scientific discovery (in line with Star 
1998).  

Haas and Drabek (1973) felt that most contemporary organizational classification systems were 
based on intuitive and convenient classificatory criteria at the expense of rigorously selected and tested 
criteria. Their complaint can also be rephrased as follows: they wanted to move past organizational 
typologies in order to establish taxonomies. In other words, they could have been commenting on the 
current state of classifying community organizations active in disasters. Quantitative classification 
depends on the academic rigor used to develop the classificatory groups. Thus, the process must move 
past the intuitive selection of dimensions for classification.  

This does not mean that the typological or taxonomic criteria cannot be “convenient”; rather, 
any classificatory criteria — convenient or otherwise — must be tested to ensure they are valid and 
appropriate for achieving their purpose. This process of vetting the classificatory dimensions helps us 
move from a typology to a taxonomy. The topic of “convenient” criteria will be revisited when discussing 
a taxonomy’s ease of use.  

McKelvey (1975) created ten guidelines for taxonomies that would allow for the meaningful 
multivariate analysis of organizations. He observed that prior taxonomies were inadequate for this 
purpose, and this was hindering the field of organizational studies. His guidelines were thorough and 
complete, but then he realized, by his own admission, that some of his guidelines were unrealistic and 
unwieldy. In other words, he was writing about ideal considerations for an ideal taxonomy. These were 
impossible to achieve in the real world, but his guidelines still provided an azimuth for researchers to 
follow and a goal worthy of aspiration.   

According to McKelvey, a taxonomy must balance rigor with pragmatism. If it is not easy to use, 
then it may not be used at all. The classificatory criteria must still be thoroughly tested, but in the 
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context of this dissertation, it means that the information has to be relatively accessible (both literally 
and conceptually). McKelvey’s goal and his points are well-taken, though. To be scientifically useful, the 
rigorously-tested taxonomic classifications must allow for the pragmatic application of systematic, 
multivariate analysis.  

When considering the range of potential classificatory dimensions for community organizations 
active in disasters, we must start with the dimensions that are comparatively easy to access (as long as 
they are meaningful and valid). This does not mean that other measurable dimensions are not 
important. It boils down to the cost-benefit ratio of what can be learned from easily-observed and 
easily-quantified dimensions compared to the effort exerted to pursue elusive or latent dimensions. We 
should not sacrifice good data in pursuit of the best or perfect data. As the taxonomy evolves, the 
classificatory dimensions or data currently beyond reach can be added. Other researchers have 
confronted this specific problem, acknowledging that a great deal of desirable organizational data are 
beyond practical reach (Lampkin and Boris 2002; Boris and Mosher-Williams 1998).  

Multiple typological dimensions should be nominated and evaluated for classificatory purposes, 
but the quantitative results should then determine which dimensions are most salient. A related 
question speaks to the number of traits or characteristics that should be used for classification (i.e., few 
or many). The quantitative methods and results are best suited for answering that question, but one 
convention is that it is easier to ensure mutually exclusive classification when using fewer traits. When 
more traits are used in the classificatory process, there is greater opportunity for overlap in the 
assignment of objects to groups (i.e., not mutually exclusive groups) or for trait overlap across groups. 
The degree to which this may or may not be appropriate depends on the population being classified, its 
characteristics, the needs of those using the classificatory scheme, etc. In other words, it depends.  
  



41  

2.4.4 Prior Attempts to Create Nonprofit Organizational Taxonomies 
  

The challenges of prior researchers attempting to make organizational taxonomies are described 
here for the purpose of learning from them. This section presents the most relevant subset of 
publications useful for this research endeavor, but other sources that are not reviewed below support 
and expand upon the same themes (Vakil 1997; Sanchez 1993; Carper and Snizek 1980; Mills and 
Marguilies 1980). The point is that there is ample evidence of themed, repeating challenges faced by 
researchers who have attempted to classify nonprofit organizations. The first two studies to be 
presented deal with the problem of defining the organizational universe/population based on 
classificatory criteria that were initially deemed promising. 

Citing the Reagan administration’s systematic withdrawal of government agencies from social 
welfare service delivery programs, Gronbjerg (1989) sought to classify nonprofit organizations that 
provided social services as part of an effort to see how they might best fill the void created in social 
services delivery. However, she had difficulty establishing a universe of nonprofit organizations from 
which to draw samples, in part because they differed widely in activity levels and social impact. There 
was a rapid proliferation of new nonprofit social services organizations as a result of Reagan’s policies, 
but many of these organizations existed only on paper. Thus, there was not a mechanism in place (e.g., a 
taxonomy) to study the rapidly changing population, and it proved impossible to establish a taxonomy 
while the ecological shift was underway.  

Hodgkinson (1990) hoped to assess the social services activity level of these same nonprofit 
organizations by examining the financial activity reported on their Internal Revenue Service (IRS) 
documents, but this did not work. Over two-thirds of the reported nonprofit financial activity was 
conducted by hospitals, universities, and private foundations (i.e., Hodgkinson was unable to determine 
what portion of their financial activity was devoted to particular activities, programs, and services). Also, 
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over half of the social service delivery organizations of interest were exempt from filing revenue forms 
because of their low revenue.  

These endeavors failed to successfully populate a universe of organizations from the data 
sources available to them. Similar problems apply to community organizations active in disasters. 
Community organizations active in disasters represent a wide range of organizational types and sizes. 
They have unreliably documented activity levels and impact, and they also have hard-to-access and/or 
highly confounded financial information. Civil society organizations become active in disasters based on 
their choice to do so, and by no other criterion. What they do and how much they do it are completely 
up to them. Regarding their financial activity, it is pragmatically impossible to reliably dissect and 
analyze the budgets of many organizations to see how much funding they actually devote to disaster-
related activities, services, and programs (many organizations provide disaster services adjunct to their 
primary mission and purpose).  

In one of the more lengthy attempts to classify nonprofit organizations, Salamon and Anheier 
produced a 100 page, two-part publication (1992a and 1992b). They attempted to create a taxonomy 
for all international nonprofit organizations (a clearly enormous undertaking). Their effort produced 
several very important insights relevant to this dissertation.  

Salamon and Anheier (1992a and 1992b) determined that “structural/operational” 
characteristics were the best available means for classifying organizations. Rephrased, this speaks to 
how an organization organizes itself internally for the purpose of fulfilling its external mission. However, 
they had hoped to use functional characteristics, classifying organizations by what they actually do (i.e., 
the external mission and purpose). Functional classification proved as elusive as the Holy Grail.  

The functional approach failed for two main reasons. First, organizations in their dataset self-
defined and self-reported their functions, thus producing an unmanageable, imprecise, and even 
misleading list of functions. The purpose of a taxonomy is to bring order to a population, and the myriad 
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self-defined and self-reported functions defied their best analytical efforts. Second, they were 
discouraged by the frequency with which an organization’s professed functions did not match its actual 
actions. There is a gap between what organizations might claim and what they do (and how much or 
how well they do it). The researchers conceded that if they relied on functional classification, then their 
dataset would produce an unreliable taxonomy. Salamon and Anheier (1992a and 1992b) maintained 
that functional classification would be more preferred than a structural/operational classification, but 
the data would not support it.  

The same problem exists among community organizations active in disasters. Many of them self-
report and/or self-define their functions and activities. Furthermore, the definitions they use to for their 
disaster functions do not always conform to commonly accepted definitions used by emergency 
management practitioners and researchers (as framed by the disaster cycle). If left to rely solely on self-
reported and self-defined organizational functions, any researcher might face the same pitfall of 
Salamon and Anheier. The next study presents a technique to solve this problem.  

 
2.4.5 Lessons from an Exemplary Organizational Taxonomy 

 
The research team of Bazzoli, Shortell, Dubbs, et al., successfully created a taxonomy for health 

care systems and health care networks that has been widely used (Bazzoli et al. 1999; Bazzoli et al. 2000; 
Shortell et al. 2000; Bazzoli et al. 2001; Alexander et al. 2003; Dubbs et al. 2004; Chukmaitov et al. 2009; 
and other publications). There are three learning points from their work that illuminate this research 
effort. First, they overcame some of the issues faced by prior researchers (these are detailed in the 
preceding sections). Second, elements of their methodology are adapted for this dissertation. Third, the 
full utility of their taxonomy was not apparent until after it was created. They understood and accepted 
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that its value would be evident only from its use. They did not fully anticipate (or even need to know) 
what would be ultimately learned as a result of the taxonomy at the time that they created it.  

Like Salamon and Anheier (1992a and 1992b), they determined that structural/operational traits 
were best for classifying their organizational population. However, they established a tailored and 
contextual “structural/operational” definition. Salamon and Anheier sought a comprehensive definition 
applicable to the full universe of international nonprofit organizations (which is perhaps why they had 
such difficulty), but Bazzoli et al. (1999) found success by classifying a smaller, specific, and more 
coherent population. Functional definitions were less relevant to Bazzoli et al. (1999) because their 
organizational population was characterized by a homogenous function (comprehensive, full-service 
health care systems and networks).  

Thus, their primary classificatory criterion was based on a narrow and tailored conceptualization 
of structural/operational characteristics. They ultimately produced four clusters that differentiated 
health care systems and five clusters that differentiated health care networks. This proved to be a 
manageable number of mathematically coherent groups that provided valid and reliable analytic 
capability. Bazzoli et al. (1999) performed both cluster and factor analyses, using two independent 
methods for identifying and confirming their organizational taxa.  

The Bazzoli et al. (1999) taxonomy led to several subsequent research reports documenting its 
continued effectiveness, positive user feedback, and the direct benefits of the taxonomy that were 
provided to government agencies, health services practitioners, and other researchers in the field 
(Bazzoli et al. 2000; Shortell et al. 2000; Bazzoli et al. 2001; Alexander et al. 2003; Dubbs et al. 2004; 
Chukmaitov et al. 2009; and other publications). Applications of the taxonomy included evaluating 
governance systems, financial performance, patient mortality, and other varied topics. The taxonomy 
unlocked the means to systematically and quantitatively assess and compare health care networks and 
systems in a way that was previously impossible.  
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The taxonomy also enabled researchers to document measurable changes over time in the 
population ecology of health care systems and networks. This was critical for understanding both 
marketplace and policy effects on the population. Of particular interest was the ecological turbulence 
observed during an industry-wide restructuring that was marked by innovation and experimentation 
with organizational models (Bazzoli et al. 2001).  

The researchers continued to monitor changes in the ecology of their organizational population, 
and they updated the taxonomy to reflect increased variation of organizational models (Dubbs et al. 
2004). This demonstrated that taxonomies were “living” and responsive tools that could be refined over 
time. With that in mind, this dissertation’s taxonomy is also intended to evolve.  

The direct application/adaptation of these lessons to my research population will be synthesized 
at the end of this chapter. However, the potential benefits are clear. As with the Bazzoli et al. (1999) 
taxonomy, the specific benefits of this dissertation’s taxonomy will not be fully appreciated until it is 
applied. All we can say for now is that the status quo of two effectively meaningless typological 
categories (“CBO” or FBO”) has been holding back scientific understanding of this population.    

 
2.5 Applied Lessons for Classifying Community Organizations Active in Disasters 

 
 This section distills and synthesizes concepts and findings from prior research as they apply 
directly to classifying community organizations active in disasters. I needed to draw on the lessons 
learned from many fields, especially since those lessons allowed me to move past some of the 
methodological hurdles faced by organizational researchers. These lessons directly informed the 
methods for building the taxonomy of community organizations active in disasters. The section begins 
by defining or clarifying key terms relating to classification. These are operational definitions that are 
clearly shaped by sources in the preceding sections, but they represent the novel synthesis of concepts.  
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2.5.1 Synthesized Operational Definitions for Classificatory Terms and Ideas 
 
 In the course of preparing for this research, classification methodologies from many academic 
disciplines and sub-disciplines were considered. Taxonomies and typologies of some kind are used in 
virtually every field, and a great deal of early work informed this research. These fields include 
information sciences, organizational studies, biology, and more. While there is evidence that the 
disciplines drew on each others’ work, there was also a certain degree of insular methodological 
development. This was likely influenced by specifically tailored needs and applications.  

I noted that certain key terms relating to the use of cluster analysis for taxonomic development 
seemed muddled. This is partly attributable to differences among varied academic disciplines, and it is 
partly attributable to the evolution and use of terms over time. Considering that entire books have been 
written to reconcile varied definitions for the term “disaster”, this issue may seem self-evident. When 
comparing research from different fields, one key problem was that some methodological terms seem 
to have become conflated by use or association.  

The following definition and explanation of terms represent my synthesis of these ideas. This 
synthesis draws on many sources cited throughout this chapter, and each idea can be traced back to any 
given source (e.g., Bailey, Star, Haas and Drabek, McKelvey, and many others). The use of terms by other 
researchers was not necessarily contradictory, but there were noteworthy instances where added clarity 
was needed. This combination and presentation of terms and ideas is novel. This explanation of terms 
proved essential for fulfilling the research aims of this study.  
 
Classification versus Clustering. Classification is a systematic series of steps used to sort objects in a 
population into groups according to rules. Clustering is the unsupervised quantitative identification of 
groups in an intact population. Clustering results are the basis for informing classificatory processes.  
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Hierarchical Classification. This term refers to the production of strictly-defined categories with no 
assignment overlap (all group membership is mutually exclusive). Related terms are “strict” or “hard” 
clustering. It is the opposite of overlapping classification. While related, it is not precisely synonymous 
with the computational technique of hierarchical clustering. Hierarchical classification establishes rules 
to assign objects to categories based on trait differentiations (usually represented as binary choices). As 
such, it is most often associated with using a parsimonious set of traits. The rules for assigning objects to 
groups are also often applied in a sequential manner (as opposed to considering all traits as a set) even 
though this is not a strict requirement (Star 1998; Hunter 1988; Vickery 1960). Thus, it is important to 
determine the relative importance or contribution of all traits under consideration to determine the 
order in which the classificatory rules should be applied (this can be quantitatively determined using 
either cluster or factor analyses). If the order in which the classificatory rules are applied changes, then 
so does the composition of the classificatory groups. Thus, hierarchical classification is not the same as 
hierarchical clustering.  
 
Hierarchical Clustering. This term refers to the quantitatively-driven, unsupervised identification of 
structure or order within a population based on measured traits. It is a computational technique based 
on distances (usually Euclidean geometry). Objects grouped in clusters are proximally “close” and have 
trait homogeneity. Different clusters are separate and distinct, and they have trait heterogeneity. 
Hierarchical clustering is a technique used to assist with hierarchical classification, but they are not the 
same. Any number of traits (parsimonious or polythetic) can be used in hierarchical clustering models, 
and the models apply all traits being considered simultaneously (not sequentially). The key point is that 
the resulting clusters inform (but may not necessarily define) the classificatory rules and structure.  
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Parsimonious Clustering. This approach uses a small number of traits to produce clusters. These clusters 
can then be used to develop taxonomic categories. Classificatory groups are often based on trait 
dichotomizations. Trait combinations can be considered as a set, but there may only be two or three of 
them (in contrast to polythetic clustering).  
 
Polythetic Clustering. The approach uses many traits in hierarchical clustering models (or related 
techniques) to produce clusters. The resulting taxonomic classifications derived from them are therefore 
based on the overall, averaged similarity of objects in a group across all variables. All traits are 
considered together as a set.  
 
Overlapping Classification. In its purest form, overlapping classification refers to a situation where 
classificatory groups are not mutually exclusive. It is sometimes referred to as “soft” clustering. An 
object can be assigned to more than one group or it can be characterized as belonging to a particular 
group by a certain degree (e.g., blue-green is 75% blue and 25% yellow). This approach is appropriate for 
certain populations or contexts, but it can be confusing for others. This approach required consideration 
because the population of interest had similar, themed organizations (e.g., Catholic parishes and 
Catholic Charities). 

An evolved version of this concept is the consideration of overlapping traits across or among 
non-overlapping clusters or classificatory groups. Thus, clusters or classificatory groups would be 
mutually exclusive, but they still might share common traits with otherwise distinct groups. Trait overlap 
can be identified using as few as two variables (think of a simple Venn diagram). However, it is more 
likely to be an important consideration when performing polythetic clustering.  
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Faceted Classification. The measured traits used to classify organizations (whether few or many) 
can be drawn from multiple domains. If multiple trait domains (whether two or 20) are used 
simultaneously for the purpose of classifying objects in a population, then it is faceted classification. It 
works best if each facet is defined in or can be expressed in binary terms. Faceted classification is often 
more relevant when considering a polythetic set of traits, especially when those traits represent 
multiple trait domains. However, it can still play a role when using a smaller set of traits. The key point is 
that the traits being applied for classificatory purposes belong to different trait domains, and they are 
being used in conjunction with each other.  

Note that some researchers treated faceted and hierarchical taxonomies as polar opposites, but 
their research interests are contextually-specific and different than this dissertation’s (Bedford 2013). 
The point is that faceted classification is based on trait combinations being considered simultaneously 
rather than the sequential application of hierarchical classificatory rules. The resulting classification 
scheme can therefore have different categories that share traits, but the groups would still be mutually 
exclusive in terms of membership.  

 
There are tradeoffs between the different approaches described above. Hierarchical taxonomies 

generally use a smaller number of traits and are more likely to successfully classify all organizations in 
the population into homogeneous and mutually exclusive groups (Prieto-Diaz 2003). It is also easier to 
measure heterogeneity among the groups because there is less trait overlap. An argument can also be 
made that hierarchical taxonomies are more appealing to users because they are easier to understand. 
However, the population of interest for this study is explicitly characterized by high degrees of trait 
overlap. It is therefore unlikely that a traditional hierarchical classification approach will work best.  
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2.5.2 Key Lessons from the Literature Review 
 
 Based on the experience of other researchers as documented throughout this chapter, certain 
key lessons would be carried forward when creating the methodological framework for classifying 
community organizations active in disasters. The following ideas document how these lessons would be 
applied and/or adapted to address the research questions. Consideration was given to both the 
successes and failures of prior research efforts, as well as to the fact that each of those research efforts 
was dealing with a different population and had different aims.  

First, my approach would need to produce and compare the results of varied methods, and it 
would likely involve iterative models. This needed to be done for a few reasons. For example, this 
approach would provide added reliability. Also, it would either be impossible to know or foolhardy to 
presume in advance which approaches might work best for my research needs (Ferreira and Hitchcock 
2009). Finally, iterative models would allow for heuristic learning as the analyses were conducted.  

Second, I would need to ensure that the quantitative results would provide meaning-in-context. 
Two primary mechanisms could assist with this goal. First, I would be mindful of typological categories 
as I evaluated quantitative results. Second, I would need to closely examine and consider marginal 
differences among varied sets of results. On a related point, current typological differentiations (e.g., 
faith-based or not faith-based) would need to be quantitatively evaluated as taxonomic differentiations.  

Third, I would have to account for the human “need” for mutually exclusive categories (i.e., 
ordered results) with respect to the presence of significant trait overlap in the population of interest. 
The concepts of faceted and overlapping classification offered a potential solution. The possibility of 
mutually exclusive categories with overlapping traits (i.e., not overlapping group assignment) indicated 
strong potential for addressing this issue.  
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Fourth, researchers had previously attempted but failed to quantitatively achieve functional 
classification (i.e., what do the organizations do?). Their efforts generally resulted in 
structural/operational classification (i.e., how are they organized?). My formative research provided me 
with strong indicators that there was a strong desire to functionally classify this study’s population of 
interest. I would therefore need to explore functional classification, even if I had strong indicators that 
those efforts might fail. For example, organizations often self-define their functions using imprecise, 
inconsistent, or otherwise quantitatively useless terms (Salamon and Anheier 1992a and 1992b). At the 
very least, I would need to attempt functional classification and document the results.  

Fifth, I would adapt a technique that Bazzoli, Shortell, and Dubbs (1999) used for a different 
purpose towards the goal of functional classification for my population of interest. Specifically, I would 
evaluate the self-identified functional terms used by community organizations active in disasters against 
the standardized framework of disaster phases (specifically, the preparedness, response, and recovery 
phases). Documents described earlier, like the National Response Framework, categorized roles, 
functions, and activities according to the disaster phase cycle. Salamon and Anheier (1992a and 1992b) 
did not use a comparable framework for assessing functional traits in their population of interest. 

The measures presented and discussed in Chapter 4 and Appendix D document efforts to use 
questions and variables from different domains for classificatory purposes. To repeat, I went into the 
process with strong indicators that functional classification would be difficult or impossible. I was still 
obligated to at least attempt functional classification, and I applied lessons from related research to 
innovate new ways to collect and evaluate functional data.  

As a last point, one other message came from prior research efforts. Taxonomies must be 
adaptive and responsive to the needs of their users, changes in the organizational ecology, and other 
factors. The “final” taxonomy could not be set in stone. A good taxonomy is capable of evolution, and I 
had a strong interest in assuring that the results of this research effort would not be static. 
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This was in part due to the fact that the taxonomy is intended for use by four different 
constituencies: government agencies, academic researchers, VOADs and other organizational networks, 
and the individual organizations. Chapter 11 (Conclusion) elaborates and expands on prospective 
applications and benefits of the taxonomy for each audience. For now, simply note that the goal was to 
create a versatile and adaptive tool that could serve the interests of different audiences.  
 
2.6 Summary  
  

Civil society’s response to collective social concerns is organic to American communities (de 
Tocqueville 1863). The collective social capital formed by and shared among networks of community 
organizations can be used for the benefit of the whole community, subgroups within it, and the 
participating organizations themselves. Community organizations active in disasters have a long history, 
but their organizational ecology is poorly understood (i.e., there is no validated population-level 
understanding or the means by which to establish one). VOADs and similar entities organize the activity 
of community organizations for collaborative community-based disaster preparedness, response, and 
recovery, but there is only a very poor understanding of these organizations or its population-level 
characteristics.    

The proposed taxonomy is a research-generating tool for investigating these gaps in knowledge. 
It pragmatically serves a role identical to theory by providing a mechanism for hypothesis development 
and testing. It can provide the means for multivariate quantitative analysis of these organizations, 
leading to new research and better policies. It is the tool that can enable population-level research and a 
comprehensive understanding of this organizational ecosystem.   
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3.0 Methods 
 
 This chapter is organized in three main components that document the methodological 
foundation of the dissertation. First, I provide an overview of the entire research design. Second, I 
present the two-stage process used to create a novel study population of community organizations 
active in disasters from a sample of Voluntary Organizations Active in Disasters (VOADs); briefly, the 
organizations in the study population represent an intact census of the sampled VOADs, and those 
organizations (as an intact census) account for over 40% of all organizations eligible for inclusion in the 
study. The VOADs and organizations are presented in different sections to reflect the two-stage process 
leading to the study population. Third, I document the data collection methods (to include discussion of 
reliability and related topics). 
 The presentation and discussion of measures are in their own chapter (Chapter 4), as are the 
pre-analytical steps of preparing and processing the variables (Chapter 5) for use in the analytical 
methods (Chapters 6 and 7).  
 
3.1 Research Design Overview 
 

Applying the lessons offered by other researchers conducting similar efforts (per Chapter 2), this 
dissertation produces and compares the results of two classificatory approaches for the population of 
community organizations active in disasters. One approach uses polythetic clustering, which identifies 
clusters within a population based on a large set of traits (see Chapter 6). The other approach uses 
parsimonious clustering, which identifies clusters based on a small set of traits (see Chapter 7).  

Both approaches use the computational technique of hierarchical cluster analysis, and both 
approaches required iterative models. The iterations (fully documented in forthcoming chapters and 
appendices) reflect a series of methodological choices that compared various model permutations. This 
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required more than just evaluating alternative sets of results and choosing the best of many options. 
This was a learning process. The results of early models would inform and shape the subsequent 
iterations and their results.  

I will briefly illustrate one impact of this learning process because it relates to a fundamental 
aspect of the methodology. The unit of analysis for the polythetic models was the individual 
organization (n=660) (see Section 3.4). The evaluation of the polythetic results prompted a new unit of 
analysis for the parsimonious methods. Specifically, I would cluster a smaller population of distinct 
organizational subgroups (n=47) (see Section 4.7). I describe this now to demonstrate that the iterative 
process, which created dozens of sets of results, informed and shaped the taxonomic development at 
nearly every stage. In fact, the iterative process and the application of early results to the ongoing 
methodological refinement were essential to the final taxonomic categories. 
 The iterative modeling process provided a built-in mechanism to ensure reliability. By 
performing varied model permutations and comparing the results, I was able to identify stable themes 
regarding the classificatory structure of the population of interest. This approach was endorsed by 
earlier research efforts, as supported by Ferreira and Hitchcock (2009). They validated the use of 
performing varied clustering approaches to identify the classificatory methods best suited for any given 
study population and research aim.  
 Because the iterative results would prove to be robust (see Chapter 8), I placed a great deal of 
emphasis on analyzing the marginal differences between the best polythetic and parsimonious 
clustering solutions. The marginal differences led to the most revelatory and meaningful aspects of the 
taxonomy. In fact, the careful consideration of marginal differences proved instrumental to ensuring 
that the final, best results would provide meaning-in-context. I had several quantitatively-valid 
clustering solutions available to me, and each was defensible in its own right. I needed a classificatory 
structure that held meaning salient to the needs of its users.  
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 In the context of this methodological overview, it is essential to identify one added point 
relating to the use typologies and taxonomies. I started this research by identifying the absence of an 
organizational taxonomy. Researchers and practitioners in the field were using un-validated and un-
tested typological categories to frame their understanding of community organizations active in 
disasters. One aspect of the typological understanding reflects the categories of faith-based and non-
faith-based organizations. Another aspect of the typological understanding is understood through the 
composition of the 47 organizational subgroups referred to earlier (and presented in Section 4.7). The 
goal was to apply quantitative rigor to the classificatory process (i.e., through a taxonomy), but that 
process was intrinsically informed by the pre-existing typological understanding.  
 Thus, the taxonomy in a sense vets, quantifies, and elaborates upon an extant typology with 
quantitative rigor. On one hand, it is reassuring that the quantitative results validated our typological 
understanding. On another hand, the influence of typological categories on the taxonomic structure 
helps ensure that the classificatory scheme makes sense and is relevant to users. Ultimately, though, the 
taxonomy allows for the systematic investigation and multivariate analysis of this organizational 
population against a valid classificatory framework that enables quantitative comparison between 
classificatory groups (as argued by Haas and Drabek 1973 and McKelvey 1975). Thus, the taxonomy is 
both the product of research and a tool for generating research.  
 
3.2 Introduction to Building the Study Population 
 
 This section frames and discusses important issues regarding the forthcoming sampling 
methodology. There was no accessible universe of community organizations active in disasters that 
could be directly sampled. As indicated, my goal is to access those organizations through VOADs (i.e., 
where the organizations congregate). However, there is no available census of VOADs, either.  
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I therefore had to build a novel population of VOADs in order to then build a novel study 
population of organizations. The study population is most accurately described as an intact 
subpopulation of VOAD members because it is a complete census of the sampled VOADs. It is not a 
census of all VOADs that were identified and considered eligible for inclusion in this research.  

In accordance with the steps and considerations outlined below in Section 3.3, I took a stratified 
non-probability quota sample of VOADs for the purpose of getting to the organizations. The sampling 
strategy was developed in consideration of VOAD type, size, and geographic dispersion. It was 
nominated by a class of six UCLA Department of Biostatistics students whose recommendations were 
reviewed and endorsed by an adjunct professor in the department (meetings with Scheffler et al. 2015). 
The sampling strategy was required due to limited resources; it was not feasible to collect data for 
organizations from all study-eligible VOADs.  

I adopted the sampling strategy (in spite of its implicit tradeoffs) because the research aims had 
nothing to do with finding generalizable results about VOADs and everything to do with the 
organizations that belong to VOADs. Added (and planned) steps would be needed before any findings 
from the non-probability sample of VOADs could be used to determine generalizable findings (if any) 
about the broader population of VOADs.  
 The research aims do not indicate any goal that requires generalized knowledge about VOADs 
themselves. The research aims focus on the organizations which also happen to be members of VOADs. 
VOADs were simply and exclusively a mechanism for finding the organizations of interest. All that 
mattered was establishing a novel study population of organizations that was sufficiently large and 
expressed the largest feasible range of organizations, organizational types, and organizational 
subgroups. These points are elaborated upon and documented in the forthcoming sections.  
 Because the study population of organizations was built from a sample of VOADs and not all 
study-eligible VOADs, it is therefore a subpopulation of the total available population of community 
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organizations active in disasters. Specifically, I refer to it as a subpopulation (rather than a sample) 
because it represents an intact, complete census of the sampled VOADs, which covered 49.1% of all 
study-eligible VOADs. Most importantly, the subpopulation of organizations retained all of the 
characteristics of a population (not a sample) because it was a census covering nearly half of all eligible 
VOADs (stratified by factors described below).  

I refer to the subpopulation as the “study population” for clarity and simplicity, but the 
underlying reality is that in all respects, it represents and behaves as a census (e.g., there are non-
normal distributions that reflect actual values rather than estimates, etc.). It is also the starting point for 
all analyses (which required further subdivisions of the study population). In other words, there would 
be “sub-subpopulations” derived from the set of organizations used at the outset.  

Findings from the sample of VOADs cannot (and were never meant to) be generalized to all 
VOADs without additional steps. The distribution of the organizations across the sampled VOADs was 
not required to accurately represent the distribution of all organizations in the universe or total 
available population of all eligible VOAD member organizations. It simply needed to encompass the 
range of organizations, organizational types, and organizational subgroups found in the larger 
population. That is all that was required to satisfy the research aims.  
 To evaluate the generalizability of any results with respect to the VOADs themselves, I plan to 
later compare the classificatory results from the 49.1% of VOADs sampled for this study to the 
classificatory results of the 50.9% of VOADs that were not used. Again, these considerations about the 
quota sampling and generalizability to VOADs had no bearing on the research questions at hand. None 
of this affects the research questions regarding organizational classification.  
 This is ultimately why I refer to the subpopulation of organizations built from the sampled 
VOADs as the study population. The study population represents a novel aggregation of organizations 
that is sufficient for meeting the research aims (and nothing more). If, at any point, claims are made 
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regarding the distribution of these organizations across VOADs, the stipulation is that I am explicitly 
referring to the sampled VOADs (not all VOADs). Regardless, the baseline established by this research 
about the distribution of organizations across the sampled VOADs is entirely novel.  

The sample of VOADs is also an appropriate, textbook application of how and why non-
probability sampling should be used (only when absolutely necessary) for quantitative research. The 
findings needed to address the research questions depend on the organizations and their 
characteristics, not their distribution across the VOADs used in the sample. Importantly, the novel 
census of organizations built from the sampled VOADs accurately and faithfully reflects the proportional 
representation of organizations within their natural social ecosystems (i.e., the sampled VOADs, 
stratified by type and size).  
 
3.3 The VOAD Population 
 
 The research questions focus on classifying member organizations that belong to VOADs. 
However, there is no comprehensive (or easily accessible) source of data for VOADs or their members. 
Furthermore, even if such a dataset existed, it would not have adequate data points relevant to my 
research aims or methods; I had to build one. I began by establishing a population for State and Local 
VOADs that would eventually (after multiple intermediate steps) lead to a study population of member 
organizations. This section outlines the process of creating the total VOAD population, the eligible VOAD 
population, and the sample of VOADs used for the study.  
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3.3.1 Total VOAD Population 
 

If one even exists, there was no accessible census of VOADs available for this study. I needed to 
create a novel population of VOADs. The starting point was the National VOAD website’s list of state 
member organizations (www.nvoad.org). A webpage provides links to VOADs for all 50 states, the 
District of Columbia, and U.S. territories (which were not part of this study). I visited each State VOAD’s 
website for the purpose of documenting two essential data points.  

First, did the State VOAD’s website provide a list of member organizations? If yes, the list of 
members was recorded for future use. Second, did the website identify Local VOADs that operated 
within the state? These typically operated at the county level. If yes, the list of Local VOADs was 
recorded for future use. Other data were collected from each State VOAD’s website, as outlined in 
Appendices A and B, but these were the two critical pieces of information for building the population. 
Secondary analysis regarding VOADs themselves would have to be set aside for follow-on research.  
 Next, I visited or searched for all Local VOAD websites, as ascertained from the State VOAD 
websites. Note that in some cases, working web links were provided for these Local VOADs. In more 
than half of the cases, there was either no web link or an invalid web link, meaning that I had to use an 
internet search engine. For all Local VOAD websites that I was able to find, I documented the list of 
member organizations, if present. Other VOAD data points are documented in Appendices A and B.  
 Using this process, I identified 50 State VOADs and 111 Local VOADs. Note that in several cases, 
there may have been a website for a State VOAD, but it turned out to be for informational purposes only 
(i.e., there was no actual entity fulfilling the functions of the VOAD at the state level; it was just a 
website). In other words, there are not actually 50 VOADs operating at the statewide level (i.e., I 
considered these as “paper” VOADs). In many cases, these websites provided links to local/regional 
VOADs operating within the state. California is an excellent example of this phenomenon.  
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3.3.2 Eligible VOAD Population 
 
 After identifying 50 State VOADs and 111 Local VOADs, I had to establish a list of VOADs eligible 
for the study. As my primary research interest was with the member organizations (not the VOADs 
themselves), the membership lists became an important discriminator. To be considered for inclusion in 
the study population, State and Local VOADs had to meet each of the three following criteria: (1) the 
VOAD has a working website; (2) that website provides a list of its member organizations; and (3) there 
are 10 or more member organizations listed.  
 Table 3–1 presents the total VOAD population separated into three subgroups (by row); the 
columns reflect State subtotals, Local subtotals, and combined VOAD totals. Only VOADs in the top row 
(10+ member organizations) were eligible for inclusion in the study.  
 

Table 3–1: Total VOAD Population 
Member Organizations Listed on VOAD Website State VOADs Local VOADs Total 

n % n % n % 
10+ (eligible for inclusion) 26 52.0% 31 27.9% 57 35.4% 

1-10 (not eligible for inclusion) 20 40.0% 21 18.9% 41 25.5% 
0 (not eligible for inclusion) (no website or no member list) 4 8.0% 59 53.2% 63 39.1% 

Total 50 100% 111 100% 161 100% 
 
As indicated, 57 of 161 (35.4%) VOADs in the population were eligible for inclusion in the study 
population. However, note that 26 of 50 (52.0%) State VOADs were eligible for inclusion in the study 
population, whereas only 31 of 111 (27.9%) Local VOADs were eligible. It is potentially noteworthy that 
more than half of all Local VOADs identified either did not have a valid, functioning website or did not 
list their member organizations on their website.  
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In a pragmatic sense, this is only important to the degree that the member composition of these 
VOADs might be markedly different than the member composition of VOADs which did provide their 
lists. My goal is to create a taxonomy, not a census. I therefore only needed a sufficiently large 
population that expressed the full range and variety of VOAD member organizations. If the census of 
sampled VOADs covers the full range and variety of VOAD member organizations, then the research 
aims can be validly fulfilled. This is also unknowable in advance, but it can be assesses and confirmed.  

Note the crucial detail that all questions are answered by publically available information posted 
on each VOAD’s website. Secure-access or hidden information was not considered for the study. Also, 
the data collection methodology considered all information posted on the website as accurate and 
current (even though this is clearly not a reasonable assumption in all cases). The point is that it was not 
feasible to search for information that was not posted publically, nor was it feasible (or within the scope 
of the dissertation) to evaluate the accuracy and currency of website information. 

At this point, I have identified 161 State and Local VOADs and determined that 57 of them are 
eligible for inclusion in the study population. The next section outlines how and why the sample of 
VOADs was selected for the purpose of building a study population of organizations. However, it is 
critical to note that this additional step was only required due to limited resources. Ideally, all 57 eligible 
VOADs would have been retained for the study population. However, the circumstances were not ideal.  
 
3.3.3 VOAD Sample Population  
 

This section details the process of moving from the eligible population of VOADs (n=57) to the 
sample population (n=28). As indicated, this was a non-probability quota sample based on three 
considerations outlined below. The principal challenge was to determine the sampling procedures. 
Regardless, the sample represents 49.1% of the eligible VOAD population (i.e., it is a very large sample).  
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This decision-making process was facilitated by consulting with a class of six Department of 
Biostatistics students supervised by a professor; this class was designed to teach biostatistics students to 
advise and inform researchers from other disciplines (meetings with Scheffler et al. 2015). I presented 
my research problem to them and they helped develop a solution tailored to my needs. Through this 
process, I chose a course of action that would meet my primary goal and also enable follow-on research.  
 First, I had to define the purposes for which the study population of VOAD member 
organizations would be used. The primary goal was to create a population large enough to accurately 
reflect the composition and range (variety) of all VOAD member organizations. Exact proportional 
representation was not necessary to satisfy the research aims. Second, I wanted to allow for the 
subsequent comparison of member organizations between the sampled State and Local VOADS (I refer 
to this as “matching”). Third, I wanted to allow for a subsequent evaluation of member organizations 
between the sampled Small and Large VOADs (I refer to this as “balance”).  

The second and third goals are based on the premise that member composition of VOADs might 
vary among Small/Large and State/Local VOADs. They also helped accomplish the first goal. A matching 
and balanced dataset would ensure that the study population intrinsically reflected the breadth and 
diversity of VOAD member organizations in the eligible population of VOADs because member 
organizations would be systematically drawn from all VOAD subtypes (Small-State, Large-State, Small-
Local, and Large-Local). Table 3–2 illustrates this sampling plan.  
 

Table 3–2: Sampling Frame for VOADs 
  Matching 
  State Local 

Balance Small Small-State VOADs Small-Local VOADs 
Large Large-State VOADs Large-Local VOADs 
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 To fulfill this plan, I had to first assess the eligible VOADs in terms of type (State/Local) and size 
(Small/Large). Table 3–3 presents the eligible VOADs in these terms. The cut-off of 30 member 
organizations to distinguish between Small/Large was based on the median number of organizations per 
VOAD (presented in Table 3–4). I was very fortunate to discover that there were suitably comparable n-
values within the eligible population when comparing State-Local VOADs (26 and 31, respectively) and 
Small-Large VOADs (30 and 27, respectively).  
 

Table 3–3: VOADs Eligible for Study Population 
Size State Local Total 

Small (10-30 members) 16 14 30 
Large (31+ members) 10 17 27 

Total 26 31 57 
 
I examined these VOAD subgroups in more detail, taking into account their actual size (number of 
member organizations). Partially analyzed data are located in Appendix B; it is only presented here in 
summary form.  Table3–4 compares the summary statistics for State and Local VOADs to all VOADs 
eligible for the study population. Table 3–5 compares the summary statistics for Small and Large VOADs 
to all VOADs eligible for the study population. Table 3–6 compares the summary statistics for the Small 
VOADs, and Table 3–7 compares the summary statistics for the Large VOADs. The purpose for these 
additional comparisons regarding the number of organizations per VOAD will be apparent afterwards. 

 
Table 3–4: Eligible VOAD Summary Statistics (State/Local) 

Group Mean Organizations Median Organizations St. Dev. Min Max 
All (n=57) 33.1 30 18.7 11 81 

State (n=26) 32.5 26.5 19.5 13 81 
Local (n=31) 33.6 33 18.3 11 78 
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Table 3–5: Eligible VOAD Summary Statistics (Large/Small) 
Group Mean Organizations Median Organizations St. Dev. Min Max 

All (n=57) 33.1 30 18.7 11 81 
Small (n=30) 19.0 17.5 5.9 11 30 
Large (n=27) 48.9 45 15.1 31 81 

 
Table 3–6: Eligible VOADs (Small) 

Group Mean Organizations Median Organizations St. Dev. Min Max 
Small (n=30) 19.0 17.5 5.9 11 30 

Small-State (n=16) 20.4 22 6.5 13 30 
Small-Local (n=14) 17.3 16.5 4.9 11 25 

 
Table 3–7: Eligible VOADs (Large) 

Group Mean Organizations Median Organizations St. Dev. Min Max 
Large (n=27) 48.9 45 15.1 31 81 

Large-State (n=10) 51.9 45 17.6 31 81 
Large-Local (n=17) 47.1 40 13.6 33 78 

 
Table 3–4 indicates that the median size of the 57 VOADs was 30, so I used this as the cut-off 

between Small and Large VOADs. The mean values were slightly larger than the median values; this is 
because the actual range in VOAD size was 11-81 organizations.  

As presented in Table 3–5, the median value for Small VOADs was 17.5 (range is 11-30), and the 
median value for Large VOADs was 45 (range is 31-81). Again, the mean values were higher than the 
median values. Furthermore, Tables 3–6 and 3–7 express the degree of variation when comparing Small-
State to Small-Local VOADs and Large-State to Large-Local VOADs. While minor, there were differences 
between State and Local VOADs.  
 To refresh and expand upon my goal regarding the study population, I needed a sample of 
VOADs from the eligible population that met four conditions: (1) it would produce a population of 
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member organizations large enough to create stable clusters; (2) it would produce a population that 
expressed the full range and diversity of VOAD member organizations; (3) it would allow for “matching” 
between State and Local VOADs to compare their membership; (4) it would allow for “balance” between 
the membership of Small and Large VOADs.  
 The number of organizations needed to meet the first condition is difficult to predict, but the 
concept is straightforward. My principal analytical technique would be hierarchical cluster analysis (with 
either polythetic or parsimonious variable selection). The statistical software will produce a clustering 
solution for a population of any size. If I have a population of 10, the software will provide a solution. 
However, as the n-value increases, the clustering solutions change.  

I needed an n-value of member organizations large enough to ensure that the clustering 
solution would be stable and not change with the addition of more organizations. In a way, this is 
loosely analogous to but not the same as statistical power (i.e., calculating the desired sample size 
needed to produce statistically significant results). It is also akin to the concept of diminishing marginal 
returns (i.e., at a certain point, a higher n-value no longer helps).  

The problem is that the desired n-value (the asymptotic point at which increasing the n-value 
does not produce meaningful changes in the solution) cannot be calculated in advance due to a variety 
of factors. It might be 50; it might be 200. Therefore, the only viable pathway was to ensure that the 
population of member organizations was far larger than needed. Figure 3A illustrates the concept.  
  



 

Figure 3A: Identifying a Sufficient Population of Organizations
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Figure 3A: Identifying a Sufficient Population of Organizations 
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 The fourth condition of balancing the member organization populations from Small and Large 
VOADs is comparatively more difficult to conceive and achieve than matching, but it also supports 
fulfilling the first two conditions. When looking at the eligible population of 57 VOADs, 27 were Small 
VOADs and 30 were Large VOADs (i.e., they were roughly equal). However, Small VOADs had a median 
membership of 17.5 organizations, and Large VOADs had a median membership size of 45.0 
organizations. I did not want an equal number of VOADs from each subgroup; I wanted a (roughly) equal 
number of member organizations drawn from each subgroup. Thus, a comparatively larger number of 
Small VOADs would need to be sampled to produce a population equivalent to a smaller number of 
Large VOADs. The quota was based on the anticipated yield of organizations from the sampled VOADs. 

Using the median values, I calculated that ten Small VOADs could be expected to yield a 
population roughly equal to the population yielded by four Large VOADs. While not exactly balanced, 
this ratio of 10:4 produced the most comparable subpopulation sizes. Table 3–8 uses the subpopulation 
mean values presented earlier in Tables 3–4 through 3–7 to calculate the anticipated study population 
size from 28 balanced and matched VOADs (14 State and 14 Local, 20 Small and 8 Large).  
 

Table 3–8: Projected Population of VOAD Member Organizations 
Projected State Local Total 

Small 175 175 350 
Large 180 180 360 
Total 355 355 710 

 
Therefore, a population of approximately 710 member organizations could be produced by 

sampling ten Small-State, four Large-State, ten Small-Local, and four Large-Local VOADs (i.e., balanced 
and matched). A population of 710 would, under any circumstances, reasonably fulfill the first two 
conditions presented earlier (stable clustering solutions and a comprehensive population). Furthermore, 
when divided in half (n=355), the smaller subpopulations would still be large enough to fulfill the first 
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two conditions. When divided into four subgroups (n=177.5), it is still likely but less certain that the first 
two conditions would be satisfied. This could only be assured by testing the study population and its 
subgroups after the fact since there is no way to predict the point at which a population would produce 
stable clusters (given the range of parameters involved).  

Still, I was confident that a population of 710 would fulfill all expectations of quantitative rigor. 
By adding the third and fourth conditions (balanced and matching), I was implicitly creating a dataset 
that would guarantee the first two conditions while simultaneously allowing for follow-on research on 
the sampled VOADs (which could later be evaluated for generalizability to other VOADs). The added 
benefit was the ability to adequately compare State-Local and Small-Large VOAD member populations.  

Next, I proceeded with taking a stratified, matching, and balanced non-probability quota sample 
of VOADs from the eligible population. I would sample 14 State VOADs (four Large and ten Small) and 14 
Local VOADs (four Large and ten Small) with the expectation that the resulting population of 
approximately 710 member organizations would be reasonably split into four roughly equal portions. 
However, a new challenge became evident when attempting to create a sample: geographic dispersion.  
 I had attempted random sampling within each VOAD subgroup stratified by type and size, but I 
had to purposively modify the results of the random sampling to ensure that VOADs from different 
regions of the U.S. and differently-sized states were included in the final sample. Table 3–9 illustrates 
the need for this regarding the Local VOADs.  
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Table 3–9: Distribution of Eligible Local VOADs by State 
State n (Small) % (Small) n (Large) % (Large) n (All) % (Total) 

California 2 14.3% 6 35.3% 8 25.8% 
New Jersey 2 14.3% 5 29.4% 7 22.6% 

Alabama 2 14.3% 1 5.9% 3 9.7% 
Florida 1 7.1% 2 11.8% 3 9.7% 

Kentucky 2 14.3% 0 0% 2 6.5% 
Texas 1 7.1% 1 5.9% 2 6.5% 

Wisconsin 1 7.1% 1 5.9% 2 6.5% 
North Carolina 1 7.1% 0 0% 1 3.2% 
Pennsylvania 1 7.1% 0 0% 1 3.2% 

South Carolina 1 7.1% 0 0% 1 3.2% 
Virginia 0 0% 1 5.9% 1 3.2% 

Total 14 100% 17 100% 31 100% 
 
Random samples from each quadrant of the eligible population were heavily favoring California 
(noteworthy for its history of earthquakes) and New Jersey (noteworthy for its relatively recent, 
contemporaneous storms), especially with regard to the Large-Local VOADs (11 of 17 Large-Local VOADs 
and 15 of 31 Local VOADs were from these two states). I chose to purposively include Local VOADs from 
other states to ensure that the sampled VOADs covered a larger geographic area, to include different 
regions of the country and states of different sizes. Furthermore, New Jersey was unique in that it had 
both a State VOAD and a seven Local VOADs in the eligible population.  

My initial sample of State VOADs included New Jersey. Given my need to ensure a 
comprehensive and diverse population of member organizations, I could not let New Jersey dominate 
the sample of 28 VOADs. I therefore purposively replaced the New Jersey State VOAD with the 
Massachusetts VOAD (to ensure regional distribution as best as possible). Also, there is anecdotal 
evidence that Local VOADs proliferated across New Jersey after Superstorm Sandy in 2012. My data 
collection efforts did not attempt to document when VOADs were founded, but this research could 
assist with studying the population ecology of VOADs and their member organizations.  
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Having selected a sample of VOADs that considered type, size, and geography, I reached the 
final 28 VOADs in my sample. Figure 3B illustrates the geographic dispersion of the VOADs in the study 
population. If Local VOADs within a state were selected, then the entire state is highlighted.  

 
Figure 3B: Geographic Representation of State and Local VOADs 

 
Figure 3B does not distinguish between State and Local VOADs.   Refer to Table 3–10 (below) for such distinctions. Example: the  Central Texas VOAD was sampled, but the entire state of Texas is highlighted.  Image produced using www.amcharts.com    
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Table 3–10 lists all VOADs in the sample, along with the number of member organizations. Table 3–11 
presents a simplified, summarized version of Table 3–10.  
 

Table 3–10: Study Population of VOADs 
 State  Local 
 VOADs Members Subtotals Total Subtotals Members Local VOADs 

Sm
all 

Colorado 30 

192  Small State 

352  
Small 

160  Small Local 

22 Suwannee Valley, FL 
Maryland 22 21 Union County, NJ 
Oregon 22 21 Greenville County, NC 

Utah 22 18 Central Texas, TX 
Washington 22 16 Morris County, NJ 

Alaska 16 16 Washington County, WI 
Mississippi 16 12 Daviess County, KY 

Iowa 14 12 Riverside County, CA 
Michigan 14 11 Spartanburg County, NC 

South Dakota 14 11 Lexington County, KY 

Lar
ge 

Kansas 81 231  Large State 

457  
Large 

226  Large Local 

79 Ocean County, NJ 
Oklahoma 80 65 Brevard County, FL 
Minnesota 38 44 Santa Clara County, CA 

Massachusetts 32 38 San Diego County, CA 
   

423 State 809 386 Local   
 
 

Table 3–11: Study Population of VOAD Member Organizations (Simplified) 
ACTUAL State Local Total 

Small 192 160 352 
Large 231 226 457 
Total 423 386 809 

 
The population of member organization yielded from the sampled VOADs is higher than anticipated (809 
compared to 710), and there was variation in the number of member organizations in each cell of Table 
3–11 (compared to Table 3–8). Section 3.4.2 will further discuss how the study population built from the 
sample of VOADs was different than the anticipated number of organizations. 
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3.3.4 Summary of VOAD Population 
 
 The sample of 28 VOADs is 49.1% of the 57 eligible VOADs (i.e., it is a very large sample), and it 
covers all four VOAD subtypes (i.e., the stratifications by Small/Large and State/Local). It is 17.4% of the 
total population of 161 VOADs. Remember, though, that only VOADs listing ten or more member 
organizations on their websites were eligible for consideration. Because the study used a non-
probability quota sample, each of the four subtypes was sampled unevenly. The following two 
paragraphs document and summarize this.  
 Ten of 16 (62.5%) Small-State VOADs were sampled. Ten of 14 (71.4%) Small-Local VOADs were 
sampled. Combined, twenty of 30 (66.7%) Small VOADs were sampled. Remember that Small VOADs 
were oversampled in comparison to Large VOADs in an attempt to create balanced subpopulations of 
member organizations.  
 Four of ten (40.0%) Large-State VOADs were sampled. Four of 17 (23.5%) Large-Local VOADs 
were sampled. Of all four VOAD subgroups among the 57 eligible VOADs, the Large-Local group was the 
largest with 17 VOADs (29.8%). Combined, eight of 27 (29.6%) Large VOADs were sampled, meaning that 
they were under-sampled relative to the Small VOADs. 
 These comparisons underscore why findings from the sample of VOADs should not and cannot 
be generalized to all VOADs without additional study. One planned step is to compare the composition 
and distribution of organizations in the 28 sampled VOADs to the composition and distribution of the 29 
VOADs that were not sampled (to include analysis by VOAD subtype). Fortunately, the research goal of 
classifying organizations from these VOADs is not dependent on whether or not the findings about the 
VOADs themselves are generalizable to other VOADs. All that matters is whether or not the number of 
organizations is sufficiently large and sufficiently comprehensive/diverse. 
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 Section 3.3.3 introduced the topic of the actual number of member organizations in each 
sampled VOAD (refer to Table 3–10). Section 3.4 examines the member organizations in further detail. It 
follows a similar format (total population, eligible population, and study population). 
 
3.4 The Member Organization Population 
 
 This section provides more information about the novel study population of organizations built 
from the sample of VOADs. As stipulated earlier, this is technically a subpopulation of all organizations 
available for the study, but it is also an intact subpopulation that in all ways reflects the characteristics 
of a population. Still, it is not comprised of the entirety of all available organizations due to limited 
resources for data collection.  

The 161 VOADs in the total population yielded a combined total population of 2,302 member 
organizations. The population of 57 study-eligible VOADs yielded a total population of 1,888 member 
organizations. The 28 sampled VOADs yielded 809 member organizations; this became the eligible 
population of member organizations. After using exclusion criteria to screen these 809 organizations, 
660 were ultimately retained for the study population. This process is documented below.  
 
3.4.1 Total Member Organization Population 
 
 As noted earlier in Section 3.3.2, only 57 of 161 VOADs had lists of ten or more member 
organizations listed publically on their websites. The other 104 VOADs fell into one of three categories: 
(1) a list of 1-9 member organizations; (2) no list of member organizations; or (3) no working website.  
Table 3–12 summarizes membership data for all 161 VOADs. 
 



74  

Table 3–12: Total Member Organization Population 
VOAD Size n (VOADs) % of VOADs n (Members) % of Members 

No website or no membership list provided 63 39.1% 0 0% 
1-9 member organizations 41 25.5% 414 18.0% 
10+ member organizations 57 35.4% 1,888 82.0% 

Totals 161 100% 2,302 100% 
 
As indicated by the table, the 1,888 member organizations belonging to the 57 eligible VOADs account 
for 82.0% of all organizations identified. Excluding the 414 organizations belonging to VOADs ineligible 
for the study population would have no impact on my research aims unless that subgroup included 
organizational subtypes that were not represented in the 1,888 organizations derived from the 57 study-
eligible VOADs. In particular, refer to the second condition presented in Section 3.3.3. The excluded 
organizations did not express a wider range of diversity within the population of member organizations.  
 
3.4.2 Eligible Member Organization Population 
 
 As described in Section 3.3.3, 28 of 57 (49.1%) VOADs were advanced from the eligible 
population to the sample used to create the novel study population of organizations. I sampled ten 
Small-State, four Large-State, ten Small-Local, and four Large-Local VOADs. Based on median 
membership of each VOAD subcategory, I anticipated an approximate population of 710 organizations 
from this sample. This would be an estimated 37.6% of the 1,888 member organizations in the eligible 
population. This is smaller than 49.1% because the Small VOADs were oversampled to create balanced 
subpopulations of Small and Large member organizations.  
 When the sample was actually taken, there was a discrepancy between the expected and actual 
values. Table 3–13 presents the actual subgroup populations resulting from the sample of 28 VOADs.  
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Table 3–13: Actual Versus Anticipated Study Population 
Organization Subtotals  by VOAD Type Actual1 Anticipated2 Discrepancy 

State  423 (52.3%) 355 (50.0%) +68 
Local 386 (47.7%) 355 (50.0%) +31 

Total (State/Local) 809 710 +99 
    Small 352 (43.5%) 350 (49.3%) +2 

Large 457 (56.5%) 360 (50.7%) +97 
Total (Large/Small) 809 710 +99 

    Small-State 192 (23.7%) 175 (24.6%) +17 
Large-State 231 (28.6%) 180 (25.4%) +51 
Small-Local 160 (19.8%) 175 (24.6%) -15 
Large-Local 226 (27.9% 180 (25.4%) +46 

Total (Four Subtypes) 809 710 +99 
 1 All actual percentages use 809 as the denominator.  2 All anticipated percentages use 710 as the denominator.  
The sampled VOADs produced a study population larger than the anticipated population (809 compared 
to 710). This is due to the separate samples drawn from each of the four VOAD subtypes in relation to 
the fact that the anticipated number of organizations was based on median (not mean) values for Large 
and Small VOADs. There was still reasonable parity (as documented in Table 3–13) between the 
organizational subpopulations from State and Local VOADs, and this was congruent with expectations.  
 The discrepancy between actual and anticipated subpopulations for Small and Large VOADs was 
more noteworthy. Even though Small VOADs were oversampled and Large VOADs were under-sampled, 
there was a more pronounced discrepancy between the actual and anticipated subpopulation sizes. 
Most specifically, there were more organizations from Large VOADs than Small VOADs. This was likely 
influenced by two factors. First, the range of organizations for Large VOADs was 30-81 (compared to 10-
29 for Small VOADs). Second, the sampled Large VOADs apparently skewed higher than the median 
value of 45 organizations per VOAD.  
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Two critical points need to be made about these 809 organizations. First, this number would be 
reduced further based on screening criteria (see next section). Second, I need to elaborate on the goal of 
balanced subpopulation sizes (i.e., Small/Large, State/Local). Would each of the four subgroup sizes in 
Table 3–13 be large enough to support stable analytical results if they were analyzed independently? 
Section 3.3.3 (above) outlined the four conditions or goals regarding the sampling frame for VOADs, and 
the concept of adequate population size was depicted in Figure 3A. The smallest subgroup size from 
Table 3–13 is n=160. It would only be possible to determine whether or not that subgroup could fulfill all 
desired conditions through follow-on analysis.  

Also, remember that within each subgroup, the member organizations represent an intact 
census of the sampled VOADs. For the purpose of this dissertation’s research goal, the primary 
considerations have therefore been satisfied. Specifically, the entire study population is sufficiently large 
and it reflects the full spectrum of organizations within the context of 28 intact subpopulations that, 
when aggregated, account for over 40% of all eligible organizations. However, findings about the VOADs 
themselves are not generalizable to other VOADs without added (and planned) analyses.  
 
3.4.3 Member Organization Study Population 
 
 Of the 809 member organizations eligible for the study population, 149 (18.4%) were screened 
out for one of three primary reasons. This section explains the exclusion criteria and how they were 
applied. It will then provide an updated version of Table 3–13 that reflects the final study population.  

Only charitable and religious organizations were eligible for inclusion in the study. Many VOADs 
listed government agencies as member organizations (often referring to them as associate members, 
nonvoting members, partners, or using some other term to distinguish them from charitable and 
religious organizations).  These government agencies could come from the local, state, or federal levels 
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(it is odd but worth noting that some VOADs even listed the Federal Emergency Management Agency or 
the National Oceanic and Atmospheric Agency as members). The most common government 
organizations were emergency management and public health agencies. Law enforcement and fire 
service agencies were occasionally listed, along with a smaller number of other government 
organizations. Of the original 809 member organizations, 116 government organizations were excluded 
(this was 14.3% of the eligible population (n=809) and 77.9% of all 149 excluded organizations).  

It is likely that the average percentage of government agency members per VOAD in the study 
population is consistent across all VOADs (at least within each of the VOAD subtypes). With 28 VOADs in 
the study population, this means that each VOAD had an average of 4.14 government organizations. 
However, the study population was skewed to over-represent Small VOADs. Thus, government agencies 
(on average) seemed to represent a larger percentage of a Small VOAD’s membership than a Large 
VOAD’s membership, but this would need to be further evaluated to be proven.  

An exception was made to this exclusion criterion for specifically identified Community 
Emergency Response Teams (CERT) and Medical Reserve Corps (MRC) organizations (see Appendix D). 
This is because these are volunteer disaster services programs. Six CERT/MRC organizations are included 
in the study population of 660 member organizations (less than 1%). I say “specifically identified” for a 
particular reason. An MRC unit, for example, is often (not always) administered by a local health 
department or emergency medical services agency. If a local health department was identified as a 
VOAD member with no mention made of whether or not it had an affiliated MRC group, then it would 
be excluded from the study population. However, if the MRC was specifically named as a VOAD member 
(regardless of any mention made of its supervising organization), then it was retained in the study 
population. Therefore, the 28 VOADs may have more than six CERT/MRC organizations among their 
networks, but they are not specifically identified as VOAD members.  
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 After excluding government organizations from the dataset, 693 organizations remained. The 
next issue to address was that with only 28 sampled VOADs, there were 42 American Red Cross chapters 
in the dataset. For a Local VOAD, it was typical for the county (or multi-county region) to be covered by 
one American Red Cross chapter. Almost all states would simply list the American Red Cross as a singular 
member organization of the State VOAD even though there might likely be several American Red Cross 
chapters within that state. However, Oklahoma was an exceptional case; it enumerated each distinct 
chapter as a separate member organization of the VOAD. Because of this, fourteen redundant American 
Red Cross chapters were removed from the dataset (this was 1.7% of the eligible population (n=809) and 
9.4% of all 149 excluded organizations). The dataset was therefore reduced from 693 to 679. Note that 
The American Red Cross is the only organization with universal VOAD membership within the study 
population (i.e., 28 American Red Cross cases in the dataset for the 28 sampled VOADs).  
 An additional 19 organizations were removed from the dataset due to missing values (this is 
2.3% of the eligible population (n=809) and 12.8% of all 149 excluded organizations). Eleven of these 
organizations had no working website (and thus no opportunity for collecting data). Eight of these 
organizations had websites or webpages with insufficient data to complete critical portions of the 
content analysis survey. As a result, these records had missing data.  

The principal analytical technique used on the dataset was hierarchical cluster analysis. Any 
fields with missing values would be deleted casewise. Any empty fields filled with a value to represent 
missing data posed a different problem. The statistical analysis software would cluster these records 
based on common values, and it would assume that the value used to represent missing values 
indicated that these organizations shared common characteristics. Since this only affected 19 of 809 
(2.35%) organizations under consideration, I felt confident removing them from the dataset without 
violating the population size aims listed in Section 3.3.3. 
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 To review, the study population of organizations was reduced from 809 to 660 by excluding 
government agencies, redundant American Red Cross entries, and organizations with missing values. 
Table 3–14 presents the revised study population by VOAD subtype (this is an update to Table 3–13). 
 

Table 3–14: Final Study Population of VOAD Member Organizations 
Size n (State Members) n (Local Members) n (Members) 

Small (10-30 members) 168 (25.5%) 119 (18.0%) 287 (43.5%) 
Large (31+ members) 166 (25.2%) 207 (31.4%) 373 (56.5%) 

Total 334 (50.6%) 326 (49.4%) 660 
 All percentages use 660 as the denominator.  

There is still a noteworthy gap between Small and Large organizations (43.5% and 56.5%, respectively).  
Of particular interest would be whether or not a subpopulation of 119 (the smallest subpopulation) 
would be large enough to produce stable clustering results if the four subgroups were to be analyzed 
separately. However, that issue would not affect the dissertation’s research aims (it regards follow-on 
research). Also, note the differential impact of the 149 excluded organizations on each subgroup. Table 
3–15 indicates the degree to which each subgroup was affected by the screening criteria.  
 

Table 3–15: Effect of Screening Criteria on Study Population 
Size n (State Members) n (Local Members) n (Members) 

Small (10-30 members) -24 -41 -65 
Large (31+ members) -65 -19 -84 

Total -89 -60 -149 
 
Small-State VOAD organizations were reduced from 192 to 168; this was a reduction of 12.5% 

(and 16.1% of all 149 non-qualifying organizations). Small-Local VOAD organizations were reduced from 
160 to 119; this was a reduction of 25.6% (and 27.5% of all 149 non-qualifying organizations). Combined, 
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Small VOADs lost 18.5% of their population when excluding non-qualifying organizations (and 43.6% of 
all 149 excluded organizations).  
 Large-State VOAD organizations were reduced from 231 to 166; this was a reduction of 28.1% 
(and 43.6% of all 149 non-qualifying organizations). Small-State VOAD organizations were reduced from 
226 to 207; this was a reduction of 8.4% (and 12.8% of all 149 non-qualifying organizations). Combined, 
Large VOADs lost 18.4% of their population when excluding non-qualifying organizations (and 56.4% of 
all 149 excluded organizations).  
 State VOADs accounted for 59.7% of the excluded organizations, and Local VOADs accounted for 
40.3% of the excluded organizations. When comparing the unequal impact of the excluded organizations 
across all subpopulations, the preliminary conclusion is that State VOADs may have been more likely to 
list government agencies as VOAD member organizations. However, refer back to the issue with 
Oklahoma listing redundant chapters of the American Red Cross as individual VOAD members. This issue 
with the additional American Red Cross chapters (n=14) coming from the Large-State subpopulation 
clearly has an outsized effect on the overall distribution.  
 
3.4.4 Summary of Study Population 
 

 Up to this point, I have laid out how a non-probability quota sample of 28 matched, balanced, 
and geographically-distributed VOADs created a study population of 660 member organizations. These 
organizations were distributed across four VOAD subtypes (Small-State, Small-Local, Large-State, and 
Large Local). This would allow for a sufficiently large population that comprehensively covered the full 
range and variety of VOAD member organizations. However, the distribution of organizations across the 
sampled VOADs could not be generalized to all VOADs without additional (planned) validation. The only 
part that matters is that such validation was not necessary to fulfill the research aims.  
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While the 28 VOADs are a sample (49.1% of all eligible VOADs), the study population of member 
organizations represents an intact population that accounts for 42.8% of all organizations (pre-
screening) in the eligible population. By any convention, a subpopulation representing such a large 
portion of the eligible population is very robust. In this case, the fact that each VOAD’s contribution 
represents an intact census of members (rather than a sample of members) further reinforces the 
degree to which the study population can be characterized as a population rather than a sample.  

Issues normally germane to the analysis of a sample (e.g., the presence of unique, independent, 
and normally distributed observations) do not apply to the study population of organizations. 
Furthermore, this was an intrinsically weighted population due to the repeated presence of chaptered 
organizations like the American Red Cross and the United Way. Such weighting was organic to the 
population, as was the distribution of other organizations, organizational subtypes, and organizational 
subgroups within the study population (see Section 4.7). Because the study population represents the 
aggregated census for 28 (49.1%) of all study-eligible VOADs, all study population organizations are 
essentially being classified within their normal “ecosystems”.  

When any findings regarding the proportional representation of organizations are presented 
(e.g., 13 Adventist Community Services organizations among 28 VOADs), those findings refer explicitly to 
the sample of VOADs and not the broader population of VOADs. Any generalizablility regarding findings 
about the VOADs would require additional (planned) steps, but they are not required to satisfy the 
research aims. All that matters is the degree to which the study population covers the range of 
organizational types and subgroups. That is what would ensure that any organizations not represented 
in the study population would have a place in the proposed taxonomy of organizations. Differences in 
proportional representation between the organizations from the sample of VOADs and all VOADs have 
no bearing on the classification of organizations.  
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3.5 Data Collection Methods and Reliability 
 
 All data collection was performed using a content analysis questionnaire. Chapter 4 presents 
and discusses measures (with descriptive data). See Appendix C for the data collection instrument. A 
team of coders would visit websites (VOAD websites, member organization websites, and trusted third-
party sources like Charity Navigator) and then record their answers to the data collection instrument’s 
questions using the web-based survey. Specifically, coders would enter their responses on a Google 
form, and their work would be automatically recorded in a Google spreadsheet. The data were then 
transferred to Excel for cleaning and management before being imported to STATA for analysis.  
 
3.5.1 Data Collection for VOADs and Member Organizations 
 
 Primary data collection on VOADs was conducted from January to May 2014 by two coders. This 
included building the total population of VOADs (n=161) and identifying the total number of member 
organizations (n=2,302). This was pragmatically the universe from with the study population would be 
created. We held weekly meetings to review a sample of VOAD records to continue training and ensure 
inter-rater reliability. Furthermore, there was nearly daily contact between us to ensure the clarity of 
instructions for the purpose of maintaining reliability throughout the process.  
 Data collection on VOAD member organizations was primarily conducted from October 2014 – 
January 2015. There were a total of seven coders (including me). However, note that 571 of 660 (86.5%) 
of all organizations that were ultimately retained in the study population were coded by only three 
individuals, meaning that it was easier to ensure inter-rater reliability. The additional four research 
assistants made very marginal contributions.  
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3.5.2 Training and Inter-Rater Reliability 
 
 All research assistants began with a 90-minute training session on the dissertation, the 
population of interest, and the data collection instrument (see Appendix C for the instrument and 
Chapter 4 for the presentation of measures). They were then assigned one Small VOAD (defined as 
having fewer than 30 member organizations) and instructed to collect data on all members of that 
VOAD. Upon completion, a second training session was conducted to thoroughly review their work. 
From that point forward, the research assistants were assigned one VOAD at a time. Upon completion of 
each VOAD, a spot check of 10% of their completed records was conducted to ensure reliability. 
Additional training was conducted, if needed. Furthermore, there was frequent contact (by message and 
in-person) throughout the process to address questions and issues. Since only three coders (including 
myself) collected data for 86.5% of the organizations that were ultimately used in the study population, 
the process of maintaining inter-rater reliability was fairly straightforward.  
 In all cases where a research assistant used the questionnaire response codes for “unclear/not 
sure” or “no answer available”, I would personally visit the website to reevaluate the answer to the 
question. If necessary, additional training was provided. By the end of data collection, only 19 of 679 
(2.8%) of organizations in the dataset still had fields marked as “unclear/not sure” or “no answer 
available”. This was legitimately due to either insufficient or unclear information provided by the 
organizational websites, and these 19 organizations were removed from the dataset as discussed in 
Section 3.4.3 (full details are provided there).  I do not consider it likely that dropping these 
organizations changed the size, shape, or scope of the study population in a meaningful way (i.e., to 
such a degree that it would alter the classificatory process).  
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3.5.3 Effect of Repeated Organizations on Reliability 
 

There were also additional reliability steps and benefits due to the nature of the study 
population. The final dataset of 660 organizations includes multiple “repeated” organizations drawn 
from 28 VOADs. This is because different chapters or branches of the same organization are present 
across many locations. I use the term “chapter” in the generic sense to refer to any organization that is a 
clear affiliate or subsidiary of a larger parent organization with the same name (e.g., there were eight 
occurrences of Habitat for Humanity organizations across the 28 VOADs). In effect, the repeated 
organizations resulted in natural weighting, but there were other implications. 
 The repeated organizations allowed for an additional opportunity to evaluate reliability within 
these subgroups to a certain degree. Among the 28 VOADs, there were 13 instances of Adventist 
Community Services in the dataset of 660 organizations. It turns out that in each case, the same website 
was used for data collection. In other words, the raters should have recorded identical answers for all 
(or nearly all) questions on the survey because they were collecting data from the same source.  
Upon completion of principal data collection, I reviewed all answers in the dataset for consistency within 
such subgroups. I focused my attention on repeated organizations, such as Adventist Community 
Services. In any case where answers that should have been uniform were not, I would personally visit 
the website and adjudicate the appropriate answer. The same process was used for the American Red 
Cross (n=28). These two organizations were incorporated as single entities at the national level, and all 
branches/chapters were administratively subordinate to one large organization (which had information 
available from one source). This additional step improved the reliability of the dataset.  
 Note, though, that other “identical” organizations fell into a different category. Examples 
include Catholic Charities (n=19) and the United Way (n=21).  While each organization was a branch or 
chapter of a larger organization, they were independently incorporated at the local level. Each branch 
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was autonomous, filing its own IRS paperwork and operating its own local website (i.e., an independent 
source of data). That is because Catholic Charities and the United Way use a different organizational 
model than the American Red Cross and Adventist Community Services. Thus, while there was a great 
deal of consistency across these organizational subsets, there were certain data points that justifiably 
expressed variation (e.g., each chapter had a unique revenue value).  

By careful review of the dataset, the websites, and the structural relationship of chapters to 
their parent organizations, I increased the data reliability for these organizations. However, there would 
always be a higher degree of within-group variation among chaptered organizations that had multiple 
data sources (e.g., the United Way) when compared to those that had one data source (e.g., Adventist 
Community Services). As a point of reference, more than one third of the study population was 
comprised of chaptered organizations.  
 
3.5.4 Additional Reliability Steps 
 
 Finally, there were two other points at which coding error was identified and corrected. First, 
any time I would visit an organization’s website after it had already been coded, I would use that 
opportunity to spot check the answers for other questions. Several coding errors were identified this 
way. Second, coding errors were also identified during the preliminary cluster analyses (the principle 
analytical method). As organizations were separated into clusters based on their answers to specific 
questions (variables), certain noteworthy outliers were very easy to spot. For example, if 12 of 13 
Adventist Community Services organizations wound up in one cluster, with the thirteenth falling in a 
different cluster, then I would revisit the dataset to determine how and why this had happened. In 
several cases, this technique revealed coding errors which could then be corrected. After updating the 
dataset, the cluster analyses would be repeated.   
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3.5.5 Summary of Data Collection Methods and Reliability 
 
 The web-based survey facilitated data entry, management, and curation. There were multiple 
methods, techniques, and opportunities to assess and improve inter-rater reliability and the ultimate 
reliability of the dataset at different points in the process.  Regarding data validity, please remember 
that all claims made by an organization on its website were accepted and documented at face value. 
There was no means (or attempt) to evaluate the veracity of an organization’s web content. The only 
(tangential) exception to this is discussed in Section 4.3.3 with regard to answering the question about 
the disaster phases. While certain information was available through Charity Navigator and Guidestar, 
this information was drawn from reports that each organization filed with the IRS. Therefore, all data 
were directly or indirectly self-reported by the organizations.  
 
3.6 Summary  
 
 This chapter provided an overview of the research design, explained how a non-probability 
quota sample of VOADs was selected to create a study population of organizations, and discussed data 
collection methods and reliability. Other methodological subjects are located in other chapters. Chapter 
4 presents the measures. Chapter 5 documents the pre-analytical preparation and processing of 
variables. Chapter 6 presents the analytical methods for polythetic clustering, and Chapter 7 presents 
the analytical methods for parsimonious hierarchical clustering.   
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4.0 Measures 
 
 The data collection instrument (Appendix C) was used to document answers for 32 questions of 
varied data response types (dichotomous, nominal, ordinal, continuous, and text/short answer). The 
goal was to document trait variation among the study population organizations to classify them in a 
meaningful way. This chapter provides an overview of the question domains, constructs, and summary 
statistics. It provides sufficient detail, where appropriate, for data that were used to answer the 
research questions. More detailed data and discussion regarding all questions are located in Appendix D. 
This chapter concludes with a presentation of 32 binary variables used in the statistical analyses.  
  The questions were developed using two main considerations. First, I used prior research 
efforts to identify question domains and questions relevant to classifying nonprofit organizations (as 
presented in Chapter 2). Second, I needed to consider the availability and accessibility of data from my 
sources. Based on data collection methods, there would inevitably be a gap between the information I 
would like to know about the organizations compared to the information available from the sources 
(i.e., organizational websites, VOAD websites, and trusted third-party sources like Charity Navigator). 
Appendix D also includes discussion of data that I could not collect due to limitations relating to the data 
collection methods or sources. Note that a substantial amount of data that was not used towards the 
purpose of organizational classification remains available for complementary and follow-on analysis. 

I needed complete data for all questions/variables across all cases because hierarchical cluster 
analysis performs casewise deletion of records with missing data. I could not circumvent this by using a 
substitute code to indicate missing data. All questions would therefore need to reflect data commonly 
available on all or most organizational websites in order to perform a systematic analysis of all 
organizations in the study population. This effectively reduced the number of variables that I would be 
able to create and use for the analyses.  
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Not all questions on the data collection instrument were considered for or advanced to the 
quantitative analyses. This chapter focuses on the questions that survived the variable processing and 
screening procedures.  As will be discussed in Chapter 5, the data were processed and dichotomized 
such that a binary variable would be created for each response category of nominal and ordinal 
questions. Briefly, a pool of 57 binary variables was evaluated for inclusion in the quantitative analyses, 
and 32 binary variables were ultimately advanced for inclusion in the analyses. Those 32 variables were 
developed from 12 of the original questions. Appendix D provides additional detail for the questions, to 
include discussion of questions ultimately used for analytical variables and those that were discarded.  

Questions and the variables derived from them were organized according to domain. The 
domains are defined in this chapter and elaborated upon in Appendix D. When a question with multiple 
response categories was dichotomized (e.g., a four-category nominal question would become four 
binary variables), then the intact set of variables corresponding to the same question are referred to as 
a variable construct. Data from a question originally collected as dichotomous are considered as 
“independent” binary variables or as constructs with only one binary variable. The 32 binary variables 
used in the analyses are distributed across three domains, a total of six variable constructs, and three 
additional “independent” binary variables. See Table 4–1.  
 

Table 4–1: Summary of Question and Variable Types 
Question Type 

n  (Constructs/  Questions) 
n (Binary Variables  Created from  Response Categories) 

n (Added Binary Transformations) 
Nominal 4 15 - 
Ordinal 2 9 2 

Dichotomous 6 6 - 
Totals 12 30 2 
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The application of variable constructs was essential for pursuing the goal of faceted classification 
(defined in Chapter 2). Consider Figure 4A.  
 

Figure 4A: Variable Constructs as Facets 

 
Each face of the cube (a die) represents a variable construct. The top face has five dots. These would 
correspond to five binary variables created from a question with five response categories. Five variables, 
one construct. The surface facing to the right represents a question originally collected as dichotomous. 
The surface facing left represents a construct of three binary variables created from a question with 
three response categories. These surfaces are the “facets” used towards the goal of faceted 
classification. A domain is represented as the combination of one or more of these facets. This is 
presented now because these terms will help frame the forthcoming explication of question domains, 
questions, and summary statistics (presented here and augmented by Appendix D).  
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4.1 Question Domains  
 

I attempted to use five different question domains (plus a sixth category of questions, “other”) 
when developing the data collection instrument. I will briefly define these domains. I ultimately used 
three domains of questions in the final product. 
 The structural/operational domain considers how members of the study population organize 
and structure themselves to full their missions and purpose. These can reflect matters of incorporation 
(e.g., religious or charitable), the relationship between parent organizations and chapters/subsidiaries, 
or the scope and size of an organization’s service area (among other factors). Prior research on similar 
study populations (see Chapter 2) created the expectation that the structural/operational dimensions 
would be best suited for classifying VOAD member organizations.  
 The functional domain considers what the organizations actually do. It speaks to an 
organization’s mission statement. Specific programs, services, and activities carried out by the 
organization are of great interest. As will be presented below (and elaborated upon in Appendix D), I 
created a framework for classifying these programs, services, and activities against the framework of the 
emergency management cycle presented in Chapter 2. This applied most explicitly to organizations 
whose services were explicitly framed in the context of disasters (i.e., many organizations engaged in 
completely unrelated activities, such as providing adoption services). However, other organizations were 
VOAD members because of the unambiguous, clearly identifiable transferability of various programs, 
services, and activities (e.g., food services). Prior organizational researchers (see Chapter 2) considered 
functional classification to be an elusive ideal. They tried to achieve it, but they could not.  
 The financial/resource domain considers aspects such as revenue or other resources that an 
organization can bring to bear on any particular issue. In this context, the focus was on participation in 
VOAD activities. However, it often proved difficult or impossible to gauge the proportion of any given 
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organization’s revenue or other resources dedicated to disaster programs, services, and activities. In 
effect, this meant that revenue became a proxy for gauging the organization’s size and scale.  
 The demographic/socioeconomic domain focuses on two key questions: (1) who belongs to this 
organization?; (2) who does this organization serve? These issues spoke to both group/membership 
identity as well as to particular populations (especially vulnerable populations) that the organization 
assisted. As a preview, the single surviving question (post-screening) from this domain was merged with 
the functional domain (discussion and justification is provided in Section 4.5).  
 The social domain considers the nature, quality, and frequency of organizational interactions. 
Briefly, the data sources and the data collection instrument failed to yield useful questions or variables 
from this domain. This was disappointing because of the explicit social nature of VOADs and their 
member organizations. As discussed in Chapter 2, VOADs are intrinsically a vehicle for creating, sharing, 
and applying collective social capital. That said, the taxonomy produced by this dissertation has clear 
relevance for supporting follow-on sociometric and social networking research.  
 The final category of questions (“other”) dealt with a few different topics. These included 
domains beyond this dissertation’s capacity, VOAD-specific questions (i.e., those that applied to VOADs 
rather than VOAD member organizations), and administrative variables designed to assist with data 
management. One of these administrative variables went on to play an unintended but critical role in 
this dissertation (this is briefly introduced below and elaborated upon in Chapter D). 
 The following subsections (organized by domain) present descriptive data and discussion for all 
questions/constructs that were used in the quantitative analyses. Supplementary data and discussion 
for these and other questions is located in Appendix D. Each subsection also assesses the quality and 
utility of the data, including attempts to retain data through transformation, where needed. The chapter 
ends with a presentation of the final 32 binary variables used. Chapter 5 will provide more specific 
details regarding the evaluation, processing, and preparation of the variables.   
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4.2 Structural/Operational Domain 
 
 Prior research clearly indicated that questions and variables from this domain were highly likely 
to prove most useful for classificatory purposes (see Chapter 2). This is because these data speak to 
fundamental issues regarding how the organizations go about fulfilling their missions (as opposed to 
what they do, which is covered by the functional domain). The content of this chapter focuses on 
questions that were ultimately used as variables for the statistical analyses. All supplementary data and 
discussion in located in Appendix D.  
 As a preview, 14 of the 32 questions on the data collection instrument could be used for 
structural/operations purposes (some questions offered the opportunity to be used in different ways). 
Seven of these 14 questions would ultimately be used to create a total of 17 structural/operational 
variables (out of 32 total binary variables). The 17 variables were organized as three variable constructs 
plus an additional four “independent” binary variables. In other words, almost half of the questions on 
the data collection instrument came from this domain, and more than half of the variables came from 
this domain. This was disproportionately larger than the other domains.  
 
4.2.1 Detailed Description (Structural/Operational Domain) 
 

Many of the structural/operational issues are settled at the time of the organization’s 
incorporation, but they can change over time. One self-evident distinction between organizations in my 
population is whether or not they are faith-based. Another is whether or not they are incorporated as 
religious or charitable organizations. It is essential to understand that there is overlap on these 
dimensions; an organization can be faith-based yet not incorporated as religious organization. This 
observation helped inspire this entire research effort. See Figure 4B.  
 



 

Figure 4B: Venn Diagram of Charitable, Religious, and Faith
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Figure 4B: Venn Diagram of Charitable, Religious, and Faith-Based Organizations
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they file paperwork separately with the IRS, they operate their own independent websites (i.e., separate 
data sources), and their business operations are separate. While similar, they even have different 
mission statements and programs. There are 21 United Way chapters in the dataset; they all operate 
under the “brand” of the United Way, but they are discrete entities (i.e., independently incorporated).  
 Compare this to the American Red Cross (ARC). ARC chapters are not independently-
incorporated. The National ARC headquarters files one consolidated IRS Form 990 that is inclusive of the 
financial activity for all chapters. Each chapter’s web presence exists as a webpage on the national 
American Red Cross website. There is a very high degree of uniformity in programs and services offered 
at each chapter. Furthermore, the consolidated structure facilitates resource sharing across chapter 
boundaries in a way that exceeds the capacity of the independently-incorporated organizations. This is 
evident when California volunteers are rapidly mobilized for disaster operations in New Jersey, etc.  

Each ARC chapter (n=28) is quite literally part of the larger national organization, whereas 
Catholic Charities and United Way chapters are organized as autonomous affiliates of their parent 
organizations. Compare these three chaptered organizations to those which have no chapters at all 
(examples include many food banks, neighborhood legal services organizations, local disability services 
organizations, etc.). There is a clear range of variation on these structural/operational dimensions.  

To this point I have introduced four dimensions of variation: charitable/religious, faith-
based/not-faith-based, consolidated/independent chapters, and chaptered/un-chaptered. The 
preceding examples help illustrate concrete, meaningful dimensions of variation that distinguish 
organizations in my dataset from each other based upon structural/operational considerations. Perhaps 
the next question is “So what? What does it matter whether or not a VOAD member is chaptered, faith-
based, or independent?” On the surface, these differences may seem to be of purely academic value. 
However, when combined with variables from other dimensions (e.g., revenue, functions, etc.), a more 
complete understanding of the population and its characteristics emerges.  
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 As a final note, an organization’s mission statement has qualities that can speak to either the 
structural/operational or functional domains. I address organizational mission statements under the 
functional domain because I was explicitly using that data for functional purposes. However, I must 
acknowledge that structural/operational characteristics are also evident in mission statements (e.g., is it 
faith-based?). In fact, several of my variables could arguably belong to more than one domain of 
questions. It came down to how I used these variables. 
 
4.2.2 Assessment of Data Sources (Structural/Operational Domain) 
 
 Almost universally, organizational websites have readily available and easily verifiable 
information regarding structural/operational data. Within five minutes on most websites, any visitor can 
learn whether or not it is charitable or religious, faith-based or not faith-based, etc. When this 
information is not readily apparent, third party sources such as Charity Navigator and Guidestar provide 
comprehensive information that can fill in the gaps. Remember that these third party sources are 
indirectly collecting information that any given organization has self-reported to the IRS (see Section 
1.4). Because of this, the information available within the structural/operational domain is robust and 
generally reliable. I say reliable because even though the information is self-reported, any organization 
is legally liable for providing false information to the IRS.  
 
4.2.3 Questions and Summary Statistics (Structural/Operational Domain) 
 
 This section provides descriptive data and discussion for structural/operational questions that 
were ultimately used in the analyses. Supplementary content, along with descriptive data and discussion 
for other questions, is provided in Appendix D. The data collection instrument is in Appendix C.  
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Faith-Based 
The data collection instrument asked one dichotomous question regarding whether or not 

organizations were faith-based, and it had an added question to identify subtypes of faith-based 
organizations. See Table 4–2 for the summary findings of both questions.  
 

Table 4–2: Faith-Based Summary Statistics 
Faith-Based Status n % n (FBOs merged) % (merged)  

FBO – Congregation 79 12.0% 
359 54.4% Faith-Based  (all 3 categories) FBO – Collective 127 19.2% 

FBO – Other 153 23.2% 
Not Faith-Based 301 45.6% 301 45.6% Not Faith-Based 

Total 660 100% 660 100%  
 
Note that “FBO – Other” was almost entirely comprised of 501.c.3 charitable organizations that were 
faith-based. The other two FBO categories were 501.c.3 religious organizations. The distinction between 
congregations and collectives was almost universally self-evident (usually as part of the organization’s 
name). For example, an individual Baptist church is clearly distinct from a Baptist Convention (group of 
churches). The same relationship exists between Presbyterian churches and Presbyteries.  
 
Charitable 
 One nominal question asked about the organizations’ incorporation type. See Table 4–3. 
 

Table 4–3: Charitable/Religious Summary Statistics 
Organizational Type n % 

Charitable 426 64.5% 
Religious 206 31.2% 
Neither (unincorporated) 28 4.2% 

Total 660 100% 
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As there were 153 “FBO – Other” organizations, this means that nearly 35.9% of all 426 
charitable organizations were faith-based. Looking at “FBO – Other” organizations from a different 
perspective, nearly 153 of 359 (46.2%) FBOs were charitable organizations. Not only are these sizeable 
percentages, but this is the first time this has been documented in research for the population of VOAD 
member organizations. From a sample of 28 VOADs, 153 of 660 (23.2%) of the member organizations 
are faith-based charitable organizations. At this point, I will identify that 2 of the 153 (1.3%) “FBO – 
Other” organizations were actually a special case, and this will be addressed further below. For now, 
note that these two exceptional cases are religious rather than charitable organizations.  
 The issue of the 28 unincorporated entities must also be addressed. Appendix D describes and 
justifies the inclusion of government-sponsored volunteer organizations, like CERT and MRC units (n=6).  
These account for 21.4% of the 28 unincorporated entities. There were other unincorporated entities, 
such as university-based programs or some amateur radio clubs, that round out this number. Since none 
of these entities were religious or faith-based, they were ultimately counted among non-faith-based 
charitable organizations because they more similar to them overall. I also did this because these entities 
accounted for less than 5% of the study population. 
 Table 4–4 expresses the data in Tables 4–2 and 4–3 as a contingency table.  Figure 4B illustrated 
these categories. We can now quantify the degree of overlap for faith-based charitable organizations.   
 

Table 4–4: Interrelationship of Charitable, Religious, and Faith-Based Organizations 
Organizational Type Faith-Based Not Faith-Based Total 

Charitable + Unincorporated 153 (23.2%)1 301 (45.6%) 454 (68.8%) 
Religious 206 (31.2%) 0 (0%) 206 (31.2%) 

Total 359 (54.4%) 301 (45.6%) 660 
 1 Denominator for all percentages is 660.   
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I experimented with variable combinations and transformations derived from these categories, but I 
ultimately opted to retain the original dichotomous variables for the analyses  
 
Chaptered 
 One dichotomous question asked whether or not an organization was a chapter/branch of a 
larger organization (e.g., the American Red Cross or the United Way). I found that 228 of 660 (34.5%) of 
the organizations in the dataset were chaptered. Earlier I noted that there were two special case 
organizations from the “FBO – Other” subgroup. This will soon be relevant.  

I only applied the idea of chaptered organizations to charitable organizations (e.g., I did not 
consider an individual, brick-and-mortar Lutheran church to be a “chapter” of the Lutheran 
denomination). The exception was The Salvation Army, which is incorporated as a religious organization 
(i.e., it is actually a church unto itself). Salvation Army is organized into military-themed components, 
using terms like corps, divisions, area commands, units, etc. Among the 28 VOADs in my study 
population, the 23 Salvation Army units were identified as chapters of the Salvation Army.  
 
IRS Form 990 Filing Status 
 I also collected data about an organization’s IRS filing status for the IRS Form 990. See Table 4–5. 
 

Table 4–5: 990 Filing Status Summary Statistics 
Filing Status of Chapters n % 

990 – No Chapters (stand alone, unaffiliated organizations) 226 34.2% 
990 – Independent Chapters (each chapter files its own IRS Form 990) 107 16.2% 

990 – Consolidated Chapters (one IRS Form 990 encompasses all chapters) 119 18.0% 
990 – Exempt (religious organizations) 208 31.5% 

Total 660 100% 
 

I have twice mentioned two special case organizations from the “FBO – Other” category. Note 
that there were 206 religious organizations (“FBO – Congregation” + “FBO – Collective”), but there are 
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208 “990 – Exempt” organizations; these numbers should be identical. Likewise, there were 228 
chaptered organizations. However, Table 4–5 indicates that there were 107 organizations with 
independent chapters and 119 organizations with consolidated chapters (107+119=226). Again, there is 
a discrepancy of two organizations. This discrepancy is accounted for by two of the 19 organizations 
identified as being chapters of Catholic Charities.  

I earlier indicated that Catholic Charities was an independently-chaptered, faith-based, 
charitable organization. It turns out that two of the organizations among my 28 VOADs were identified 
as being Catholic Charities affiliates, but they were in fact wholly operated by the local Catholic Diocese 
(a religious organization) and exempt from filing an IRS Form 990 in these two exceptional cases. 
However, because they were identified as Catholic Charities affiliates, it was important to retain their 
link to the other Catholic Charities chapters (which are overwhelmingly independently-incorporated, 
charitable, and faith-based organizations).  
 
Service Area 
 An ordinal variable collected data regarding the service area size for each organization, which 
suggests an organization’s scope and range. A service area was defined as the principal geographic 
region in which an organization focused or organized its efforts and activities. See Table 4–6. 
 

 Table 4–6: Service Area Summary Statistics 
Organizational Service Area n % 

Smaller than county-sized (e.g., a city or neighborhood) 144 21.8% 
County or multi-county 156 23.6% 

State or multi-state 152 23.0% 
National 130 19.7% 

International 78 11.8% 
Total 660 100% 
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Service area was a very helpful consideration with regard to independently-chaptered or un-
chaptered organizations. For example, the United Way of Ocean County (New Jersey) has a clearly 
defined service area that corresponds with a designated geopolitical jurisdiction. This is meaningful 
because many local government services (e.g., law enforcement, public health, and emergency 
management) also identify according to the same boundaries. Indeed, emergency management and 
disaster response is primarily a function of local governments and jurisdictions. Depending on a variety 
of factors (e.g., population density or place-name identification), the size and shape of such areas can 
change (e.g., the United Way of Northeast Mississippi or the Greater Boston Foodbank). 
 While service area can be conceptualized as ordinal based on the geopolitical tiers (e.g., city, 
county, state), this does not account for population size. For example, the County of Los Angeles is more 
populous than 43 states. The dataset includes population information, but it was not part of the 
classificatory analyses. It is available for follow-on research. Expanded discussion of the service area 
construct is located in Appendix D.  
 
4.2.4 Utility of Collected Data (Structural/Operational Domain) 
 
 With a few exceptions (discussed in Appendix D), a wealth of the structural/operational data 
was easily accessible from the data sources. I was able to complete the records for all organizations in 
the dataset with discrete, valid, and verifiable values. Some degree of data cleaning and recoding was 
necessary, but overall, these data were robust and had high utility (especially compared to other 
domains). See Appendix D for questions regarding government-sponsored volunteer programs; this set 
of questions was not advanced for consideration in the analyses. All final structural/operational 
variables are presented at the end of this chapter.  
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4.3 Functional Domain 
 
 The functional classification of nonprofit organizations is effectively like the quest for the “Holy 
Grail” of organizational sociologists. What does an organization actually do, and can organizations be 
reliably and validly classified on that basis? Chapter 2 described some of the prior research efforts. 
Overall, my efforts at functional classification were also a disappointment; I faced the same pitfalls and 
challenges as many other researchers. However, it would not be an absolute failure. The final results 
reflected both an innovation in how an organization’s functional aspects were assessed as well as a 
potentially important new research finding that can inform efforts at functional classification. The 
content of this chapter focuses on questions that were ultimately used as variables for the statistical 
analyses. All supplementary data and discussion in located in Appendix D.  
 As a preview, 14 of the 32 questions on the data collection instrument could be used for 
functional purposes (some questions offered the opportunity to be used in different ways). The same 
number of variables was available for the structural/operational domain. However, only three of these 
14 questions would ultimately prove viable for creating just eight functional variables (out of 32 total 
binary variables). These were organized as two variable constructs plus one additional “independent” 
variable. Note that after variable processing, an independent binary variable from the social domain was 
reassigned to the functional domain (thus making nine functional variables after the reassignment). This 
is explained in Section 4.5. To summarize, the functional questions performed poorly in comparison to 
the structural/operational variables with respect to their suitability for inclusion in the analyses.  
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4.3.1 Detailed Description (Functional Domain) 
 
 The functional domain seeks to determine what organizations do (their programs, services, and 
activities). To summarize the lessons from Chapter 2, the problem is that each of these organizations 
self-defines their functions. They also generally use imprecise and inconsistent language.  
 I will provide a clear example. Many organizations indicate that they “respond” to disasters. 
Chapter 2 introduced the emergency management phases of disaster preparedness, response, and 
recovery (the mitigation phase was excluded). Among emergency management professionals and 
researchers, each of these phases is clearly defined, and there are a range of tasks and activities 
commonly associated with each phase. The response phase generally characterizes activities taking 
place during or in the immediate aftermath of a disaster’s impact. These include tasks such as search 
and rescue, emergency medical treatment and transportation, emergency (short term) sheltering and 
feeding of displaced persons, etc.  
 The problem is that organizations in the study population use terms like “response” to 
characterize their programs, services, and activities even when they fall outside the scope of how 
“response” is defined in the context of emergency management. The next section elaborates upon this 
and provides the solution that I used. The functional domain also considers an organization’s mission 
statement and other variables that provide insight regarding an organization’s functions.  
 
4.3.2 Assessment of Data Sources (Functional Domain) 
 

The problem with relying on an organization’s self-defined and self-reported functions is not 
about veracity. Rather, it is about their unreliable use of specific terms that have meaning to civil 
servants and the research community. To continue an earlier example, the term “response” means 
something different to community organizations than it does to emergency management professionals 
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and researchers. Furthermore, “response” means something different to organizations within the same 
population. When any particular organization “responds” to a disaster, it does so in the context of its 
own mission and capacity. Some organizations focus on post-disaster clean-up or helping families 
replace their household goods, and this is their form of “response”. However, according to the 
emergency management phases, these tasks and activities are squarely in the realm of disaster recovery 
rather than response.  This does not mean that organizations in my study population did not engage in 
response (at all). It means that I had to look beyond the language used by these organizations.  

I needed to develop a mechanism that evaluated an organization’s specific programs, services, 
and activities against the framework of the emergency management phases. In other words, I could not 
implicitly trust the language used by the organizations in the study population to characterize their 
efforts. Furthermore, they collectively used a wide range of terms to describe the same or similar tasks. I 
would need to perform a complete qualitative analysis of their key terms in order to make these data 
useful for the quantitative analyses used in this research. This is beyond the scope of this dissertation 
and would require a complementary research effort. However, the taxonomy established by this 
dissertation lays the ground work for follow-on investigation regarding the utility of functional data.  
 To summarize, my data collection methods had to characterize an organization’s self-reported 
programs, services, and activities according to the framework of emergency management phases. I also 
had to consider the fact that most VOAD member organizations existed for purposes entirely unrelated 
to disasters. For example, food banks exist to address the food insecurity of people living in poverty. Yes, 
food banks are critical VOAD members, but their core purpose has nothing to do with disasters. 
Likewise, organizations like The Salvation Army provide services to the homeless or recovering drug 
addicts. Yes, they also have disaster services, but these are separate from the organization’s reason for 
existing. I therefore had to consider functional characteristics beyond their specific and narrow 
contributions to disaster response and recovery.  
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 The following section focuses on the questions that ultimately yielded useful functional data 
that could be used for classificatory purposes. All other functional questions and data are further 
described in Appendix D. Also, note that in a few cases, some functional data were retained only 
through substantial efforts to transform the raw data. As a reminder, this was a largely a failed 
endeavor. However, I can take solace for two reasons. First, my effort failed for the same or similar 
reasons that other researchers have encountered. Second, the failure was not absolute. Some valuable 
information and insight did come out of this process.  
 
4.3.3 Questions and Summary Statistics (Functional Domain) 
 
 This section provides descriptive data and discussion for functional questions that were 
ultimately used in the analyses. Supplementary content, along with descriptive data and discussion for 
other questions, is provided in Appendix D. The data collection instrument is in Appendix C.  
 
Mission Statement 

A nominal question with three response categories characterized mission statements as 
exclusive to disasters (it is why the organization exists), inclusive of disasters (it is part of the mission 
statement, but not the organization’s sole purpose), or disasters could be absent from the mission 
statement. See Table 4–7.  
 

Table 4–7: Mission Statement Summary Statistics 
Mission Statement’s Relationship to Disasters n % 

Exclusive to Disasters  148 22.4% 
Includes Disasters  125 18.9% 
Disasters Absent  387 58.6% 

Total 660 100% 
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It was not surprising to note that more than half of the VOAD member organizations made no 
mention of disasters in their mission statements (this is distinct from whether or not disasters are 
mentioned somewhere else on the website). Looking at subsets within the dataset, it seemed logical 
that 142 of 206 (68.9%) religious organizations did not mention disasters in their mission statements; 
they largely exist for ecclesiastical reasons. However, many of them explicitly provided disaster services 
as an extension of their ministries (regardless of mission statement).  
 My interest was piqued upon closer examination of the independently-incorporated chaptered 
organizations. As autonomous entities, each chapter has a unique mission statement that is in line with 
yet distinct from the mission statement of the national parent organization. For Catholic Charities, 13 of 
19 (68.4%) chapters did not include disasters in their mission statements, whereas the remaining 
chapters did include disasters as part of their larger missions. For the United Way, 16 of 21 (76.2%) 
chapters did not include disasters in their mission statements, but the other chapters did. While 
nominally the “same” organization, the fact that the content of chapter mission statements varied 
among these organizations was noteworthy, and it would later influence the quantitative analyses. This 
was a sign of the importance that within-group variation would assert.  

Also, remember that some chaptered organizations, like the American Red Cross (n=28), have 
multiple instances of repeated content in the dataset.  Thus, 28 of 148 (18.9%) of organizations with 
mission statements exclusive to disasters are all attributable to the large number of American Red Cross 
chapters. That said, this variable provides a good snapshot of how central the topic of disasters is to 
organizations within the study population.  
 The full text of each organizational mission statement was also collected (text-based answer 
format). Only 596 of 660 (90.3%) of the organizations had clearly-marked or identifiable mission 
statements posted on their websites. The 64 organizations without mission statements were counted 
among the 387 organizations identified above in Table 4–7 as having the topic of disasters absent from 
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their mission statements. For the most part, organizations without identifiable mission statements were 
small, un-chaptered charitable organizations with low budgets or religious organizations. The purpose of 
documenting the full text of the mission statements was to perform secondary key word analysis if time 
allowed (this was not necessary to achieve the dissertation’s research aims).  
 
Disaster Phase Activity 
 The data collection instrument had three questions specific to the emergency management 
disaster phases (preparedness, response, and recovery). A clear definition was provided for each phase 
along with examples of common activities appropriate for each phase. These instructions are provided 
below. Each organizational website was evaluated for content, programs, services, and activities that 
might correspond to any of the three disaster phases. Such website content could be specified for or 
transferable to disasters. For example, food banks (unless otherwise specified on an individual 
organization’s website) were members of VOADs due to their transferable capacities with regard to food 
collection, storage, and distribution.  

The following language from the data collection instrument was used for disaster preparedness: 
“Preparedness activities/programs/services focus on enabling people and organizations to react 
appropriately if a disaster were to occur. Examples of common preparedness activities include disaster 
education and training, collecting and managing disaster equipment and supplies, and developing 
disaster plans and relationships in anticipation of a disaster.” If the organizational website contained 
evidence of disaster preparedness activities, programs, or services, then a value for “yes” was recorded 
for the organization.  
 The following language from the data collection instrument was used for disaster response: 
“Response activities/programs/services focus on lifesaving activities and the short term humanitarian 
needs of those affected by a disaster. Examples of common response activities include disaster 
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assessment, search and rescue, medical triage, transport, and care, sheltering, feeding, and 
psychological support services.” If the organizational website contained evidence of disaster response 
activities, programs, and services, then a value for “yes” was recorded for the organization. 
 The following language from the data collection instrument was used for disaster recovery: 
“Recovery activities/programs/services focus on post-disaster clean-up, rebuilding, longer term housing, 
financial assistance, client case management, and other needs of individuals and communities who have 
been affected by a disaster.” If the organizational website contained evidence of disaster recovery 
activities, programs, and services, then a value for “yes” was recorded for the organization. 
 While there are correlations, an organization did not need to include disasters within its mission 
statement to provide disaster activities, programs, and services. It should be self-evident that those 
organizations which focused their mission statements exclusively on disasters were more likely to 
engage in these disaster phases. Furthermore, many organizations had transferable activities, programs, 
and services. These were capacities that could be applied to but were not designed for disasters. 
Transferable capacities and behaviors were only counted if there was an undeniable and self-evident 
connection to disasters (i.e., it is clear that adoption services offered by some organizations are not 
intended, designed, or transferable to disasters). Table 4–8 presents the results for this series of disaster 
phase questions. 
 

Table 4–8: Disaster Phase Summary Statistics (Simplified) 
Disaster Phase Programs, Activities, and Services n (out of 660) % 

Preparedness 316 47.9% 
Response 330 50.0% 
Recovery 404 61.2% 

 



108  

Evidence of recovery activities, programs, and services was most common. It makes sense that 
more organizations are involved with recovery than response (government agencies are primarily 
responsible for managing response activities, but some nonprofit organizations still participate in that 
phase). However, the comparatively low number of organizations that provided website evidence of 
disaster preparedness activities is a cause for concern from a logical perspective. After careful 
consideration, I decided to exclude any consideration of preparedness from the quantitative analyses. 
The discussion to support this decision is located in Appendix D.  
 Before dropping consideration of preparedness, I had performed a few variable combinations 
and transformations of the three binary variables in Table 4–8. Specifically, I was attempting to 
determine if there was any analytical utility in phase combinations (e.g., “preparedness + response”, 
“preparedness + recovery”, or “recovery only”). I would go on to create several variable combinations 
and transformations, and I performed preliminary analyses for each one. Data and discussion regarding 
these combinations and transformations is located in Appendix D. I also performed preliminary analyses 
using the untransformed variables in Table 4–8, and the results of the preliminary analyses suggested 
that these data offered little or no classificatory benefit.  
 By this point, I had also realized the lack of utility provided by the preparedness variable. I 
therefore attempted a third transformation that focused on response and recovery. See Table 4–9. 
 

Table 4–9: Disaster Phase Summary Statistics (Final) 
Response and Recovery Combinations n % 

Response and Recovery 269 40.8% 
Response Only 49 7.4% 
Recovery Only 135 20.5% 

Neither 207 31.4% 
Total 660 100% 
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This approach best met my needs. First, I avoided the ambiguity inherent in the preparedness variable 
(see Appendix D). Second, I also avoided the ambiguity presented by the preliminary transformations 
(see Appendix D). The only drawback was that one of the four categories in Table 4–9 (“Response Only”) 
had a low n-value. However, this was also a logical result that supported my expectation that VOAD 
member organizations would probably be more active in the recovery phase. While I would not be able 
to assess the value of these variables towards the goal of organizational classification until I had 
conducted the analyses, this transformation of the preparedness, response, and recovery variables 
provided me with the best opportunity to classify the organizations in consideration to their function.  
 
Specified and Transferable Functions 
 I also attempted to assess the functional domain with another question. In retrospect, this 
should have been separated into at least two questions (i.e., it was poorly designed). It was a categorical 
question that had five valid response categories that attempted to distinguish between single-service 
and multi-service organizations as well as specified disaster activities versus transferable disaster 
activities. See Table 4–10 for the data in their original form. 
 

Table 4–10: Disaster Function Summary Statistics (Original) 
Disaster Functions n % 

Single-Service, Disaster Specified 82 12.4% 
Single-Service, Transferable 78 11.8% 

Multi-Service, Disaster Specified 275 41.7% 
Multi-Service, Transferable 103 15.6% 

No Related Services 122 18.5% 
Total 660 100% 

 
This question and its answers were problematic on several levels. First, as noted, it should have been 
two separate questions (one about the number of services, and one about the nature of the services). 
Second, the multi-service question raised unanticipated issues. For example, if an organization provides 
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five services and only one of them is disaster-related, then it is not clear which category it should be in. 
Likewise, it is unclear how many services there actually are. Finally, I realized that whether clearly 
identified on the organizational website or not, all VOAD member organizations must implicitly have at 
least one disaster-transferable program, service, or activity (even if it is latent). 
 I attempted to retain these data through multiple transformations. I performed preliminary 
analyses with each transformation. Data and discussion for these attempts is located in Appendix D. 
After several attempts, I identified that the only way to retain these data would be to reduce them to 
one simplified binary variable. Specifically, 357 organizations in the study population provided one or 
more specified disaster services. While lacking any degree of specificity or fidelity, this singular data 
point would more forward for further consideration.  
 
4.3.4 Utility of Collected Data (Functional Domain) 
 
 The preceding section referenced several topics that are located in Appendix D. That content 
can generally be summarized as efforts that did not produce useful or usable results. I need to 
specifically address two substantive topics in that appendix that have not yet been referenced.  

First, Appendix D provides data, preliminary analysis, and discussion regarding my attempt to 
use codes assigned to each organization under the National Taxonomy of Exempt Entities (NTEE). NTEE 
codes are meant to be assigned to nonprofit organizations by the IRS. As referenced in Chapter 2, other 
organizational researchers have attempted to use NTEE codes as part of their classificatory endeavors, 
but these data provided no utility for them. As it had never before been attempted for this population of 
interest, I investigated the utility of NTEE codes regarding community organizations active in disasters. 
My results and findings are consistent with those of other research efforts. The data are available for 
follow-on research, and there are opportunities to develop research questions regarding NTEE codes. 
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 Second, Appendix D provides data and discussion regarding an additional functional question 
that was discarded from any consideration. Specifically, it was a poorly designed question meant to 
document the type and nature of aid provided by organizations in the study population (i.e., cash, in-
kind donations or services, etc.). I made several attempts to retain these data through transformation 
before abandoning them. On top of poor question design, the data sources did not generally provide 
adequate information to answer this question. 
 Overall, much of the functional data proved problematic. In some cases it was due to the 
availability and reliability of data available from the organizational websites. In other cases, it was due to 
poor question design. It was also due to the very same problems cited by other researchers who have 
attempted to use functional data for classificatory purposes (see Chapter 2). On that point, my 
experience confirms theirs. The methods used for this dissertation proved largely inadequate to capture 
detailed functional data, but this is not necessarily a failure when considering that other have made 
similar or related attempts. The quality and availability of data are also major factors.  

The functional application of the mission statement data would later prove to be useful in the 
classificatory efforts. Furthermore, the adaptation that I made regarding the disaster phase data 
represents an important innovation that could also prove fruitful. Another benefit of my efforts lies in 
the fact that the descriptive data alone provides value. There has never before been a population-level 
assessment of these organizations, and even though much of the functional data would not inform the 
classificatory efforts, it still represents important new data. On top of these benefits derived from the 
functional data, there is utility in identifying that my results confirmed the results presented by other 
researchers who studied different organizational populations. Finally, the qualitative (text) data that I 
recorded is still available for follow-on analysis that may yield more useful results. All final functional 
variables are presented at the end of this chapter. 
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4.4 Financial/Resource Domain 
 
 The organizations in the study population expressed a large range of variation in terms of 
financial resources. In terms of annual revenue as reported on the IRS Forms 990 (for charitable 
organizations) or on the organization’s annual report (for religious organizations) for 2013, the range 
was actually from $0 to $4.3 billion. Given the intuitive relationship between an organization’s financial 
resources and its ability to contribute to disaster response programs, services, and activities, I needed to 
consider revenue in the classificatory process for the study population. However, this proved to be 
anything but a straightforward process.  The content of this chapter focuses on questions that were 
ultimately used as variables for the statistical analyses. All supplementary data and discussion in located 
in Appendix D. The appendix includes detailed analysis and discussion regarding the collection and 
transformation of revenue data that are appropriate for follow-on research.  
 As a preview, four of the 32 questions on the data collection instrument could be applied to 
financial/resource purposes. One question regarding revenue was collected as continuous data, 
transformed into four ordinal categories, and then dichotomized such that each ordinal category 
became a binary variable. There was an additional question that was collected as dichotomous that 
went on to become an “independent” binary variable. Thus, the analyses included five 
financial/resource variables (out of 32 total binary variables). These are organized as one variable 
construct and one “independent” binary variable.  
 
4.4.1 Detailed Description (Financial/Resource Domain) 
 
 The main data point for this domain was annual revenue in 2013. For charitable organizations 
required to report revenue to the IRS, the data source was the IRS Form 990 (available from the 
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organization itself or through Charity Navigator). For religious organizations that were exempt from IRS 
reporting, the data source was the annual report or similar information (if disclosed) on the 
organizational website; religious organizations are not obligated to disclose these data.  
 The purpose for collecting and using these data was to determine whether (and to what degree) 
an organization’s revenue might influence the taxonomy for this organizational population. Put another 
way, would well-financed organizations be in a class of their own compared to organizations with little 
or no revenue? Furthermore, it would be interesting to determine how organizational finances might 
relate to other aspects of the classificatory process (correlations, etc.).   
 While I have already highlighted the relative importance of annual revenue, the data collection 
instrument and availability/quality of data could not support the documentation of other organizational 
resources. Furthermore, two of the four questions from the financial/resource domain were not used in 
the analyses (for reasons explained below and in Appendix D).  
 One challenge was that it was pragmatically impossible to determine what proportion of any 
organization’s revenue was devoted to disaster programs, services, and activities. In other words, the 
revenue variables effectively became a proxy for an organization’s size, capacity, and scale (i.e., they can 
be thought of as structural/operational). Furthermore, the other variable retained for analyses 
effectively became a proxy for organizational transparency (a factor related to organizational 
governance). In other words, this variable could also be framed as structural/operational. Details are 
explained below (or in Appendix D), but the point is that this domain proved challenging.  
 
4.4.2 Assessment of Data Sources (Financial/Resource Domain) 
 

For the 426 charitable organizations in the dataset, revenue is a matter of public record. Every 
one of these organizations was required to file an IRS Form 990. The principal source of data used for 
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this data point was Charity Navigator (or Guidestar). Alternatively, some organizations published their 
IRS Forms 990 on their websites. Regardless of the source used to obtain the data, it is each 
organization’s responsibility to accurately report its revenue and to complete the financial paperwork in 
accordance with appropriate rules.  

The most significant problem with revenue reporting among charitable organizations was due 
the subset of 119 chaptered organizations which reported consolidated revenue that included the 
financial activity of all chapters. I will use specific examples to illustrate this point. The American Red 
Cross is a national organization, and it was omnipresent among the 28 VOADs used to create the study 
population. It files one IRS Form 990 that includes the combined financial activity of all of its chapters. 
Its annual revenue in 2013 was over $3.4 billion. However, it is pragmatically (within the methods of this 
dissertation) impossible to accurately determine the proportional revenue associated with the American 
Red Cross chapters represented in the study population. 

I did conduct preliminary analyses that used a population-based proportional revenue value for 
each chapter. For example, I could take the population of Riverside County, CA (2.19 million people) 
relative to the population of the United States in 2013 (316.5 million) and then determine that on a per 
capita basis, the proportional revenue share of the American Red Cross of Riverside County should be 
approximately $23.5 million. I rejected this course of action for several reasons (which will be 
subsequently explained), but I first want to explain how and why the American Red Cross (and other 
organizations with consolidated IRS Forms 990) are different than the un-chaptered and independently-
chaptered organizations. I also need to note that the American Red Cross underwent a major 
reorganization right before the data collection started, and this reorganization also affected the 
fundraising, financial, and accounting practices of individual chapters in relation to the national 
organization. Had I collected data five years earlier, it may have been easier to determine unique 
revenue values for many chapters.  
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In contrast to the American Red Cross, the United Way uses independently-incorporated 
chapters. There were 21 United Way chapters in the dataset, with unique chapter revenue values 
ranging from $1.6 - $93.7 million (mean=$15.7 million; median=$12.98 million). Each local United Way 
chapter is responsible for its own finances and fundraising, whereas the American Red Cross closely 
manages its finances from the top down. Nationwide, the United Way generated approximately $4.26 
million in combined revenue for all chapters in 2013 (more than the American Red Cross). However, the 
management, distribution, and use of that revenue were controlled largely at the local level. 
Comparatively, the American Red Cross method of financial management allows for more flexibility to 
allocate funding to support its nationwide disaster response operations (at least theoretically). 
Therefore, if an earthquake were to occur in Riverside County, then that chapter would receive more 
than its proportional share of the annual revenue to support the disaster response operations.  

Furthermore, the American Red Cross is primarily a disaster response organization, and the 
United Way is a grant-making organization that serves a very wide range of community programs and 
services. Thus, it is pragmatically (within the methods of this dissertation) impossible to determine the 
proportion of the United Way’s budget spent on disaster activities, programs, and services. The same 
can be said for The Salvation Army (a reporting-exempt religious organization), which had $4.3 billion 
revenue, and Catholic Charities (a charitable organization which has chapters that file independent IRS 
Forms 990), which had a combined $4.5 billion revenue for all chapters.  

Most VOAD member organizations exist for purposes other than disasters; within the scope of 
this study, it was impossible to determine what portion of any given organization’s revenue might be 
used for disaster-related purposes. Therefore, the topic of revenue can essentially be reduced to a proxy 
for “is this a large, well-funded organization or not?” I am illustrating these examples to highlight the 
complexity of using annual revenue as a basis for attempting to classify organizations in the study 
population, but there is a more noteworthy point to make.  
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Expanded discussion of revenue is located in Appendix D. The data and discussion provided 
there were essential for transforming the continuous revenue data to the ordinal categories that are 
presented below. These data and results are also worthy of additional follow-on research.  

Religious organizations are exempt from reporting revenue to the IRS, and they required special 
consideration. I provide brief remarks here that are fully explained and supported in Appendix D. 
Revenue data was only self-disclosed by 68 of 206 (33.0%) of the religious organizations, and there was 
also a marked discrepancy in revenue disclosure when comparing religious congregations and religious 
collectives. The appendix presents, analyzes, and discusses these data. Because hierarchical cluster 
analyses perform casewise deletion for records with missing data, I was required to develop an ad hoc 
imputation method to assign reasonable and appropriate ordinal revenue values for the 138 religious 
organizations (20.9% of the study population) that did not disclose their revenue. Again, the full 
discussion to support the ordinal revenue categories below is in the appendix.  
 
4.4.3 Questions and Summary Statistics (Financial/Resource Domain) 
 
 This section provides descriptive data and discussion for financial/resource questions that were 
ultimately used in the analyses. Supplementary content, along with descriptive data and discussion for 
other questions, is provided in Appendix D. The data collection instrument is in Appendix C.  
 
Ordinal Revenue Categories 
 The process to create the ordinal revenue categories is documented in Appendix D.  Table 4–11 
presents the product of this effort to retain and use the revenue data in a meaningful way. The 
transformation of these data and the ad hoc imputation method used for religious organizations with 
missing revenue values produced four stable revenue ranges that created meaningful ordinal categories.  
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Table 4–11: Revenue Summary Statistics (Ordinal) 
Revenue Category n % 

Very Low (< $1,000,000) 142 21.5% 
Low ($1 - $10 million) 204 30.9% 

Mid ($10 - $50 million) 183 27.7% 
High (> $50 million) 131 19.8% 

Total 660 100% 
 

The “Very Low” revenue category (less than $1 million) accounts for about one-fifth of the 
organizations in the dataset. Its n-value includes 73 organizations with $0 reported revenue (this is  
51.4% of the organizations in this category and 11.1% of all organizations in the study population). The 
organizations with $0 revenue include the 28 unincorporated organizations for which no revenue data 
was available (e.g., the Olathe Fire Department’s CERT program).  

The “Low” revenue category ($1-$10 million) accounts for approximately three out of every ten 
organizations in the dataset. It includes all religious congregations that did not self-disclose their 
revenue. I acknowledge that some individual congregations in the dataset may have revenues exceeding 
$10 million, but this would not be the norm.  

The “Mid” revenue category ($10-$50 million) accounts for nearly three out of every ten 
organizations in the dataset. All religious collectives which had missing revenue data were placed into 
this category. However, note that as a result of actual reported values, the 127 religious collectives were 
actually distributed across all four revenue categories.  

Many major national organizations that were organized by independently-incorporated chapters 
(e.g., Catholic Charities or the United Way) were distributed across the “Low” and “Mid” revenue 
categories. However, had I used the aggregated nationwide revenues for these organizations, then they 
would have been in the “High” category.  

The “High” revenue category (over $50 million) is the smallest, accounting for nearly one-fifth of 
the dataset. However, this is slightly misleading. It includes organizations like the American Red Cross, 
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The Salvation Army, Feeding America, and large scale international development and relief 
organizations. It therefore includes a high number of repeated values. For example, there are 28 
American Red Cross chapters.  

As a result, the American Red Cross revenue of $3.4 billion is repeated 28 times in the dataset, 
accounting for 21.4% of the organizations in the “High” revenue category. When I add the 23 Salvation 
Army chapters, I now have two entities that account for 51 of the 131 (or 38.9%) of the organizations in 
this revenue category. The remainder is accounted for by other organizations like Feeding America, 
World Vision, Save the Children, and Samaritan’s Purse. Most of these organizations are represented in 
more than one VOAD (i.e., multiple, repeated values). This issue and its implications are further 
discussed and analyzed in Appendix D. It offers an opportunity for follow-on research, along with other 
noteworthy features of organizational revenue discussed throughout Section 4.4.  
 
Financial Reporting as a Proxy for Organizational Transparency 

The data collection instrument had two revenue-related questions that shared a similar intent. 
Both dichotomous questions asked about additional aspects of an organization’s self-disclosure of 
revenue. The data are presented here without discussion. Expanded discussion is located in Appendix D. 
In its own right, the topic discussed there presents a substantial opportunity for follow-on research.  

One question asked about whether or not an organization published its financial information on 
its website for visitors to access. The other question asked whether or not organizations identified the 
sources of their funding on their website. For example, some organizations provided detailed 
government grant information or named specific corporate or foundation donors. These two variables 
had a phi correlation of 0.4853. See Tables 4–12 and 4–13.   
  



119  

Table 4–12: Self-Disclosure of Financial Information Summary Statistics 
Self-Disclosed Financials n % 

Yes 300 45.5% 
No 360 54.5% 

Total 660 100% 
 

Table 4–13: Self-Disclosure of Donors Summary Statistics 
Self-Disclosed Donors n % 

Yes 362 54.8% 
No 298 45.2% 

Total 660 100% 
 

These are simplified results in the sense that I am not providing any differentiation between 
charitable and religious organizations, nor am I providing crosstabs here. These additional details are not 
necessary in consideration to how I used the data, but I did look at these factors. They represent an 
opportunity for follow-on research as a result of the data collection efforts for this study.  

In the end, I wanted to have one dichotomous variable that I could apply across the entire study 
population, and my ultimate purpose did not require me to differentiate between charitable and 
religious organizations on this dimension. The variable regarding self-disclosure of financial information 
was retained for use in the classificatory process.  

I dropped the variable about donor identification for three reasons. The common thread was 
that the data gained through the data collection instrument were imprecise. Essentially, organizations 
that identified major sources of funding were naming particular donors but not providing sufficient 
detail for this variable to be more useful. In my estimation, naming donors was more about maintaining 
donor relations than it was about transparency.  
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4.4.4 Utility of Collected Data (Financial/Resource Domain) 
 
 To review, I collected data for four questions in the financial domain. Two questions were 
advanced for consideration in the classificatory process. One of the questions from this domain is not 
identified above; it is presented in Appendix D. Specifically, this question collected more precise data 
regarding the IRS reporting requirements (i.e., use of the IRS Form 990, the IRS Form 990-EZ, the IRS 
Form 990-N, etc.). This question provided no utility for classificatory purposes.  

As noted earlier or in Appendix D, I have concerns about the utility of the revenue variable 
construct (due to consolidated versus independent IRS Forms 990, large within-group variation for 
revenue, the number of religious organizations which did not self-disclose revenue data, and other 
reasons). I also identified that the variables retained from the financial/resource domain are interrelated 
with structural/operational considerations, and they may effectively be proxies for that domain. 
Because this had not yet been evaluated, I maintained the distinction of these variables as being in the 
financial/resource domain.  
 This discussion of organizational revenue and its complexities produced what I consider to be 
the most useful way to use the data for my research needs. I acknowledge that there are other 
approaches and techniques possible for transforming and using the revenue data in a meaningful way, 
but such discussion would have to be addressed at a later point in time. By extension, I acknowledge 
that different approaches and techniques for transforming and using the revenue data might have led to 
different results for the classificatory process, but the solution expressed in this section was the best 
approach that balanced multiple concerns and nuances. If anything, this clearly underscores the benefit 
of pursuing these questions in follow-on research.  
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4.5 Demographic/Socioeconomic Domain 
 
 This domain addressed two main questions. Who joins this organization (i.e., staff and 
volunteers)? Who does this organization serve? These questions were important for two reasons. First, 
group identity issues speak to the topics of social capital and social networks. Second, disaster sociology 
has paced a great deal of attention on vulnerable communities. These topics were introduced in Chapter 
2. The content of this chapter focuses on the data from this domain that contributed to organizational 
classification. All supplementary data and discussion in located in Appendix D.  
 As a preview, five of the 32 questions on the data collection instrument could be applied to 
demographic/socioeconomic purposes. Two questions were text-based (data are still available for 
follow-on analysis). Data from two questions were retained through combination to form one binary 
variable. The sole variable retained from this domain was later reassigned to the functional domain for 
reasons provided below. While the domain itself is clearly important, it did not have salience with regard 
to organizational classification (at least based on the data collection methodology and the 
availability/utility of data). 
 
4.5.1 Detailed Description (Demographic/Socioeconomic Domain) 
 
 Per Chapter 2, membership in charitable and religious organizations is related to individual and 
collective social capital. Furthermore, I described how these organizations often provide community and 
social services. When considering the population of organizations, it is therefore relevant to know who 
the members are and who their services might be directed towards. Some organizations might state or 
otherwise indicate an emphasis towards serving specific vulnerable populations, and related literature 
speaks to the disproportionate impact of disasters on vulnerable populations. Alternatively, there are 
other bases for membership and/or service delivery (e.g., affinity groups, culture, etc.). 
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 My formative research influenced the development of these questions. For example, I had 
participated in a project with an organization from South Los Angeles called Healthy African American 
Families. I had also conducted research interviews with the Chinese Information and Service Center in 
Seattle, which serves a Chinese-American immigrant community (many of whom had limited English 
proficiency, low acculturation, etc.) (Stajura et al. 2012). While neither organization existed because of 
disasters, both had engaged in disaster programs, services, and activities in collaboration with their local 
VOADs. These organizations were deemed to have access, trust, expertise, and social currency for 
particular subpopulations within larger communities. These factors would allow these populations to 
benefit from disaster programs, services, and activities conducted by local government agencies and 
VOAD member organizations. I wanted to know if the study population showed evidence of other 
organizations like these (the two organizations named here were not in the study population). 
 
4.5.2 Assessment of Data Sources (Demographic/Socioeconomic Domain) 
 
 Many organizations explicitly identify populations that they serve or that comprise their 
volunteer base. Examples from the study population include the Puerto Rican Association for Human 
Development (from the Union County, NJ VOAD) or Paralyzed Veterans of American (from the Kansas 
VOAD). For other organizations, I had to look more closely at their programs, services, and activities. For 
example, organizations like Catholic Charities or The Salvation Army (among others) target services 
specific to low-income single mothers, foster youth, the homeless, recovering drug addicts, or other 
groups. Also, “Service to the Armed Forces” is one of the five lines of service for the American Red Cross, 
even though such service is not necessarily the reason for the organization’s existence.  
 One significant problem with using and analyzing data within this domain was the number of 
related terms used to define and describe the populations being served. Recall from Section 4.3.1 that 
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many organizations use vague, imprecise, or overlapping terms to define their functions. This problem 
was noted as a major obstacle to using the functional domain for classifying organizations by other 
researchers (e.g., Salamon and Anheier 1992a and 1992b). The same problem exists for questions in this 
domain. It was particularly troublesome when similar organizations would provide aid to the “needy”, 
the “hungry”, the “malnourished”, the “food-insecure”, etc. While these specific terms clearly conform 
to an identifiable theme, I would need to perform a robust qualitative analysis of key words to provide 
quantitatively useful data. In other words, this would have to be set aside for follow-on research. These 
concerns influenced the data collection effort and utility of the data.  
 
4.5.3 Questions and Summary Statistics (Demographic/Socioeconomic Domain) 
 
 This section provides descriptive data and discussion for demographic/socioeconomic questions 
that were ultimately used in the analyses. Supplementary content, along with descriptive data and 
discussion for other questions, is in Appendix D. The data collection instrument is in Appendix C.  
 
Group Identity 
 Two questions were posed regarding the membership identity of any given organization. One 
was dichotomous, and one was text-based. Neither question contributed toward the goal of 
organizational classification. See Appendix D.  
 
Groups Served 
 Two dichotomous questions documented an organization’s services, programs, and activities for 
specific populations, and a text-based question identified the population(s) being served. The data from 
the two dichotomous questions were retained through combination to form one binary variable; this 
was primarily the result of poor instructions and supervision during data collection regarding these two 
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questions (see Appendix C). The qualitative data remains available for follow-on analysis (also discussed 
further in Appendix D).  

The first dichotomous question asked if the organization existed for the purpose of serving the 
needs or interests of a specific population. For example, my study population included the South 
Carolina Child Care Resource and Referral Network (which exists to serve children). The dataset had 119 
organizations in this category (18.0% of the study population).  
 The second dichotomous question asked if the organization had programs, services, or activities 
that served a specific population even though these were not the organization’s principal reason for 
being. For example, The Salvation Army had programs from recovering drug users, and the American 
Red Cross claimed services to military personnel, veterans, and their families. These activities were 
ancillary to the organizations’ mission or purpose, not their reason for being. The dataset had 230 
organizations in this category (34.8% of the study population).  

After identifying problems stemming from the data collection, I created a single dichotomous 
variable that was a combination of the two questions. If an organization existed to serve or had any 
programs, activities, and services oriented towards any specific populations, then it was coded with a 
value of “yes” for this new variable. If either of the original questions was a “yes” answer, then the 
newly transformed variable also had one. Using this method, I determined that 270 (or 40.9%) of the 
organizations in the dataset identified themselves as serving the needs of specific populations.  
 
4.5.4 Utility of Collected Data (Demographic/Socioeconomic Domain) 
 
 As noted above or in Appendix D, the demographic/socioeconomic questions proved 
problematic for a variety of reasons. One issue was the use of myriad terms. Another issue was poor 
instructions or poor comprehension by data collectors for the “groups served” questions. Another issue 
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was the conflation of group identity with specific religions or denominations (while these are accurate 
and valid group identities, they did not reflect the intent of the question).  

The combined variable for “groups served” was reassigned to the functional domain for two 
reasons. First, servicing the needs of particular subpopulations was very relevant to the core functions of 
many organizations (e.g., child services, disability services, etc). These subgroups of organizations with 
themed functions would later play a prominent role in the analyses. Second, this was the singular binary 
variable from this domain that would be advanced for consideration. In other words, it was more or less 
of an orphaned variable, and it was thematically linked with functional considerations. 
 
4.6 Social Domain 
 
 Chapter 2 established that VOADs are fundamentally a mechanism to create, expand, and apply 
intergroup social capital towards the purpose of disaster issues. Individual organizations join VOADs 
because they want to contribute to and benefit from the disaster-related collaborations within their 
communities (it is not due to a selfish impulse, but each VOAD member has the potential of benefitting 
from VOAD participation in various ways). It was therefore important to address the social domain of 
questions to determine how it might relate to the classificatory process.  

That said, it was equally frustrating because the data sources and data collection methods made 
it challenging to capture useful data in the social domain. Two questions were asked in this domain, and 
neither of them survived to the analytical models. The social domain is therefore not represented in the 
list of variables used for the study. All data and discussion regarding the social domain is therefore 
located in Appendix D. The social domain presents a prime opportunity for applying the taxonomy as a 
research-generating tool in follow-on research.  
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4.7 Other Domains and Questions 
 
 This section addresses question domains and questions that do not fall into the categories 
discussed to this point. This section includes administrative variables. Expanded or supplementary 
material is located in appendices (identified where appropriate).  
 
4.7.1 Organizational Descriptive Tags 
 
 For quick reference indexing purposes, I assigned a Descriptive Tag to each organization. The 
tags facilitated data management by typologically grouping similar organizations. There were originally a 
total of 38 tags for the 660 organizations. These were later refined and expanded to 47 tags. Essentially, 
the term “Descriptive Tag” means an easily identifiable and meaningful subgroup of organizations.  
 One group of tags identified organizations by function. Examples include food banks (n=30) and 
legal services organizations (n=4). These were clearly-themed “specialty” organizations. Some of them 
identified specific vulnerable populations served by the organizations (e.g., children or the elderly).  
 A second group of Descriptive Tags typologically sorted organizations based largely (but not 
strictly) on structural/operational considerations. Examples include religious congregations (n=60), 
secular international relief organizations (n=9), and fraternal organizations (n=6). In many cases, these 
tags had larger n-values than other Descriptive Tags. When I expanded the number of Descriptive Tags 
from 38 to 47, it was largely accomplished by subdividing these tags in a systematic, rigorous manner.  
 A third group of Descriptive Tags was used for organizations represented by multiple 
chapters/branches across the 28 VOADs. Examples include the American Red Cross (n=28), The Salvation 
Army (n=23), and Tzu Chi (n=5). This was the largest group of Descriptive Tags.  
 Organizations with functional tags were largely unaffiliated, singleton (n=1) organizations. That 
means that each of the organizations had a different data source. I would later identify that these 
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subgroups were characterized by comparatively high degrees of within-group trait variation due at least 
in part to the high number of separate data sources. Organizations with structural/operational tags 
expressed varying degrees of within-group trait variation (depending on the composition of each tag). 
 Organizations from “consolidated chapters” organizations often shared identical data sources. 
Organizations with the same chapter-based tag had no or minimal within-group trait variation. For 
example, all 13 records for Adventist Community Services organizations have identical traits.  

Organizations from the “independent chapters” organizations had separate data sources, but 
they showed less within-group trait variation than the functional tags. For example, the United Way 
chapters have many shared traits, but they also vary on the dimension of revenue.  
 The Descriptive Tags ranged in size from 4 to 60 organizations (mean=14, median=12, standard 
deviation=10.6). When interpreting the analytical results, the variation in Descriptive Tag sizes proved 
useful for a variety of reasons. While the Descriptive Tags were created purely for indexing purposes, 
they later served a critical, unanticipated role in the analyses. This is further detailed in Chapter 7. What 
matters with respect to classification is the degree to which the Descriptive Tags are appropriately-
defined and the degree to which they might (or might not) express measured traits to similar 
organizations not in the study population.  

The American Red Cross was the only organization present in all 28 sampled VOADs. There were 
60 congregations (each being a unique organization), meaning there was an average of 2.14 per sampled 
VOAD. Likewise, there were 0.36 housing services organizations per sampled VOAD (10 out of 28). 
Similar calculations can be made for each tag to better quantify and understand the population of VOAD 
member organizations, but such questions are largely set aside for follow-on research. Any and all 
forthcoming values throughout the dissertation that suggest a number of organizations per VOAD refer 
explicitly to the quota sample of VOADs, and they are not generalizable (without added research) to the 
broader population of VOADs. See Table 4–14 for the full list of Descriptive Tags.   
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Table 4–14: Descriptive Tags 
Descriptive Tag n Type Definition/Notes 

Academic 8 Funct. Universities and colleges, school districts, etc. 
Adventist Community Services 13 Chap. Local affiliates of a larger organization (Consolidated) 
Aging Services 12 Funct. Focused exclusively on the needs of the elderly Amateur Radio 22 Funct. Amateur radio organizations 
American Red Cross 28 Chap. Local affiliates of a larger organization (Consolidated) 
Animal Services 25 Funct. Focused exclusively on the needs of animals 
Call Center 9 Funct. Information/service referral organizations 
Catholic Charities 19 Chap. Local affiliates of a larger organization (Independent) CERT/MRC 6 Chap. Local CERT or MRC groups  
Child Services 12 Funct. Focused exclusively on the needs of children 
Church of the Brethren 8 Chap. Religiously affiliated groups (990 – Exempt) 
Church World Service 6 Chap. Local affiliates of a larger organization (Consolidated) 
Disability Services 13 Funct. Focused exclusively on the needs of the disabled Disaster CBO 19 S/O Charitable organizations that focus on disaster services 
FBO  - International (No disasters) 6 S/O International charitable FBOs do not focus on disasters 
FBO – 990 Exempt 9 S/O Religious organizations (not otherwise specified) 
FBO – Congregation 60 S/O Houses of worship (brick and mortar) 
FBO – International (Disaster) 12 S/O International charitable FBOs that focus on disasters FBO – No Disasters 13 S/O Charitable FBOs that do not focus on disasters 
FBO – Response/ Recovery 14 S/O Charitable FBOs that engage in response or recovery phases 
Food Banks 30 Funct. Food banks, food pantries, and meal providing organizations 
Foundation 6 Funct. Grant making organizations 
Fraternal/Scouts 8 S/O Local chapters of national fraternal/affinity organizations 
Habitat for Humanity 8 Chap. Local affiliates of a larger organization (Independent) Health Services 8 Funct. Hospitals, health clinics, etc.  
Housing Services 10 Funct. Focused exclusively on housing services 
International (not FBO) 9 S/O Charitable international relief/development organizations 
Latter Day Saints 13 Chap. Religiously affiliated groups (990 – Exempt) 
Legal Services 4 Funct. Organizations that provide legal services Local CBO 12 S/O Local, independent community services organizations 
Mennonite Disaster Services 11 Chap. Religiously affiliated groups (990 – Exempt)  
Mental Health Services 15 Funct. Mental health providers 
Nazarene Disaster Response 5 Chap. Local affiliates of a larger organization (Consolidated) 
Other  16 S/O Miscellaneous / difficult to categorize Religious Collective (Charitable) 19 S/O Charitable FBOs which serve as religious collectives 
Religious Collective (Disaster) 28 S/O Religious collectives that focus on disasters 
Religious Collective (No Disasters) 43 S/O Religious collectives that do not focus on disasters  
Saint Vincent de Paul 6 Chap. Local affiliates of a larger organization ( Independent) 
Samaritan’s Purse 5 Chap. Local affiliates of a larger organization ( Consolidated) Scientology 6 Chap. Religiously affiliated groups (990 – Exempt) 
Team Rubicon 4 Chap. Local affiliates of a larger organization ( Consolidated) 
The Salvation Army 23 Chap. Religiously affiliated groups (990 – Exempt) 
Tzu Chi 5 Chap. Religiously affiliated groups (990 – Exempt) 
UMCOR 6 Chap. Local affiliates of a larger organization ( Consolidated) United Way 21 Chap. Local affiliates of a larger organization ( Independent) 
Volunteer Services 13 Funct. Volunteer services organizations 
World Renew 12 Chap. Local affiliates of a larger organization (Consolidated) 
* S/O = Structural/Operational  
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4.7.2 Activity/Impact Domain  
 
 One longstanding theme within the broader universe of nonprofit organizations is the largely 
unsatisfied desire to evaluate how well organizations do what they claim to do. This dissertation makes 
no effort to evaluate how much or how well organizations perform their stated programs, activities, and 
services. Some organizations (a distinct minority) offered performance and impact indicators to convey 
that they do their jobs well. Even assuming that these are valid, meaningful performance indicators, I 
could not use them for classificatory purposes. To contribute to the organizational taxonomy, I would 
need a uniform and validated metric for every organization in the dataset. Considering their widely 
ranging organizational types, missions, functions, etc., this was clearly not possible.  
 
4.7.3 VOAD-Specific Questions 
 
 Several questions on the data collection instrument were specific to VOADs and not to VOAD 
member organizations (the same data collection instruments were used for both groups). These 
questions are addressed in Appendix A.  The VOAD data are worthy of follow-on research, but they are 
not required for the dissertation’s research aims.  
 I will highlight one question that pierced the boundary between VOADs and VOAD members. It 
asked whether any particular organization (or organizational representative) served in a VOAD 
leadership position (e.g., board president, treasurer, committee chair, etc.). Preliminary analysis yielded 
interesting results that are available for follow-on research. Not all VOADs identified leadership 
positions and the organizations that served in these roles. I therefore used the entire population of 
VOADs (n=161) for this question rather than the study population of VOADs (n=28).  
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4.7.4 Administrative Questions 
 
 The data collection instrument (available at Appendix C) included a short series of administrative 
data points that were specific to either VOADs or VOAD member organizations (e.g., if this organization 
is a VOAD, then how many member organizations are listed for it?). Other data points in this category 
included the name of the data collector, the primary website used for data collection, the VOAD to 
which any given organization belonged, etc.  
 Two administrative variables document whether organizations belonged to State or Local 
VOADs, as well as organizations belong to Small or Large VOADs. Their purpose was to allow for follow-
on research to identify differences among organizations belonging to the each of the four main 
population subgroups (i.e., Small-State, Large-State, Small-Local, and Large-Local). I also documented 
the populations served by each VOAD for similar purposes.  
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4.8 Variables 
 
 This section presents the pool of 32 binary variables that would be used for the analyses. These 
variables are combinations and transformations derived from the questions introduced throughout 
Chapter 4. As will be explained in forthcoming chapters, no clustering models included all 32 variables. 
Chapter 5 provides full documentation and discussion regarding variable processing and preparation 
(e.g., dichotomization of multi-category variables into variable constructs and analysis of correlations). 
While normally considered “analysis”, these were “pre-analytical” steps taken prior to conducting the 
iterative clustering models. I mention this now because the presentation of variables in this section 
shows their final form (after the variable processing and preparation discussed in Chapter 5).  

To review, data were collected for 32 substantive questions of mixed variable types (i.e., 
dichotomous, categorical, ordinal, continuous, and short-answer). Many of these questions were 
discarded from consideration for a variety of reasons (e.g., poor question design, skewed distributions, 
high correlations, etc.), and only 12 of them eventually became variables for the analyses. Six multi-
category questions became sets of binary variables called constructs. Several additional variables that 
were collected as dichotomous became “independent” binary variables. Some of the independent 
variables have special interrelationships with the variable constructs, and these are explained below.  

After assessing correlations (see Chapter 5), 26 of these variables were ultimately used for the 
polythetic clustering. For the parsimonious hierarchical clustering models, no more than two variables at 
a time would be used to subdivide any population or subpopulation. Table 4–15 presents all 32 variables 
organized by domain and construct. The subsequent discussion provides more detail about the 
independent binary variables that were correlated or otherwise interrelated with variables belonging to 
one of the six constructs.   
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Table 4–15: Variables Used for Preliminary Analyses 
Domain Construct Variable n % 

Structural/ Operational  
3 Constructs  3 Interrelated Variables  1 Transformed Variable  17 Total Variables 

Faith (sum = 660) 
Not Faith-Based 301 45.6% 

FBO – Congregation 79 12.0% 
FBO – Collective 127 19.2% 

FBO – Other 153 23.2% 
Interrelated1 Faith-Based 359 54.4% 

990 Filing Status (sum = 660) 
990 - No Chapters 228 34.5% 

990 - Independent Chapters 107 16.2% 
990 - Consolidated Chapters 117 17.7% 

990 - Exempt  208 31.5% 
Interrelated1 Charitable 454 68.8% 

Chaptered 228 34.5% 

Service Area (sum = 660) 

Smaller than a County 144 21.8% 
County or Multi-County 156 23.6% 

State or Multi-State 152 23.0% 
National 130 19.7% 

International 78 11.8% 
Transformation2 Smaller than State-Sized 300 45.5% 

Functional  
2 Constructs  2 Independent Variables  9 Total Variables 

Mission Statement (sum = 660) 
Exclusive to Disasters 148 22.4% 

Includes Disasters 125 18.9% 
Disasters Absent 387 58.6% 

Response and Recovery (sum = 660) 

Response and Recovery 269 40.8% 
Response Only 49 7.4% 
Recovery Only 135 20.5% 

No Response or Recovery 207 31.4% 
Independent3 Specified Disaster Services 357 54.1% 

Serves a Specific Population 270 40.9% 
Financial/Resource 

1 Construct 1 Independent Variable 1 Transformed Variable 6 Total Variables 

Revenue (sum = 660) 
Very Low (< $1 million) 140 21.2% 

Low ($1-10 million) 203 30.8% 
Mid ($10-50 million) 186 28.2% 
High (> $50 million) 131 19.8% 

Transformation2 Revenue > $10 Million 317 48.0% 
Independent3 Self-Discloses Financial Info 300 45.5% 

 
1  These three variables were originally collected as dichotomous but have special interrelationships with the nominal variable constructs with which they are grouped.  2 These two transformed variables represent alternative dichotomizations of the ordinal variable  constructs with which they are grouped.  3 These three independent variables are not interrelated with any variable constructs. 
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The 32 binary variables represent three question domains as expressed in the table. As multi-
category questions were dichotomized, the sum of all binary variable n-values assigned to a given 
construct is 660. All independent binary variables provide the n-value out of 660. The independent 
variables are fully explained in forthcoming paragraphs.  

The structural/operational domain has three constructs: Faith (four binary variables), 990 Filing 
Status (four binary variables), and Service Area (five binary variables). The special case independent 
variable “Faith-Based” is interrelated and highly correlated with the Faith construct. It was originally 
collected as a separate binary variable. The special case independent variables “Charitable” and 
“Chaptered” are interrelated and highly or moderately correlated with the 990 Filing Status construct. 
Note that these three variables were originally collected as dichotomous variables separate from the 
constructs.  Table 4–16 summarizes the relationships among with these variables. 
 

Table 4–16: Special Interrelationships for Faith and 990 Filing Status 
Variable Value Relationship to Constructs 

Faith-Based 1 = FBO – Congregation + FBO – Collective + FBO – Other 
0 = Not Faith-Based 

Charitable 1 = 990 – Independent + 990 – Consolidated + 990 – No Chapters  
0 = 990 – Exempt  

Chaptered 1 = 990 – Independent + 990 – Consolidated 
0 = 990 – No Chapters + 990 – Exempt 

 
These three variables are essentially alternative dichotomizations of the respective constructs (even 
though they were not designed as such). Because of these interrelationships, great care had to be used 
before including correlated binary variables in the polythetic clustering models. This topic is further 
detailed in following chapters. Each moderate or high correlation was evaluated individually.  

The variable “Faith-Based = 1” was equal to “Not Faith-Based = 0” (i.e., a perfect correlation, 
meaning they could not be in the same model). Also, “990 – Exempt” was equal to “FBO – Congregation” 
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plus “FBO – Collective” (i.e., this interrelationship crossed over the Faith and 990 Filing Status 
constructs). These interrelationships ultimately held tremendous explanatory power.  
 The functional domain had two constructs: Mission Statement and Response and Recovery. The 
two independent binary variables, “Specified Disaster Services” and “Serves a Specific Population”, 
would be evaluated for correlations (Chapter 5), but they did not have special mathematical 
relationships with any of the constructs. Remember that “Serves a Specific Population” was moved from 
the demographic/socioeconomic domain to the functional domain.  

The financial/resource domain had one construct: Revenue (four binary variables). It also had 
“Self-Discloses Financial Information”, an independent binary variable. 

Two special case independent variables remain to be discussed. “Smaller than State-Sized” was 
an alternative transformation of the five-category Service Area construct. “Revenue > $10 Million” was 
an alternative transformation of the four-category Revenue construct. These were ordinal constructs. 
Table 4–17 summarizes the relationships among these variables. These transformations were only 
considered for the parsimonious clustering models.  
 

Table 4–17: Special Case Transformations for Ordinal Constructs 
Variable Value Relationship to Constructs 

Smaller than State-Sized 
1 = Smaller than a County + County/Multi-County  
0 = State/Multi-State + National + International 

Revenue > $10 Million 
1 = Mid Revenue + High Revenue 
0 = Low Revenue + Very Low Revenue 

 
More than half of the variables in the pool are structural/operational. At face value, it would therefore 
be unremarkable if the results would favor the structural/operational domain (this would also be 
congruent with prior research). However, this would still have to be tested. Also, remember that the 
data collection instrument actually had more functional domain questions, but most of them would not 
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be retained for the quantitative analyses for reasons explained earlier. Table 4–18 summarizes the 
variables and constructs according to the question domains.  

 
Table 4–18: Variables Organized by Domains 

Domain n (Variables) % of Total Variables n (Constructs) / n (Variables) n (Independent Variables) 
Structural/Operational 17 53.1% 3 13 4 

Functional 9 28.1% 2 7 2 
Financial/Resource 6 18.8% 1 4 2 

Totals 30 100% 6 24 8 
 

The final classificatory results were not the product of a cluster analysis. Rather, they were the result of 
numerous, iterative cluster analyses (using two different approaches) that accounted for a wide range of 
model permutations and sets of variables.  The full process included (literally) dozens of models. The 
pool of 32 variables presented here was available for these models, but at no time were all 32 used in 
the same model. The polythetic models would only use 26 variables.  

As a reminder, the variables measure traits for the 660 organizations drawn from a non-
probability quota sample of 49.1% of the VOADs eligible for inclusion in the study. This matters if (and 
only if) organizations not represented in the sample of VOADs have traits markedly different from the 
traits of organizations in the study population that share the same Descriptive Tag. For example, Table 
4–14 indicates that the study population had ten housing services organizations. If additional housing 
services organizations were added, to what degree would their measured traits be different from the 
similar organizations used for the forthcoming analyses? This is the only question that matters with 
regard to the proposed taxonomy that used the variables listed in Table 4–15.  It is unknown, but the 
planned steps to validate and refine the taxonomy account for this concern.  

Chapter 5 discusses how and why variables were dichotomized, screened, and otherwise 
processed or evaluated. Variable selection is presented in the relevant analytical methods chapters.  
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5.0 Pre-Analytical Variable Screening, Processing, and Preparation 
 

This chapter explains how the 32 variables in Table 4–15 were screened, processed, and 
prepared for the cluster analyses. Those topics include an assessment of the quality of the questions, 
the distributions of their summary statistics, evaluating variable correlations, and related topics. 
Correlations were an especially important consideration for the independent binary variables that had 
special interrelationships with variable constructs (see Section 4.8). 

All but 12 of the original 32 substantive questions were screened out of consideration for the 
quantitative analyses due to a variety of reasons; those 12 questions provided the data for creating the 
final set of 32 binary variables. This chapter also explains and justifies the dichotomization of multi-
category variables into constructs of binary variables. Ultimately, 26 of the 32 binary variables would be 
used for the polythetic clustering (all 26 being included simultaneously in the models). In contrast, the 
parsimonious clustering models would use no more than two variables at a time (selected from the pool 
of all 32 variables available). These topics are further described in forthcoming chapters.  
 
5.1 Preliminary Screening of Questions 
 
 Throughout Chapter 4 (and in Appendix D), I provided detailed discussion regarding the 
questions and summary statistics. This included the discussion of questions that would not be advanced 
for use in the analyses. This section provides a summary of the general considerations that led to 
dropping a question. These factors include poor question design, unhelpful data, skewed distribution of 
summary statistics, etc. While these decisions were made on a case-by-case basis, there were themes. 
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5.1.1 Skewed Distributions 

 
 Variables with skewed distributions were dropped from consideration. After evaluating all 
distributions and performing some preliminary analyses, I quantified the cut-offs for extremely low/high 
n-values at less than 7.5% or greater than 92.5% for all variables. These were pragmatically constant 
values (i.e., 0 or 1) with respect to the hierarchical clustering models, and they would not help with the 
classificatory efforts. For example, one question asked if the organization being evaluated was a CERT or 
MRC group (n=6). As these organizations only represented 0.9% of the study population, this question 
was not used to create a variable. These data still exist, and the summary statistics still provide value for 
descriptive purposes and follow-on research.  
 
5.1.2 Unhelpful Data 

 
 The utility of the data was in part driven by what information was commonly available on all or 
most organizational websites. After collecting the data, I had to determine whether or not it helped with 
the classificatory process based on the quality of data and related considerations. As discussed in 
Section 4.3 and Appendix D, I identified that the data regarding disaster preparedness programs, 
services, and activities would not meaningfully assist organizational classification for a variety of 
reasons. As discussed in Appendix D, I determined that my data regarding usage of social networking 
websites would not assist with classification. In these cases, the data had no utility with respect to my 
research goal. I reached these conclusions post-collection. 
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5.1.3 Poor Question Design 

 
 During and after data collection, I identified questions that were poorly designed or conceived. 
As a result, the data yielded from these questions were removed from consideration. One example was 
the question regarding the nature and types of aid provided by the organizations (see details Appendix 
C). It should have been asked as at least two separate questions; I was unable to retain the data through 
transformation. This question was also limited by the availability and quality of data from organizational 
websites. A second example regarded the group-identity shared by organizational members (see Section 
4.5). These data were highly correlated with faith-based identity groups. This was attributable to poor 
question design and instructions provided to the research assistants.  
 
5.1.4 Data Retained by Transformation 

 
 The data from some questions were retained by transforming the results. The best example was 
a question from the functional domain (Section 4.3). I posed a single question on the data collection 
instrument that asked about the number of services provided by an organization (single v. multi) and the 
relationship of those services to disasters (disaster-specified v. transferable). As with the previously 
mentioned question about the types of aid, this should have been posed as two questions. However, 
after multiple attempts to transform these data, I determined that there was still the potential for 
classificatory value if I were to transform this question into a single dichotomous variable. Specifically, 
the retained variable only addressed whether or not an organization had any programs, services, and 
activities (at all) that were specified for disasters. The trade-off was that my data lost specificity.  
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5.2 Dichotomization of Multi-Category Variables 
 
 As noted at multiple points, I converted all categorical and ordinal variables into sets of 
dichotomous variables. Thus, a variable with four response categories would become a construct with 
four binary variables. In a simplified sense, everything became a dummy variable. This section explains 
how and why I chose this course of action. This approach was endorsed by researchers (cited below) 
who used cluster analysis for a range of purposes.  
 My original plan was to keep ordinal and categorical variables in that form for the analyses. 
Using this approach, I began my preliminary analyses. One early observation was that the only 
(dis)similarity measure appropriate for mixed variable types was the Gower measure; (dis)similarity 
measures are discussed in Chapter 6 and Appendix E. The results of these early models were difficult to 
interpret, and the classificatory categories lacked meaningful coherence.  

I also noted another problem with regard to variable correlations. This topic is fully explored 
below in Section 5.4. I can summarize that problem with the following simile: it was like simultaneously 
comparing liters to gallons to cubic inches. I needed to use a common basis for comparison. By 
converting all variables into a dichotomous format, I was able to simplify the analyses and the 
interpretation of results, and my impression was that the results were also more meaningful.  
 I returned to the literature to evaluate my options. While my specific aim was organizational 
classification, my research included the broader use of cluster analysis. Two of my sources specifically 
recommended the technique (when needed or appropriate) of converting all nominal and ordinal 
variables into a dichotomous format (Anderberg 1973, Mooi and Sarstedt 2011, and others). I also 
validated this with a statistical consultant (meetings with Friedlander 2015). However, I noted that there 
were multiple approaches for dichotomizing the variables.  
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For example, consider that a variable with four response categories (A, B, C, and D) could be 
dichotomized numerous ways (A /BCD, AB/CD, ABC/D, AC/BD, etc.). These examples illustrate how a 
variable with four categories would be transformed into a variable with two categories. Alternatively, I 
could create four new variables (one for each response category: A/B/C/D) in the same manner that 
dummy variables are established. The methodological sources agreed that the best approach was 
always driven by the nature of the data and the manner for which it would be used.  
 I first had to consider that I was dealing with both ordinal and nominal variables (in addition to 
variables which were originally collected as dichotomous). Collapsing the response categories of an 
ordinal variable (which can be conceived of as a scale) into a dichotomous variable is somewhat 
straightforward. For example, my ordinal revenue categories (represented here as A, B, C, and D) 
meaningfully translated into binary categories (AB/CD) when I merged the lower and upper categories. It 
is, of course, important to bear in mind that an ordinal scale is not an interval scale. I ultimately used 
two dichotomization techniques for the revenue construct. Specifically, five binary variables were 
created from the four response categories as follows: A/B/C/D and AB/CD (i.e., five binary variables).  

I used an identical approach for the service area data (represented here as A, B, C, D, and E). 
However, I was mindful that the implicit ordinal ranking of geopolitical subdivisions (e.g., county, state, 
etc.) would lose meaning if I were to consider population size. For example, Los Angeles County is more 
populous than 43 states based on 2010 census data. I ultimately dichotomized service area as follows: 
A/B/C/D/E and AB/CDE (i.e., six binary variables). 

The multi-category nominal variables were different. I could not arbitrarily merge nominal 
categories. The variable 990 Filing Status (represented here as A, B, C, and D) was dichotomized as 
A/B/C/D. However, two other structural/operational variables that were originally collected as 
dichotomous turned out to be de facto dichotomizations of this construct. The binary variable 
Chaptered corresponded to the dichotomization BC/AD (separating the chaptered organizations from 



141  

the 990 – No Chapters and 990 – Exempt organizations). The binary variable Charitable corresponded to 
the dichotomization ABC/D (separating the charitable from the religious organizations). Thus, I 
effectively had pre-made dichotomizations from these other variables. I therefore subsequently count 
these two distinct binary variables as part of the 990 Filing Status construct in the parsimonious 
clustering results chapter (effectively making it a six-category construct). This was not by design; it was 
organic to the nature of the study population and the data collection.  

A similar situation occurred with the Faith construct (represented here as A, B, C, and D). It was 
dichotomized as A/B/C/D, but one of the variables originally collected as dichotomous was effectively an 
alternative dichotomization of the construct. The variable Faith-Based was equivalent to A/BCD. Thus, 
this was later treated as a five-category construct.  

Here is where things get interesting. The Faith and 990 Filing Status variables had an added layer 
of interrelation. Thus, they were always intertwined, and this would be evident in the results. An 
organization possessing the trait “990 – Exempt” was, by definition, also either an “FBO – Congregation” 
or an “FBO – Collective”. Furthermore, an organization possessing the trait “Charitable”, by definition, 
lacked the trait “990 – Exempt”. This accounts for the basic form of the Venn diagram presented in 
Figure 4B that showed overlap representing faith-based charitable organizations.  

These examples illustrate two important ideas. First, these relationships could only be fully 
revealed and understood by dichotomizing each of the nominal response categories as unique binary 
variables: A/B/C/D. The relationships were less evident when the variables were in their original multi-
category form (ABCD). That supports my assertion that the dichotomization of multi-category variables 
led to more meaningful results. Second, the interrelationship of these two constructs (Faith and 990 
Filing Status) would be evident and influential throughout the iterative and varied analyses.  

While my approach to dichotomizing the variables was meant to simplify the analyses and 
interpretations, it actually went a step further. It brought attention to interrelationships that provided 
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tremendous explanatory power (and which might have otherwise been missed had the multi-category 
variables stayed in their original form). As the analyses proceeded, my technique for dichotomizing the 
variables proved to be essential. Also, the more orderly and easier-to-interpret results meant that the 
final product (the taxonomy) would provide more utility.  

 
5.3 Consideration of Reference Variables 
 

I was mindful that my approach was pragmatically the same as creating dummy variables. It is a 
well-established and documented practice that when using dummy variables, one category should be 
left out of the analytical models as a reference variable. Thus, a four-category nominal variable (after 
dichotomization) would only have three of its newly-created dummy variables used in the analyses. 
Would I need to do that, as well?  

The methodological sources materials available to me did not provide a clear answer. I could 
also conceptualize arguments both for and against the idea of excluding reference categories in my 
analyses. While my approach was comparable to how dummy variables are made, they were not 
dummy variables in the strictest sense. It was unclear how I should proceed.  

I therefore ran duplicate analyses for the polythetic models, and I compared the results. For one 
set of analyses, I kept the constructs intact (all response categories were represented). I then repeated 
the analyses with a reference category removed from each construct. There were six variable 
constructs, so the reduced (referents removed) models had six fewer variables. The results of this 
experiment are in Chapter 6 and Appendix E, but the important point for now is that I performed the 
analyses both ways since the methodological literature provided no clear guidance.  
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5.4 Variable Correlations 
 
 This section is divided into five parts. First, I discuss how I calculated and assessed correlations, 
and how that process supported the decision to dichotomize all multi-category nominal and ordinal 
variables. Second, I discuss how strength of association was addressed. Third, I evaluated the 
correlations for the purpose of variable reduction. Fourth, I address the carefully considered retention of 
specific pairs of moderately correlated variables for the polythetic clustering models. Finally, I discuss 
how correlations relate to variable selection for the parsimonious clustering models.  
 
5.4.1 Calculating Variable Correlations 
 
 As part of my analysis and preparation of all variables, I calculated correlations. The phi 
correlation (or phi coefficient) is the appropriate technique for identifying associations among 
dichotomous variables, and Cramer’s phi-prime is used for multi-category variables (Gingrich 1992). 
When the variables were still in multi-category form, I had a correlation coefficient matrix for 26 
variables (ordinal, nominal, and dichotomous). After dichotomizing all variables, I had a correlation 
coefficient matrix for 55 binary variables.  

These correlations are interpreted the same way as Pearson’s product-moment correlation 
coefficient (r). For example, a phi correlation of 0.90 would indicate a very strong association. Because 
the range of phi goes from -1 to 1, phi-prime is the appropriate way to denote the strength of 
association between two variables (i.e., phi coefficients of -0.90 and 0.90 both indicate a strong 
correlation). I will now provide further discussion regarding how these correlations are calculated and 
how that supported my decision for dichotomizing the multi-category variables (Section 5.2).  
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A phi correlation equals the square root of chi-squared divided by n [expressed as √(χ2/n)] for a 
2x2 contingency table (Gingrich 1992). Phi equals Pearson’s r for dichotomous variables. Cramer’s phi-
prime (also called Cramer’s V) is also derived from the chi-squared value, but the contingency tables are 
larger (i.e., 2x4 or 3x4) and the equation is more complex (Gingrich 1992). For binary variable 
correlations, Cramer’s phi-prime equals the phi coefficient. However, these values would be different 
when for multi-category variables. Thus, before I dichotomized all multi-category variables, I was using a 
correlation matrix that intermingled phi correlations with Cramer’s phi-prime values.  

I experienced a variety of questions and challenges in my early attempts to directly compare 
these associations. Among other things, it was unclear if I could validly compare a phi correlation (2x2) 
with a Cramer’s phi-prime value (2x4). The real problem, however, was unveiled when I learned that 
changing the order of variables affected the calculation of Cramer’s phi-prime when entering commands 
into STATA. If I evaluated the association of two variables (ordinal or nominal) as a 3x4 contingency 
tables, then the Cramer’s phi-prime value would be different than if I calculated the same association as 
a 4x3 contingency table. The values would only be equal if I had an evenly-balanced contingency table 
(2x2, 3x3, etc.), and in these cases, phi would equal Cramer’s phi-prime. 
 I never solved the riddle presented by these observations. I did not study the topic long enough 
to understand why these things were occurring. Instead, I selected the more rational course of action. I 
dichotomized all variables (as explained in Section 5.2). By doing so, all correlations would use the phi 
coefficient based on a 2x2 contingency table. This removed all questions and concerns.  

I chose this course of action based on the nature of my data, their intended application, relevant 
statistical sources, and in consultation with a statistical consultant (meetings with Friedlander 2015). The 
fact that other researchers performing hierarchical cluster analysis (cited previously) also found success 
by dichotomizing their nominal and ordinal variables provided reassurance that I was on the right path.  
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My immediate concern regarded mixing and matching phi correlations with Cramer’s phi-prime 
values. However, the added benefit was the dramatically streamlined analysis and interpretation of 
results. In my estimation, this also led to more meaningful results that were easier to convey. The irony 
is that I arrived at these more meaningful results while trying to sidestep a statistical puzzle.   
 
5.4.2 Establishing Cut-Off Values for Strength of Association 
 
 Next, I had to consider cut-off values to characterize the strength of associations (i.e., weak, 
moderate, and strong). Cut-off points vary based on the discipline, application, type of data, etc. My 
research regarding the specific subfield of organizational classification produced no established 
conventions regarding the strength of variable associations.  
 I then created a distribution of all phi-prime values. Using a 53x53 table of correlations for 
binary variables, I divided the 1,378 unique observations into quartiles. The 75th percentile of 
observations indicated a cut-off of approximately 0.29 for a strong correlation. This was far too stringent 
of a cut-off value (in no other context could a correlation of 0.29 be considered strong). Later, I went 
through the same process for a 43x43 table of correlations (after reducing the set of variables). The 75th 
percentile for that distribution was 0.19 (even more stringent). This approach would not work.  
 I then calculated that in the 43x43 correlation matrix, only 43 phi coefficients (less than 5% of all 
903 associations) were higher than 0.50. Only eight observations (less than 1%) were over 0.75. In many 
research contexts, 0.50 indicates a moderate (sometimes even weak) association. This process informed 
me that among the 43 binary variables that I was using at that point in time, only an extreme minority of 
associations could reasonably be considered moderate or strong.  
 With that in mind, I developed a process (see next section) to ensure the minimization of any 
moderately or strongly associated variables in the polythetic clustering models. This concern would not 
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apply to the parsimonious clustering models. For now note that some moderately correlated variable 
pairs were eventually advanced into the polythetic models, but careful consideration was applied to 
each instance (as documented in Section 5.4.4).  
 
5.4.3 Evaluating Variable Correlations  

 
 After dichotomizing all nominal and ordinal variables, I used the three-rule process presented in 
this section to reduce the number of variables considered for the polythetic clustering models from 55 
to 26 (a reduction of over 50%). The reduction of variables based on the analysis of correlations also 
provided a secondary and independent mechanism for supporting my decision to drop certain variables 
due to other reasons (such as those outlined in Section 5.1). Remember that with polythetic 
classification, organizations are grouped on the basis of their overall similarity (considering all variables).  
 When I moved on to the parsimonious clustering models, three of the variables excluded due to 
correlations were added back into the pool of variables, and then I added two additional (new) 
transformations. Thus, all variables in Section 4.8 were eligible for consideration in the parsimonious 
clustering models. Because none of the parsimonious models included more than two variables, the 
issue of correlations became irrelevant (none of those variable pairs had high correlations).  

I will add one other point. While not fully documented in the results chapters, I conducted many 
preliminary rounds of polythetic cluster analyses. When doing this, I would exchange entire sets of 
variables as intact constructs if items from those constructs had high correlations with other variables 
under consideration. This was in recognition of the fact that the constructs represented the full range of 
response categories for nominal or ordinal data; it was important to keep them together.  
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 Table 5–1 presents a summary of the phi coefficient values for associations among 53 variables 
(two of the 55 variables had perfect correlations and were immediately excluded). My focus for variable 
reduction was on the phi coefficients greater than 0.50 (n=56).  
 

 Table 5–1: Summarized Distribution of Phi Coefficients (53 Variables) 

Correlation Strength Phi Value Range n (pairs) % n  (high-low, merged) 
%  (high-low, merged) 

No Correlation  < 0.2499 1,086 78.8% 1,322 95.9% Weak Correlation  0.2500-0.4999 236 17.1% 
Moderate Correlation 0.5000-0.7499 50 3.6% 56 4.1% High Correlation > 0.7500 6 0.8% 

 Total 1,378 100% 1,378 100% 
 
I then establish a three-rule procedure to strike variables from consideration based on the goal of 
eliminating or minimizing the number of phi correlations greater than 0.5000. Note that this process 
focused exclusively on correlations. In Section 5.1, I outlined other reasons why variables would be 
discarded (e.g., utility of the data, problems with question design, etc.). The process described here 
independently supported decisions made for other reasons.  

Rule 1: If two variables were moderately or highly correlated and I had to choose between 
them, then I would keep variable constructs intact. I would therefore eliminate variables that were 
originally collected as dichotomous before eliminating an item from a variable construct. 

Rule 2: If two variables were moderately or highly correlated, then I would delete the one which 
had the highest number of elevated correlations with other variables in the dataset (e.g., one variable 
which documented whether or not an organization’s website even mentioned disasters (at all) 
accounted for six of the 56 noteworthy correlations).  

Rule 3: If I was not willing to drop a variable due to its salience to the research aims or for some 
other compelling reason (on a case-by-case basis), then it would be retained for further evaluation 
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before making a decision. After all, there is no outright prohibition against using moderately correlated 
variables in the same model as long as they are identified, understood, and justified.  

Section 5.4.4 documents and discusses the retention of any moderately-correlated variable 
pairs. One of the main reasons for applying this rule was for cases when two items within the same 
variable construct had moderate correlations. In each case, the contingency tables for these correlated 
variables were assessed (phi correlations are calculated on the diagonals). Rule 3 was only used eight 
times. Furthermore, note that any of these variables could subsequently be removed from 
consideration. This process existed for the sole purpose of narrowing the field in a systematic manner.  

The three-rule process (combined with the elimination of variables with skewed distributions) 
led to the systematic reduction of over 50% of the variables being evaluated. Among the 26 remaining 
variables, there were only eight moderate correlations (1.1% of the 702 relationships in a 26x26 table). 
Thus, I reduced the number of noteworthy correlations (0.500 or greater) from 56 (4.1% of the total 
correlations) to eight (1.1% of the total correlations) by following these procedures, and no high 
correlations remained. In other words, my process was extremely effective.  

 
5.4.4 Retention of Moderately Correlated Associations  
 

Eight moderately correlated variable pairs (range 0.5021-0.6542) were retained under Rule 3 of 
the preceding section for the polythetic clustering models. This accounts for a mere 1.1% of the 702 
inter-item associations among these 26 variables. While there is no prohibition against including 
moderately correlated variables in quantitative analyses, I prefer an abundance of caution. The 
forthcoming explanations describe these correlations and why they were retained. For your reference, 
Table 4–15 in Section 4.8 provides the full list of variables. The following discussion of correlations is (in 
part) based on my analysis of the contingency tables and n-values for these variables.  
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To frame the general guidelines, remember that my first imperative was to keep constructs 
intact whenever possible. Moderate correlations do not (by themselves) justify breaking constructs 
apart. Furthermore, remember that the study population is the aggregated sum of 28 intact 
subpopulations (a census for each sampled VOAD) that represents nearly half of all organizations eligible 
for the study population. In other words, the moderate correlations described below reflect intrinsic 
features of the population. The correlations are not the result of sampling variation or other issues.  
 (1) “Not Faith-Based” is moderately correlated (phi=0.5308) with “FBO – Other”.  (2) “Not Faith-Based” is moderately correlated (phi=0.5439) with “990 – No Chapters”.  (3) “Not Faith-Based” is moderately correlated (phi=0.6216) with “990 – Exempt”.    (1) The first correlation has two categories from the same construct. Almost all organizations 
from two groups share another common feature: they are also charitable organizations (as opposed to 
religious organizations). This accounts for some degree of this correlation; they also share other aspects 
in common by virtue of being charitable organizations. When combined, these two response categories 
also make up the majority (65.8%) of all responses in this construct. Regardless, as part of the same 
construct, both of these items were retained (the phi value was fairly close to the cut-off of 0.5000).  
 (2) Of the 301 “Not Faith-Based” organizations, 189 (62.8%) were “990 – No Chapters” 
organizations. These two variables measure entirely different things, and this correlation is merely due 
to the peculiar characteristics of the study population. Specifically, there were many unaffiliated and un-
chaptered charitable organizations in the study population.  
 (3) Not one of the “Not Faith-Based” organizations is exempt from filing its revenue with the IRS 
(other than the 28 unincorporated entities, which are a special case). In other words, these questions 
are a nearly a mirror image of each other because if the answer is “yes” for the first question, it is by 
definition “no” for the second question. The reason that this correlation is not stronger is actually 
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because of the large number of “FBO-Other” organizations, which are mostly charitable organizations 
that are required to file IRS Forms 990 with the IRS.   
  
(4) “FBO – Congregation” is moderately correlated (phi=0.6542) with “Smaller than a County”.    These variables measure different things, but they are correlated for a very logical reason. Most 
congregations serve relatively small geographic areas (e.g., a city, town, or neighborhood). Aside from 
the imperative to keep constructs intact, the presence of this moderate correlation is completely 
justifiable because the variables are quantifying entirely different ideas. 

 
(5) “FBO – Collective” is moderately correlated (phi=0.5454) with “990 – Exempt”.    There are 133 FBO – Collectives, which account for 63.9% of the 208 organizations that are 990 
– Exempt. As noted earlier, we are dealing with an intact population, not a sample. This correlation is 
merely a feature of the population. Also, as noted earlier, the intrinsic connection between the Faith 
and 990 Filing Status constructs would later prove to have tremendous explanatory power.  
 
(6) “990 – Consolidated” is moderately correlated (phi=0.5481) with “International”.    There are 78 “International” organizations, and 75.3% of them are also “990 – Consolidated”. 
This makes sense given the robust nature and presence of many well-developed international 
humanitarian relief organizations (e.g., World Vision, Samaritan’s Purse, etc.). As these two variables 
measure different concepts and the strength of the correlation is relatively low (the cut-off is 0.500), 
there was no reason to strike one of these variables. Also, they are both items of larger constructs. 
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(7) “Disasters Absent” is moderately correlated (phi=0.6401) with “Exclusive to Disasters”. (8) “Disasters Absent” is moderately correlated (phi=0.5755) with “Includes Disasters”.    This was the most confounding case so far. These variables are part of the same three-item 
construct. Note that “Exclusive to Disasters” and “Includes Disasters” were weakly/negligibly correlated 
(phi=0.2599). The answer to this issue was revealed by closer examination of the n-values and the 
crosstabs. Briefly, “Disasters Absent” accounts for 58.6% of the dataset (n=387). This high n-value (387 
out of 660) was only overpowering the other two variables in this construct, and it was also (at this 
point) also the single largest n-value in the entire dataset (this changed later when I added some other 
variables back into the pool). I will again point out the irony suggested here; VOAD members organize 
for the purpose of disasters, yet most of them exist for purposes other than disasters.  
 I considered collapsing this construct into a binary variable by merging “Exclusive to Disasters” 
and “Includes Disasters”. I rejected that course of action because of the meaningful distinction between 
those two categories in relation to my research aims and the nature of organizations in the population. 
An organization’s mission statement is a deliberate, carefully considered expression of what it deems 
most important. Given that less than one in four organizations in the population exists exclusively for 
the purpose of disasters, I needed to retain the variation provided by these three response categories. It 
was too important to the purpose of why I began this inquiry in the first place.  
 Even though I did not transform this into a binary variable, the clustering results rendered this as 
pragmatically dichotomous. There were several clusters that were differentiated on the basis of 
“Disasters Absent” versus “Includes/Exclusive to Disasters”. In other words, retaining this construct as 
three variables (with correlations present among them) did not matter. The results would have been the 
same if I had made this a dichotomous variable at the outset.   
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5.4.5 Relevance to Variable Selection for Parsimonious Clustering Models  
 
 All 32 variables listed in Table 4–15 from Section 4.8 were available to be used for the 
parsimonious clustering models. Variable selection for each model will be fully discussed in Chapter 7, 
but I will provide a brief overview relevant to this chapter’s content.  
 The final taxonomy produced using parsimonious hierarchical clustering was the product of 
eight separate models/subdivisions. When clusters were being subdivided to create new subordinate 
clusters, their populations were reassessed for re-clustering (as if they were entirely new populations) at 
each step in the process. New variables were selected each time based on the distributions of each 
population. In other words, the variable distribution of the newly-created subpopulations was different 
than the variable distribution for the entire population.  
 While all 32 variables were available for consideration at each stage, no more than two variables 
would be used at any point in the re-clustering efforts. At no point were correlated variables an issue of 
concern. Variable correlations were only a consideration for the polythetic models.  
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6.0 Polythetic Clustering Methods and Results 
 
 This chapter summarizes the iterative polythetic clustering methods, and then it presents and 
discusses the best polythetic clustering solution (i.e., the culmination of the entire polythetic endeavor). 
Appendix E provides full and detailed polythetic clustering methods and results. Appendix F includes 
supplemental information regarding the polythetic clustering results. The best polythetic clustering 
results are later compared to the best set of parsimonious clustering results in Chapter 8.  
 
6.1 Summary of Polythetic Clustering Methods 
 
 Polythetic clustering uses many variables to quantitatively identify clusters based on the overall 
similarity of objects in a population. I use the computational technique of hierarchical cluster analysis 
(which can accommodate any number of variables) to identify clusters. Because the variables represent 
different question domains and constructs, the goal is to perform faceted classification. It is important 
to reinforce an important distinction regarding terminology that was first made in Chapter 2. 
Specifically, I am using hierarchical cluster analysis to identify clusters; I am not performing hierarchical 
classification (the dual use of the word “hierarchical” can produce confusion).  
 Hierarchical clustering is one of the main quantitative approaches for taxonomic development. I 
say “approach” because there are numerous methodological choices within the umbrella of hierarchical 
clustering. These choices provide for a range of possible modeling permutations. My objective was to 
produce the best possible set of polythetic clustering results using hierarchical cluster analysis. 
 To accomplish this goal, the best approach was to perform iterative models. Each iteration 
would vary the modeling inputs. By comparing the results of varied models, I would be able to identify 
the best possible set of model permutations. This approach is endorsed by Ferreira and Hitchcock 
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(2009). Specifically, their “methodological meta-analysis” assessed the efforts made by several teams of 
researchers who used hierarchical cluster analysis to classify varied populations for varied purposes.  

One important takeaway was that the “best” clustering methods for any given research 
question varied based on factors such as the population being sorted, the variables being used, the 
application of the results, and so on. The best possible solution could only be identified by comparing 
the results of varied methods. The lesson is that I needed to produce and compare varied sets of 
analytical results using a range of permutations to the clustering models. In other words, my approach 
could be described as following a best-practice as outlined by Ferreira and Hitchcock (2009).  
 This section provides an abbreviated overview and summary of the modeling permutations and 
their results. The detailed analyses, results, and discussion of this process are located in Appendix E. In 
many ways, this was an exploratory process because the results of each iteration would then inform 
subsequent iterations. It was a learning process that would also inform the methods used for the 
parsimonious clustering effort presented in Chapter 7. In other words, the iterative process for 
polythetic clustering was essential to understanding the development of the parsimonious clustering 
methods. It was not as simple as making a choice between a polythetic or parsimonious set of traits. 
Characterizing it that way would miss the point of the process.  

Furthermore, I was only able to identify after the fact that my results would have likely been 
different had I reversed the order of the methodological process. In other words, it is my considered 
opinion that by doing the polythetic methods first, the parsimonious methods and results were better. 
This is primarily a function of the iterative model development required to complete the polythetic 
modeling process. While the results would later prove to be robust, the marginal differences between 
each set of results (see Chapter 8) were the most revelatory aspect of this entire research effort.  

By producing and comparing multiple sets of results, the iterative process therefore offered a 
built-in mechanism for ensuring reliability. While I used a range of measures to compare results and 
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make methodological choices as the process unfolded, there were also clear themes and patterns that 
provided assurance that the results were reliable and robust. Again, the most informative aspect would 
actually result from the careful evaluation of marginal differences between the varied results.  
 
6.1.1 Polythetic Clustering Parameters and Model Development 
 

Hierarchical cluster analysis describes a domain of techniques rather than a single technique. It 
is an approach to grouping and classifying data, and there are numerous choices and options within that 
approach. This section summarizes the basic contours of the polythetic methods. These are fully 
documented and discussed in Appendix E.  

The goal was to identify clusters in a study population of 660 community organizations active in 
disasters (the unit of analysis would be an individual organization). The organizations were also 
typologically divided according to 47 Descriptive Tags (see Table 4 –14 in Section 4.7). A set of 26 binary 
variables would be used, and these were organized according to three domains as presented in Table 4–
15 in Section 4.8. These variables were organized according to three domains, six variable constructs, 
and two additional “independent” binary variables (for a total 26 binary variables).  

After validating the appropriateness of hierarchical clustering, there were four key decisions to 
make for framing the modeling iterations. A subsection for each of these topics is in Appendix E.  

 First, I had to identify whether divisive (top down) or agglomerative (bottom up) clustering was more appropriate.   
 Second (after choosing agglomerative clustering), I had to consider a range of agglomerative algorithms. The algorithms calculate Euclidean distances differently. After narrowing the range of options, I was producing and comparing results using the two best choices (the average linkage and complete linkage algorithms).   
 Third, I needed to choose the right (dis)similarity measure. As a reliability check, I validated that the Jaccard and Gower2 (dis)similarity measures produced virtually indistinguishable results for binary data.   
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 Fourth, I needed to determine whether or not my polythetic clustering models should include or exclude reference variables for each of the six variable constructs. The full set had 26 binary variables; the reduced set had 20 variables.   
Within each of these categories, there were a variety of ancillary choices. These are also documented in 
Appendix E. The forthcoming polythetic clustering results are based on the best set of methodological 
choices. First, the metrics used for screening and evaluating the iterative results need to be introduced.   
 
6.1.2 Screening and Evaluating the Polythetic Clustering Results 
 
 The final best set of polythetic results was the result of (literally) dozens of preliminary and 
iterative models. I developed a set of screening criteria to identify which sets of results were worthy of 
further analysis. I then evaluated the successfully screened results using a tailored set of “fit” metrics. 
Appendix E fully describes these criteria, and it also documents and discusses their application.  

Screening criteria were used as a triage mechanism to identify whether or not any given set of 
results was worthy of further consideration. The main measure was the Calinski-Harabasz Pseudo-F 
statistic. This is a ratio of between-cluster variance to within-cluster variance are based on sum of 
squares distances. Within-cluster variance describes the coherence of a cluster. The between-cluster 
variance describes how distinct the clusters are from each other. Higher Pseudo-F values indicate more 
coherent clusters with better separation between clusters. Additional screening criteria included 
evaluating dendrograms and the distribution of observations (i.e., organizations) across clusters. When 
looking at distributions, I considered cluster sizes, standard deviations, etc.  

The need for fit measures was unanticipated, but I developed these measures to answer a very 
specific question: how would I know what “right” looked like? By that, I mean that all of the viable and 
screened results provided a mathematically valid clustering solution. I did not need “a” solution; I 
needed the most appropriate, salient, and best-fit solution. That was the only way for me to ensure that 
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my taxonomic categories would be meaningful, relevant, and useful. I therefore used the 47 
typologically-developed Descriptive Tags to create a set of tailored metrics.  

These metrics were used to evaluate and compare the varied results to see how well the 
Descriptive Tags maintained their coherence in different clustering solutions. For example, there were 
19 Catholic Charities organizations. To what degree would they hang together as a set across each set of 
results? To what degree would that matter? If they did split, why were they splitting? These questions 
would take on increasing importance the closer I got to the final set of polythetic results.  

The development and application of the fit metrics had profound implications. Specifically, I was 
making the explicit use of a typological framework (the Descriptive Tags) to inform the development and 
selection of the best set of quantitative results. This is the mechanism by which I was able to assure that 
the results provided meaning-in-context. Remember that one very important feature intrinsic to the 
study population was that it was not normally distributed. There were two distinct types repeating, 
chaptered organizations (with varying subpopulation sizes) interspersed with singleton (n=1) unaffiliated 
organizations grouped largely on the basis of themed functions.  

While unanticipated, the fit metrics and Descriptive Tags proved so essential that I would 
change the unit of analysis for the parsimonious clustering methods from organizations (n=660) to 
Descriptive Tags (n=47). This underscores the importance of iterative modeling. I would not have had 
the opportunity to make this innovation but for the robust process (detailed in Appendices E and G). 
  
6.2 Polythetic Clustering Results  
 

The best polythetic results were from the 3-cluster solution provided by the model using the 
average linkage algorithm, Jaccard (dis)similarity, and 26 variables (referents included). The detailed 
methods that led to this solution are fully explained in Appendix E. Certain key terms used in this 
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chapter may be defined in the appendix. Appendix F provides truncated methods, results, and 
discussion regarding efforts to subdivide the three main clusters into subordinate clusters.  
 This section presents the detailed results of the best 3-cluster polythetic solution. First, I will 
document the cluster composition (i.e., which organizations were in which clusters). Second, I will 
present the cluster trait profiles (i.e., which variables defined and shaped the clusters). Third, I will 
discuss findings that led to modifications for the parsimonious clustering methods. In other words, this 
became in extended iteration that would carry over to the parsimonious methods and results.  
 The distribution of organizations from the sampled VOADs applies only to that sample. Added 
steps are needed to evaluate any generalizability to the larger population of VOADs. The research aims 
are about organizations, not VOADs. The results regarding the clusters are valid and generalizable so 
long as the organizations in the study population faithfully reflect the measured traits of similar 
organizations not used for the analyses. For example, to what degree are Call Centers (e.g., 211) outside 
the study population similar to the nine Call Centers in the study population? That is the only criterion 
by which the classificatory scheme can be judged. The size of any cluster is irrelevant so long as the 
measured trait profiles are accurate. That is what ensures their place in the taxonomy.   
 
6.2.1 Composition of Polythetic Clusters 
 
 Table 6–1 presents the polythetic clustering results of the 3-cluster solution for the average 
linkage, Jaccard (dis)similarity, 26-variable model. These are raw, unadjusted clustering results. Note 
that I am using the 47 Descriptive Tags to identify which organizations were sorted into each cluster. 
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Table 6–1: Cluster Composition (Polythetic) 
Descriptive Tag n Cluster 1 Cluster 2 Cluster 3 Remarks 

Amateur Radio 22 22    
Call Center 9 9    
CERT/MRC 6 6    Child Services 12 12    
Disability Services 13 13    
Foundations 6 6    
Fraternal/Scouts 8 8    
Habitat for Humanity 8 8    Health Services 8 8    
Housing Services 10 10    
Legal Services 4 4    
Local CBO 12 12    
Mental Health Services 15 15    Other  16 16    
Saint Vincent de Paul 6 6    
United Way 21 21    
Volunteer Services 13 13    
Academic 8 7  1 Split (1) 
Aging Services 12 11  1 Split (1) 
Animal Services 25 21 4  Split (1) 
Catholic Charities 19 17  2 Split (1)  
Disaster CBOs 19 17 2  Split (1) 
FBO – No Disasters 13 10 3  Split (1) 
FBO – Response/ Recovery 14 12 2  Split (1) 
Food Bank 30 28 2  Split (1) 
International (not FBO) 9 6 3  Split (1) 
Adventist Community Services 13  13   American Red Cross 28  28   
Church of the Brethren Disaster  8  8   
Church World Service 6  6   
FBO – International (Disaster) 12  12   
FBO – International (No Disasters) 6  6   Nazarene Disaster Response 5  5   
Samaritan’s Purse 5  5   
Team Rubicon 4  4   
The Salvation Army 23  23   
Tzu Chi 5  5   United Methodist Convention on Relief 6  6   
World Renew 12  12   
FBO – 990 Exempt 9 1  8 Split (3) 
Religious Collective (Disaster) 28  12 16 Split (3) 
Religious Collective (No Disasters) 43  8 35 Split (3) 
Religious Collective (Charitable) 19 8  11 Split (3) 
FBO – Congregation 60   60  
Latter Day Saints 13   13  
Mennonite Disaster Services 11   11  
Scientology Disaster Ministries 6   6  
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The first critical observation is that organizations belonging to 34 of 47 (72.3%) Descriptive Tags 
sorted perfectly (100% matches) into one of the three clusters. Nine of the split Descriptive Tag 
subgroups were high matches (i.e., greater than or equal to 67%) with Cluster 1, meaning that the 
overwhelming majority of organizations with these tags were in Cluster 1. Four of the split Descriptive 
Tags had a majority of organizations in Cluster 3, but only two of these were high matches. The tag 
“Religious Collective (Disaster)” only had 57.1% of its organizations in Cluster 3. The tag “Religious 
Collective (Charitable)” only had 57.9% of its organizations in Cluster 3. Overall, 11 of 13 (84.6%) of the 
Descriptive Tags that were split were high matches with one of the clusters.  

The individual organizations that are separated from organizations with the same Descriptive 
Tag sorted as they did because of their polythetic similarities to the organizations in the clusters where 
they were located. I will provide one detailed example. Two of the 30 food banks were actually duplicate 
entries for a national nonprofit organization called Feeding America (i.e., two of the 28 VOADs listed 
Feeding America as a member organization). As a national organization, Feeding America has the traits 
“National Service Area” and “High Revenue”. Most food banks have smaller service areas and lower 
revenue, making them more similar overall to the other organizations in Cluster 1. Based on averaged, 
polythetic similarity, Feeding America was calculated as being more similar to the organizations in 
Cluster 2 than to the other food banks that were concentrated in Cluster 1.  
 Combined, a total of 49 organizations were split away from the majority groups for their 
respective Descriptive Tags. I refer to this as the Descriptive Tag fragmentation percentage of 7.4%. This 
is not precisely a calculation of error, but it can be described that way. More precisely, it suggests that 
the definition and composition for each of the 13 split Descriptive Tags could have been improved. This 
number will still have utility for making a relevant comparison to the parsimonious clustering results 
presented later. The Clusters per Tag Dispersion Score for this solution was 1.28 (i.e., 47 Descriptive Tags 
distributed across 60 cells). This was the best among all polythetic clustering solutions.  
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Table 6–2 summarizes the cluster n-values presented in Table 6–1.  
 

Table 6–2: Summary of Cluster Sizes (Polythetic) 
 Cluster 1 Cluster 2 Cluster 3 Total 

“Majority” Cluster 1 318 16 4 338 
“Majority” Cluster 2 0 133 0 189 
“Majority” Cluster 3 9 20 160 133 

Total (Percent) 327 (49.5%) 169 (25.6%) 164 (24.8%) 660 
 
The column totals provide the actual cluster sizes. Cluster 1 had nearly half of the entire study 
population. Clusters 2 and 3 each had approximately one-fourth of the study population. The purpose of 
the row totals is to convey what the cluster sizes would be if the split organizations were to be 
aggregated with the majority groupings from their respective Descriptive Tags. In other words, it also 
shows the degree to which the Descriptive Tag fragmentation affected the size of each cluster. For 
example, Cluster 1’s size would increase from 318 to 338 organizations if all of the Descriptive Tags were 
perfectly matched rather than highly matched.  
 I have not yet provided the variables used to define these clusters, but I can add a specific point 
germane to the subclustering efforts that I performed. I would go on to further subdivide each of these 
clusters (see Appendix F). This was because these clusters were too large to provide pragmatic 
classificatory value. As I did so, the degree of Descriptive Tag fragmentation increased. For example, I 
previously identified that the 21 United Way organizations were divided across three of the ordinal 
revenue categories. When Cluster 1 was subdivided, the United Way organizations wound up being 
separated from each other on this basis. I will now move on to the polythetic variable profiles for each 
cluster.  
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6.2.2 Variable Profiles for Polythetic Clusters 
 
 Once I had determined which organizations had sorted into which clusters, the next step was to 
evaluate (and quantify) why. In other words, I had to consider the variables that defined each cluster. 
This began by simply observing the patterned distribution of the Descriptive Tags. As described in 
Appendix E, I had the opportunity to do this across many different clustering solutions.  
 In Table 6–1 (previous section), note which organizations sorted together into Cluster 3: the 
congregations (to include Latter Day Saints), most of the religious collectives, and several other religious 
organizations. As I considered the pattern, note that the academic organization assigned to Cluster 3 
was a religious college. Also, remember that two of the Catholic Charities organizations were not 
incorporated unto themselves as charitable organizations; rather, they were directly operated by their 
local Catholic Dioceses. Cluster 3 was clearly the destination for all or most religious organizations. I 
needed a means to systematically quantify this for all clusters and subclusters.  
 The forthcoming tables use three tailored measures that allowed me to consider the summary 
statistics of variables for each cluster relative to the summary statistics of the entire population. This is 
the mechanism by which I could quantify which variables were most responsible for defining each 
cluster, and I was also able to evaluate the relative contributions of all variables. The following measures 
are more fully explicated in Appendix E (with examples and explanations).  
 The “Percent in Cluster” score is the number of organizations with a shared trait in a cluster 
divided by the size of the cluster. The “Percent in Population” score is the number of organizations with 
a shared trait in a cluster divided by the number of organizations in the study population with that trait. 
The “Average Percent” score is the average of those two numbers. It helped me index and rank order 
the variables based on their relative importance. “Dominant” traits had an Average Percent score 
greater than 75%. 
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 Using those scores, I could identify the dominant variables for each cluster and compare the 
relative influence of all variables. Because I used binary variables, I could also learn a great deal about a 
cluster by noting the absence of traits. Thus, the goal was to characterize the variable profiles in terms 
of the dominant and absent traits. Again, expanded discussion (with examples) is in Appendix E. Table 
6–3 provides the variable profile for Cluster 1 (n=327, 49.5% of the study population).  
 

Table 6–3: Polythetic Variable Profile for Cluster 1 
Variable % in Cluster % in Population Average % Overall Influence 

Not Faith-Based 80.1% 88.4% 84.2% Dominant 990 – No Chapters 63.0% 91.7% 77.3% 
990 – Independent 32.2% 100.0% 66.1% 

Moderate 
Very Low Revenue 38.6% 91.4% 65.0% 

County/Multi-County 41.0% 87.2% 64.1% 
Disasters Absent 64.8% 55.6% 60.2% 

No Response or Recovery 40.1% 64.3% 52.2% 
Serves a Specific Population 44.9% 55.2% 50.0% 

Response (Only) 12.7% 85.7% 49.2% 

Indeterminate  

State/Multi-State 29.2% 63.8% 46.5% 
Self-Discloses Financial Info 39.2% 43.3% 41.2% 

Recovery (Only) 21.7% 58.5% 40.1% 
Low Revenue 29.2% 47.8% 38.5% 

Includes Disasters 17.8% 47.2% 32.5% 
FBO – Other 19.9% 39.8% 29.8% 

Smaller than County-Sized 17.5% 40.0% 28.7% 
Exclusive to Disasters 17.5% 39.2% 28.3% 

Response and Recovery 25.6% 30.2% 27.9% 
Mid Revenue 22.0% 25.5% 23.8% 
High Revenue 10.2% 26.0% 18.1% 

National 8.1% 20.8% 14.5% 
International 4.2% 18.2% 11.2% 

990 – Consolidated 3.9% 11.1% 7.5% 
Absent 990 – Exempt 0.9% 1.4% 1.2% 

FBO – Congregation 0.0% 0.0% 0.0% 
FBO – Collective  0.0% 0.0% 0.0% 
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The variables Not Faith-Based and 990 – No Chapters were the most influential for defining 
Cluster 1. The absent traits were FBO – Congregation, FBO – Collective, 990 – Exempt, and 990 – 
Consolidated. Combined, six variables were classified as having dominant or absent influence.  

The most telling aspect of this profile is that only three variables had values of 100% or 0% for 
the Percent in Variable measure (990 – Independent, FBO – Congregation, and FBO – Collective). All 
organizational traits were binary, but only three traits comprehensively described this entire 
subpopulation as 0 or 1 (i.e., perfectly uniform for all cases, or the column average for these variables). 
In other words, the organizations expressed a large range of variation on all other traits.  

While this was a very large cluster, one telling aspect provides a clue regarding the extent of 
trait variation within this cluster. Cluster 1 had 100% of all 990 – Independent organizations in the study 
population, and it had 91.7% of all 990 – No Chapters organizations in the study population. That means 
that this cluster was characterized by a very high degree of unique data sources (remember that the 990 
– Consolidated organizations shared common data sources). In other words, the extent of trait variation 
is due to the number of unique data sources (as well as the size of the cluster). That helps explain why 
14 variables (more than half) fell in the indeterminate range.  

Table 6– 4 presents the comprehensive polythetic variable profile for Cluster 2 (n=169, 25.6% of 
the study population).  
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Table 6–4: Polythetic Variable Profile for Cluster 2 
Variable % in Cluster % in Population Average % Overall Influence 

990 – Consolidated 71.4% 81.2% 76.3% Dominant 
Response and Recovery 98.5% 46.6% 72.6% 

Moderate 
Self-Discloses Financial Info 88.7% 39.3% 64.0% 

International 45.9% 79.2% 62.5% 
FBO – Other 66.2% 53.0% 59.6% 

High Revenue 57.1% 58.0% 57.6% 
National 54.1% 55.4% 54.8% 

Serves a Specific Population 69.9% 34.4% 52.2% 
Exclusive to Disasters 40.6% 36.5% 38.5% 

Indeterminate 
Includes Disasters 33.1% 35.2% 34.1% 

990 – Exempt 27.1% 17.3% 22.2% 
Low Revenue 23.3% 15.3% 19.3% 

Disasters Absent 26.3% 9.0% 17.7% 
Not Faith-Based 24.1% 10.6% 17.3% 

Mid Revenue 18.0% 12.9% 15.5% 
FBO – Collective 9.8% 9.8% 9.8% 

Absent  

Recovery (Only) 1.5% 1.6% 1.6% 
Very Low Revenue 1.5% 1.4% 1.5% 
990 – No Chapters 1.5% 0.9% 1.2% 

FBO – Congregation 0.0% 0.0% 0.0% 
990 – Independent 0.0% 0.0% 0.0% 

Response (Only) 0.0% 0.0% 0.0% 
No Response or Recovery 0.0% 0.0% 0.0% 
Smaller than County-Sized 0.0% 0.0% 0.0% 

County/Multi-County 0.0% 0.0% 0.0% 
State/Multi-State 0.0% 0.0% 0.0% 

 
Cluster 2 had only one dominant variable: 990 – Consolidated. However, there were twelve 

variables in the dominant or absent categories. Recall that Cluster 1 only had four variables in these two 
categories. Remember that the absence of a trait can be as telling as the presence of a trait.  
 All organizations in Cluster 2 were National or International. Slightly more than half of the FBO – 
Other organizations were in this cluster. Most of these organizations were well-financed and self-
disclosed their financial information. Almost all exhibited evidence of activity during the Response and 
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Recovery disaster phases. The holistic profile suggests that these are well-resourced, professional, and 
largely faith-based non-profit organizations that are represented among many VOADs through chapters.  

Table 6–5 presents the comprehensive polythetic variable profile for Cluster 3 (n=164, 24.8% of 
the study population).  
 Table 6–5: Polythetic Variable Profile for Cluster 3 

Variable % in Cluster % in Population Average % Overall Influence 
990 – Exempt 92.7% 67.3% 80.0% Dominant 

FBO – Congregation 39.7% 100.0% 69.9% 
Moderate FBO – Collective 60.3% 68.4% 64.3% 

Smaller than County-Sized 56.3% 58.6% 57.4% 
Disasters Absent 74.2% 28.9% 51.5% 

Mid Revenue 48.3% 39.2% 43.8% 

Indeterminate  

Low Revenue 47.0% 35.0% 41.0% 
No Response or Recovery 44.4% 32.4% 38.4% 

State/Multi-State 30.5% 30.3% 30.4% 
Recovery (Only) 25.8% 31.7% 28.8% 

Response and Recovery 25.2% 13.5% 19.3% 
Includes Disasters 13.2% 16.0% 14.6% 

Exclusive to Disasters 12.6% 12.8% 12.7% 
Self-Discloses Financial Info 13.2% 6.7% 10.0% 

Response (Only) 4.6% 14.3% 9.5% 

Absent 

County/Multi-County 7.9% 7.7% 7.8% 
Serves a Specific Population 9.3% 5.2% 7.2% 

National 5.3% 6.2% 5.7% 
990 – No Chapters 5.3% 3.5% 4.4% 
Very Low Revenue 4.0% 4.3% 4.1% 
990 – Consolidated 2.0% 2.6% 2.3% 

High Revenue 0.7% 0.8% 0.7% 
Not Faith-Based 0.0% 0.0% 0.0% 

FBO – Other 0.0% 0.0% 0.0% 
990 – Independent 0.0% 0.0% 0.0% 

International 0.0% 0.0% 0.0% 
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Cluster 3 only had one dominant variable: 990 – Exempt. These were the religious organizations. 
Combined, 13 variables accounted for the dominant and absent categories of variable classification. In 
other words, this is the most coherently-defined of the three clusters. All of the FBO – Congregations 
and most of the FBO – Collectives were in this cluster. The majority of them had small service areas and 
did not include disasters in their mission statements.  

I will add one other observation. Most of the Cluster 3 organizations had separate data sources 
(as did Cluster 1’s organizations). However, this was also the most coherently-defined cluster. That 
suggests that religious organizations are generally more similar to each other (based on these variables) 
than are charitable organizations. In other words, they expressed lower degrees of within-group 
variation. Table 6–6 directly compares the variable profiles of the three clusters.  
 

Table 6–6: Count of Variables by Type for Polythetic Clusters 
Average Percent Value Cluster 1 Cluster 2 Cluster 3 Dominant + Absent 6 12 13 Moderate 6 7 4 Indeterminate 14 7 9 

Total 26 26 26 
 
The variables that most clearly define each cluster are the “dominant” and “absent” variables. The 
variables expressing the most within-group variation are the “indeterminate” variables. The two smaller 
clusters are much more well-defined than Cluster 1. Cluster 2 had the lowest proportion of unique data 
sources because most of its organizations had the trait 990 – Consolidated.  
 Also, note that the manner in which the multi-category variables were dichotomized means that 
there will (by definition) be more “absent” traits than “dominant” traits. For example, there were four 
response categories for 990 Filing Status. If all or most of the organizations are 990 – Exempt, then that 
means that none (or very few) of them will possess the other traits (three variables). This again 
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reinforces the idea that the absence of a trait can be as telling as the presence of a trait. This was the 
case for Cluster 2 with regard to the five binary variables representing the Service Area construct.  
 
6.2.3 Most Influential Variables and Constructs for Polythetic Results 
 
 After developing the detailed polythetic variable profiles for each cluster, I determined which 
constructs played the most influential role in the sorting process across the entire population. I found 
clear evidence that two of my variable constructs, 990 Filing Status and Faith, were responsible for 
driving the creation of clusters. This was not just the case for the best model. For all preliminary 
polythetic models that had been analyzed these two constructs were always at the top of the list in spite 
of other variations in the results. I can reduce this by saying that two variables (i.e., without the 
dichotomization of categories) were primarily responsible for sorting my population across multiple 
model permutations and solutions.   
 Also, I had noted in Chapters 4 and 5 that these two variable constructs had a special 
relationship. Specifically, any organization that was 990 – Exempt (i.e., the 990 Filing Status construct) 
would also be either FBO – Congregation or FBO – Collective (i.e., the Faith construct).In other words, 
the interaction of these two variables would play a very important role in the taxonomy. In forthcoming 
chapters I introduce other reasons why these two variables played an important role. I will now discuss 
the role of these variable constructs more thoroughly.  
 The 990 Filing Status construct most directly shaped the three clusters. Most of the 
organizations in Cluster 1 were “990 – No Chapters” or “990 – Independent Chapters”. Another way of 
saying this is that they were incorporated as singleton (n=1) charitable organizations, regardless of 
whether or not they were affiliated with a larger parent organization. Most of the organizations in 
Cluster 2 were “990 – Consolidated Chapters” organizations (e.g., the American Red Cross (n=28), 
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Adventist Community Services (n=13), and Team Rubicon (n=4)). Most of the organizations in Cluster 3 
were “990 – Exempt” organizations, meaning that they were religious. Finally, I will add that the 4-item 
construct can be further simplified to the binary dimensions of charitable or religious (the binary 
variable “Charitable” was omitted from these analyses due to high correlation with the four-item 
construct).  
 The Faith construct shaped the clustering solution in the following ways. Most of the 
organizations in Cluster 3 were religious congregations or collectives. Recall that with the exception of 
two outlier organizations, the sum of “congregations” plus “collectives” was equal to the number of 
“990 – Exempt” organizations. The only other significant outlier (specific to this particular clustering 
solution) was The Salvation Army (n=23). The Salvation Army is organized and operated as a church, but 
in this clustering solution, it was calculated to be most similar (overall) to the organizations in Cluster 2 
based on its other traits.  
 Most “FBO – Other” organizations fell in Cluster 2, with a smaller number sorting into Cluster 1. 
These were faith-based charitable organizations, like Catholic Charities or St. Vincent de Paul (Cluster 1 
examples) and Tzu Chi or Adventist Community Services (Cluster 2 examples). The faith-based charitable 
organizations in Cluster 1 were typically “990 – No Chapters” and “990 – Independent Chapters” 
organizations, whereas the ones in Cluster 2 were generally “990 – Consolidated Chapters” 
organizations. Most organizations in Cluster 1 were “Not Faith-Based”, and most had no chapters or 
independently-incorporated chapters. Those non-faith-based organizations that were organized as “990 
– Consolidated Chapters” were in Cluster 2.  

The over distribution of Clusters 1 and 2 suggests that the 990 Filing Status took precedence 
over the Faith construct. I will add that the four-category Faith construct could also be reduced to a 
binary variable, faith-based or not faith-based. That binary variable was not included in the analyses due 
to a high correlation with elements of the four-category Faith construct.  
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Figure 6A presents a simplified expression of how these dominant variables (from the two 4-
category constructs) interacted to form the first tier of the taxonomy. 

 
Figure 6A: Polythetic Interaction of 990 Filing Status and Faith Constructs 

 
 A critical point is that while these were the dominant traits for the cluster development (across 

multiple model permutations and clusters), there was always a degree of error or non-conformity with 
the polythetic approach. For example, in this solution, The Salvation Army was in Cluster 2 rather than 
Cluster 3 (where I would have expected it to fall). Even though The Salvation Army was a 990 – Exempt, 
religious collective, the average linkage algorithm calculated that based on all variables, this 
organization was more similar to the FBO – Other charitable organizations in Cluster 2.  

I will add that as I created subordinate clusters (see Appendix F), the amount of Descriptive Tag 
fragmentation increased. For example, one subsequent model further split Catholic Charities into 
different subclusters based on differences in chapter revenue, and the same phenomenon happened 
with the United Way. The problems associated with within-group variation were evident in all clustering 
solutions and increased as the number of clusters and subclusters increased.  
  Figure 6B (below) presents a simplified version of Figure 6A (above). Instead of using the 
variables from the model (two 4-category variable constructs), I have represented them as the binary 
variables to which they correspond. So, I have replaced items from the four-category 990 Filing Status 
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6.2.4 Evaluation and Discussion of Polythetic Methods and Results  
 
To review a core concept, many typologies apply observed differences that “make sense” to the 

user. They can be based on pragmatism, logic, or superficial and easily-identified characteristics. A 
taxonomy adds scientific rigor and a systematic process. My varied sets of polythetic results were all 
mathematically valid and, in their own right, defensible. Furthermore, it should not be alarming (of its 
own accord) when the quantitative results deviate from the expectations that are based on typological 
thinking. My problem was that I needed a means of discriminating among many similar sets of results.  

I therefore applied my self-developed typology (Descriptive Tags) to assess the varied 
quantitative results. In other words, I had gone full-circle through the process: typology  cluster 
analyses  comparison of multiple results  typology as the benchmark  taxonomy. The Descriptive 
Tags were not quantitatively supported, but they provided a typological benchmark to ensure that the 
quantitative results would be relevant and useful to the users. In other words, purely quantitative 
results still needed to be reconciled with the pragmatic need for logically ordered taxa that made sense.  

One pervasive problem brought out by the iterative process was the extent of within-group 
variation expressed among organizations belonging to the same Descriptive Tags. Full examples are 
provided in Appendix E, but I will briefly highlight some relevant points here. Organizations with the 
same Descriptive Tags often varied a great deal on constructs such as Revenue and Mission Statement. 
Some Catholic Charities chapters included the topic of disasters in their mission statements or had 
specified disaster programs, services, and activities, but some did not. Some United Way chapters 
earned low revenue, some did not. As cited with the example of Habitat for Humanity in Appendix E, I 
had sorted these chapters (n=8) five different ways with five different clustering solutions, all due to 
within-group variation. The Descriptive Tags needed to retain some degree of coherence in the 
completed taxonomy, and I had not yet fully resolved this issue. 
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These observations provided an alternate explanation for why the constructs of 990 Filing Status 
and Faith (both structural/operational) were dominant in the classificatory process across multiple 
solutions. These constructs were more stable with respect to the Descriptive Tags. Even if the United 
Way chapters varied internally on Revenue or Mission Statement, they did not vary on 990 Filing Status 
or Faith. Those structural/operational considerations were more consistent within each subgroup. Many 
of the Descriptive Tags had exceptional cases in one way or another (e.g., the two outlier chapters of 
Catholic Charities), but they generally conformed within their groups on 990 Filing Status and Faith at a 
fundamental level. This was not always true for other variable constructs, but this idea precipitated 
changes to how the parsimonious clustering would proceed (explained in Chapter 7).  

I had now worked through the process several different ways, using a variety of techniques and 
indicators to develop the best possible polythetic taxonomy (rather than merely “a” taxonomy). I had 
determined the best set of model permutations that would produce worthwhile polythetic results. I had 
determined the best means to evaluate and compare different solutions. I had determined the two most 
important variable constructs (both of which were structural/operational) that would drive the 
classificatory process. However, I was still unsatisfied with the results due to the within-group variation, 
and I had not yet created the parsimonious results. 
 I made a critical decision as a result of these observations. I would change the unit of analysis. I 
had completed all of my polythetic analyses using organizations (n=660) as the unit of analysis, but my 
interpretation of those results was based on the Descriptive Tags (n=47). Furthermore, regardless of 
their varied degrees of internal coherence, within-group variation was present among too many of the 
Descriptive Tags (it was only absent for tags representing 990 – Consolidated organizations like 
Adventist Community Services). Chapter 7 presents the justification and methods associated with 
changing the unit of analysis in detail. 
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7.0 Parsimonious Clustering Methods and Results 
 
 This chapter has three main portions. It begins with discussion and methods regarding the 
changed unit of analysis. This innovation was prompted by analyzing the polythetic clustering results. It 
then provides an overview and framework for the parsimonious methods; strong emphasis is placed on 
the steps and considerations regarding variable selection for the parsimonious models. It concludes with 
the presentation of the best top-tier solution for the parsimonious modeling (i.e., the results are limited 
to the first tier of classification). Appendix G provides expanded and supplementary methods, results, 
and discussion for various portions of this chapter (where indicated). The parsimonious clustering results 
are later compared to the best set of polythetic clustering results in Chapter 8.  
 
7.1 Changing the Unit of Analysis 
 
 This section documents how and why I went about changing the unit of analysis prior to 
performing the parsimonious clustering. When producing the polythetic results, the unit of analysis was 
an individual organization (n=660), but I organized and interpreted the results according to the 47 
Descriptive Tags. Furthermore, I paid a great deal of attention to the manner in which the polythetic 
clustering solutions had fragmented the Descriptive Tags. Specifically, organizations that I had 
typologically grouped were not necessarily staying grouped after the quantitative clustering.  
 Since my methods and the analysis of the results were so heavily focused on the fit between the 
Descriptive Tags and the clustering results, I deemed it not just appropriate but necessary to revise the 
unit of analysis according the 47 tags. Remember that as I evaluated numerous, iterative polythetic 
models, one of the primary means for distinguishing the best set of results was to quantify effects of 
within-group variation as Descriptive Tags were fragmented.  
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 Here is another way of putting this. I created a feedback loop between the typological 
categories and the quantitatively-produced categories. I did not have one set of results. I had many. I 
determined that if the final product (the taxonomy) was going to be useful and be used, then the 
typologically-developed Descriptive Tags needed to maintain some degree of coherence. After all, if 
eight Habitat for Humanity organizations are quantitatively split among two or three different clusters, 
then how can those results be useful to practitioners?  
 This methodological revision was a logical extension of the iterative process that had already 
been underway. However, a new challenge was embedded in this decision. Changing the unit of analysis 
would complicate the direct comparison of the polythetic and parsimonious results (Chapter 8).  
 As an additional reminder, I was looking at more than just the coherence of specific, individual 
Descriptive Tags. Throughout the results, certain sets of Descriptive Tags would consistently hang 
together due to their shared traits (e.g., the FBO – Congregations and the Latter Day Saints). The results 
were robust across model permutations, and this was primarily a function of the interaction between 
the 990 Filing Status and Faith variable constructs (each of which could also be simplified as the 
dichotomous variables Charitable and Faith-Based).  
 The Descriptive Tag fragmentation was primarily driven by the presence of within-group 
variation as quantified by other traits (e.g., Revenue or Service Area). Such within group variation would 
always be present, but changing the unit of analysis (as described in this section) muted the effects of 
this variation. The parsimonious clustering solution would be formed on the basis of overall 
organizational similarity according to dominant subgroup traits rather than strict uniformity according to 
the specific traits of individual organizations. Along with describing and process used to modify the unit 
of analysis, following sections also document the dominant trait adjustment process. First, I will 
elaborate more on the purpose behind changing the unit of analysis.  
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7.1.1 Alligator Wrestling 
 
 As part of this research effort, I carefully studied typologies and taxonomies across a wide range 
of applications. We use these tools for classifying minerals, data storage and retrieval, and many other 
purposes.  There are no hard-and-fast rules regarding how large or small a taxon should be relative to 
the other taxa used for classification; such considerations are organic to the population being classified.  
 I had been using an intact study population of 660 organizations to create a taxonomy that 
would be applicable to the larger population from which it was drawn; these 660 organizations faithfully 
represented the full range and variety of organizations in the larger population (see Sections 3.3 and 
3.4). That population was not normally distributed. In fact, a significant characteristic was the presence 
of numerous organizational subsets that were either pragmatically identical or thematically grouped by 
function (e.g., 28 American Red Cross chapters, 30 food banks, or six fraternal organizations). I 
typologically organized these subsets by the Descriptive Tags (at the time, solely for quick referencing 
purposes). My revelation was that the size of any particular Descriptive Tag was irrelevant so long as 
that Descriptive Tag itself was well-defined and meaningful.  
 This breakthrough was brought to me by, of all things, our friend the alligator. Alligators belong 
to the order Crocodilia, and they are (not surprisingly) cousins of crocodiles. Subordinate to the order 
Crocodilia, we have the family Alligatoridae. Two subfamilies branch from this classification: Caimaninae 
(where we find caimans) and Alligatorinae (where we find alligators). Thus, alligators are closely related 
to caimans, but both subfamilies are subordinate to crocodiles. Few people even know or care about 
this. That is all well and good, but one of my points is that the pragmatic benefit of the classificatory 
scheme must be considered based on how (and for what purpose) the taxonomy is meant to be applied. 
That is not the truly revelatory point, though. 
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 There are two living species of alligators. Few people know that, either. These two species are 
literally separated by about 8,000 miles. The American alligator is a very populous species. In contrast, 
the Chinese alligator is critically endangered. A more clinical way of expressing this is that the n-values 
for each species of alligator are drastically different. The population of a species has nothing to do with 
the species’ place in the taxonomy of animals. Regardless of the relative population size between 
American and Chinese alligators, these species are distinct and express markedly different traits.  
 I applied the implications of alligator classification to my own study population. If I thought of 
legal services organizations (n=4) and food banks (n=30) as two different species with different 
populations, then I wanted to know two things. First, I needed to know which branch(es) of the 
classificatory hierarchy they belonged to. Second, I needed to know if (and where) they would, at any 
point, be separated onto different hierarchical branches. To use terms used for animal classification, 
these two species might be parts of the same order (i.e., Cluster 1), but they would not necessarily be 
part of the same family or genus (subclusters at the second and third tiers of classification). This is why 
subordinate tiers were needed, but most importantly, this is why the n-value of each “species” became 
pragmatically irrelevant.  
 This thought exercise about alligators led to the changed unit of analysis from organizations 
(representing individual “animals”) to the Descriptive Tags (representing “species”). I originally started 
with 38 Descriptive Tags that were never meant to be part of the methodology. Upon realizing their 
importance, I reevaluated and revised them. Thus, the expanded set of 47 Descriptive Tags (see Section 
4.7) represents a substantive improvement in their definitions and composition. Expanded discussion of 
the process for revising the Descriptive Tags is presented in Appendix G.  
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7.1.2 Assigning Variable Values to the Descriptive Tags 
 
 Changing the unit of analysis meant creating a new study population with 47 cases instead of 
660 cases. I needed to determine the best way to assign variables values for each newly created case. 
There were two main considerations. First, I wanted to retain the analytical methods that I had 
developed for binary data (rather than switching to continuous data). Second, I wanted to mute the 
impact of within-group variation on the analyses. The result was to identify adjusted dominant traits for 
each Descriptive Tag subgroup. The following example illustrates this process.  
 I identified that 11 of 13 (84.6%) mental health organizations were not faith-based. The other 
two were faith-based charitable organizations (i.e., all 13 were charitable organizations). I therefore had 
a continuous value of 0.846 to assign to the variable “Not Faith-Based” for the newly created case 
“Mental Health”. I produced the same calculation across all variables for all cases. With 47 cases and 32 
variables, I now had 1,504 new values in the dataset. I had to make a decision regarding how to treat 
and analyze newly-created continuous data points. Table 7–1 presents the distribution of these values.  
 

Table 7–1: Distribution of Variable Values across 47 Cases 
Value n % of Total 1 291 19.3% 0.01 – 0.99 536 35.6% 0 677 45.0% Total 1,504 100%  

This process revealed why the within-group variation among the Descriptive Tags was so 
pronounced. If all 60 congregations have a value of “1” for trait “FBO – Congregation” and values of “0” 
for the other three items from that construct, then there is no within-group variation for this Descriptive 
Tag on that dimension. The newly aggregated values for this variable would therefore still be “1” to 
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define the entire Descriptive Tag. However, I also identified that 18.3% of the congregations indicated 
specified disaster programs, activities, and services on their websites. The corresponding value of 0.183 
quantified the degree of within-group variation among congregations on this variable. After calculating 
this across all cases and all variables, Table 7–1 indicates that within-group variation would be produced 
by up to 35.6% of the cells in the dataset. That is a very large percentage, and it explains why the effects 
of within-group variation were so prominent.  
 One course of action was to use analytical methods that would accommodate continuous data. I 
rejected this course of action for two main reasons. First, I knew that within-group variation was 
intrinsic to the population. It would always be there; I had to acknowledge and account for it, but I could 
not remove it. Second, I knew that cluster analyses with continuous data would only further muddy the 
waters by producing “blurry” clusters in the sense that expressing the within-group variation on a 
continuous scale would perpetuate the problems identified in the polythetic results. I was trying to 
minimize that variation so that the ordered results would provide meaning to the taxonomy’s users. My 
next step was to analyze the distribution of the 536 cell values that were not “0” or “1”. See Table 7–2.   

 
Table 7–2: Distribution of 536 Mid-Range Values 

Value n % of Total 0.666 – 0.999 90 16.8% 0.334 – 0.665 195 36.4% 0.001 – 0.333 251 46.8% Total 536 100%  
This distribution tells me that 36.4% of the values that were not “0” or “1” fell in the middle third of 
distribution, representing the range of 0.334 to 0.665. The reason that so many more cells were in the 
bottom third (compared to the top third) was because of how the multi-item variable constructs were 
defined. For example, if an organization had a value of “1” for International Service Area, then (by 
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definition) it would have a value of “0” for the other four response categories in that construct.  This is 
why there are more 0s than 1s throughout the dataset.  
 My course of action was now clear. Any cells with values of 0.666 or higher would be adjusted 
upwards to 1 because that was the dominant trait for describing most organizations in that Descriptive 
Tag. So, in my opening example, 84.6% of mental health organizations were not faith-based. The value 
of 0.846 would be adjusted to 1, representing the quantifiably dominant characteristic of most 
organizations in this Descriptive Tag. Any cells with values of 0.333 or lower would be adjusted 
downwards to 0. Using the preceding example of congregations, only 18.3% of them had specified 
disaster programs, services, or activities. The value of 0.183 would be adjusted to 0, representing the 
quantifiably dominant characteristic of most organizations in that Descriptive Tag.  

Note that I am not removing the within-group variation. The full dataset (n=660) still 
documented all of the original values. Rather, I was adjusting these values for the reduced dataset 
(n=47) to mute the impact of within-group variation as I clustered the Descriptive Tags. Not only did this 
allow me to proceed with the methods I had developed for binary data, but it also significantly 
facilitated variable selection for the parsimonious clustering efforts.  
 I would cluster the Descriptive Tags based on their (adjusted) dominant characteristics rather 
than their discrete, continuous characteristics. This would produce a more orderly taxonomy. Table 7–3 
provides the distribution of all 1,504 values in the dataset after the dominant trait adjustment.  
 

Table 7–3: Distribution of (Adjusted) Dominant Traits 
Value n % of Total 1.00 379 25.2% 0.334 – 0.665 153 10.2% 0 972 64.6% Total 1,504 100%  
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Compare these values to Table 7–1. Before I adjusted the values, 35.6% of the cells in the 
dataset were driving the within-group variation. After adjusting the values to reflect dominant traits for 
each Descriptive Tag, the expression or influence of within-group variation was limited to only 10.2% of 
the cells. This procedure also allowed me to reduce the number of variables for all subsequent models 
(in addition to the advantages discussed earlier). I would exclude or minimize the use of variables from 
all future models if their values could not be adjusted to 0 or 1.   
 Appendix G elaborates on the differential impact of the dominant trait adjustment process on 
Descriptive Tags and variable constructs. Remember that the pre-existing degree of within-group 
variation was different based on the composition of each tag (e.g., 990 – Consolidated organizations, 
990 – Chaptered organizations, of singleton (n=1) organizations grouped according to function). 
Likewise, the degree of variation was different across trait domains and constructs. For example, 
structural/operation traits were generally more stable and consistent within organizational subgroups, 
but the Descriptive Tags showed less coherence with regard to functional or financial/resource traits. 
Thus, the dominant trait adjustment process had a differential impact according to the Descriptive Tag 
and variable subtypes. This would have significant implications for the parsimonious clustering results. 
 To summarize, the new study population would classify Descriptive Tags (i.e., “species”) 
according to adjusted dominant traits. This would allow for the continued use of analytical methods 
developed for binary data and reduce the effect of within-group variation on the classificatory process. 
These fundamental improvements were only possible as a result producing and comparing numerous 
sets of results from the iterative polythetic models.  
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7.2 Framework for Parsimonious Clustering Methods 
 
 The parsimonious clustering methods would use no more than two variables at a time (out of 
the pool of 32 variables) to create clusters and subclusters as the full taxonomy was developed. A total 
of ten separate clustering efforts were made to create the full parsimonious taxonomy (down to the 
third tier of classification for each branch). The parsimonious clustering results for Tier 1 are presented 
in Section 7.3. The expanded results for the subordinate tiers are presented in Chapter 9. When a 
cluster’s subpopulation was divided into subclusters, the summary statistics and variable profiles were 
completely reassessed. Because no more than two variables would be used in each clustering model, 
this chapter specifies the process and considerations for choosing the variables.  
 When I began the parsimonious clustering methods, I maintained the use of the average linkage 
algorithm and Jaccard (dis)similarity. I would still examine the Pseudo-F statistics and distributions. 
Whenever possible, I would only use variables that expressed adjusted dominant traits of 0 or 1 (I had to 
deviate from this ideal on two occasions, which are documented where relevant). Thus, the major focus 
of this section is placed on variable selection.  
 After performing many parsimonious clustering models using the hierarchical cluster analysis 
computational algorithms, I learned something important. The clustering results were always (literally) 
identical to the distributions produced by simple crosstabs. So, if I used two binary variables in a 
hierarchical cluster analysis model in STATA, the resulting subgroups would be the same as if I had 
simply sorted the population in a 2x2 contingency table. While this might have been self-evident to a 
statistician, I had to learn it.  
 The primary goal for model building was to avoid or minimize the use of any variables that 
expressed within-group variation (after accounting for the dominant trait adjustment). The new method 
for variable selection can best be described in the following manner.  
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 First, I needed to calculate new summary statistics for each new subpopulation that I created as 
the analyses proceeded. As subpopulations were created, I needed to reevaluate all variables. For 
example, the variable “Serves a Specific Population” exhibited a large degree of within-group variation 
compared to other variables. However, as I kept subdividing the population into smaller clusters, there 
was a point at which I found a subpopulation for which this variable played a noteworthy role. In other 
words, the process of variable selection was not simply about successively reducing the number of 
variables. I had to systematically reexamine the summary statistics for all subclusters as they were 
created. The full process of variable reevaluation and selection was used for each re-clustering effort.  
 Second, any variables that were uniform across all cases (e.g., all 0s or 1s) for a subpopulation 
became irrelevant and could be discarded from re-clustering efforts. In most cases, this also applied to 
variables with skewed distributions (e.g., if 90% of the cases in a subpopulation had the same value for a 
trait). This consideration only applied to subordinate clusters, and I will provide details when I present 
the full parsimonious clustering results in Chapter 9. However, recall that in my polythetic clustering 
results, Cluster 3 had almost all of the religious organizations. Since they were almost entirely religious 
(over 90%), the entire Faith construct was effectively held constant (i.e., irrelevant) with respect to any 
attempt at creating subclusters out of that population. The point I am reinforcing is that with each round 
of clustering, the set of variables being considered would be reevaluated.  

Third, I would consider including variables in a model if all values were “0” or “1” (across all 
cases) with clear 0/1 dichotomies that expressed good distributions. Forthcoming subsections of this 
chapter expand upon this idea in detail. In other words, I did not want to include a variable that would 
introduce within-group variation unless I had no other choice; I also did not want to use variables with 
skewed distributions. If there were no (or insufficient) variables with clear 0/1 dichotomies, then I would 
carefully consider the use of variables that introduced low levels of within-group variation. This topic is 
also further discussed in forthcoming subsections.  
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The remainder of this chapter provides more detailed discussion of the topics just introduced. 
However, it also provides a primer for the terms and methods used to present the parsimonious 
clustering results in Section 7.3 and Chapter 9. In other words, understanding the following terms and 
ideas will be necessary to understanding the results. As much as I might have wanted it to be a purely 
quantitative process, this endeavor resembled an art project or a puzzle in many ways.  

The final product was based on the balanced consideration of many factors, and it was the 
result of numerous, iterative clustering attempts at many points in the process (i.e., for every subcluster 
that was further subdivided). After all, my goal was never to simply provide “an” answer; it was to 
provide an answer with meaning and utility. The process was always quantitatively-driven, but it also 
required judgment and reasoned interpretation along the way. I will now proceed with more detailed 
discussion regarding the parsimonious clustering methods; these steps and considerations are most 
specific to the creation of subordinate tiers of classification (i.e., not the three top-level clusters).   
 
7.2.1 Strict Trait Conformity 
 
 Variables with an adjusted dominant trait value of “1” for all Descriptive Tags assigned to a 
cluster are described as positively defining that cluster. For example, Cluster 3.2 (from the forthcoming 
parsimonious clustering results) had the following dominant trait: “FBO – Congregation =1”. In other 
words, every organization in that cluster was a brick-and-mortar house of worship.  

Any variable which had an adjusted dominant trait value of “0” for all Descriptive Tags assigned 
to a cluster are described as negatively defining that cluster. For example, Cluster 3.2 had the following 
dominant trait: “Charitable = 0”. In other words, no charitable organizations were in Cluster 3.2 (they 
were all religious organizations).  
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Together, these two categories (all 1s or 0s) represent strict trait conformity within a cluster. 
These variables were most responsible for defining the Descriptive Tags and organizations assigned to 
any given cluster. In Chapter 6 (polythetic clustering results), the corresponding terms introduced in 
Table 6–6 were “dominant” and “absent” variables. The difference now is that the dominant trait 
adjustment process shifted the high values to 1 and low values to 0.  

Because of the manner in which the variable constructs were created, there are always more 
negative traits (=0) than positive traits (=1). For example, there are five categories for the Service Area 
construct. If all organizations in a cluster are international (=1 for that category), then the organizations 
must also have a value of “0” for the other four variables in this construct. We therefore know a great 
deal about a cluster’s composition by looking at uniformity of its traits (either all 0s or 1s). Furthermore, 
we know that the uniform traits cannot be used for creating additional subclusters. 
 
7.2.2 Clear 0/1 Dichotomies 
 

Variables expressing clear 0/1 dichotomies within a subpopulation were critical for efforts to 
further subdivide that cluster. Suppose that a subcluster has a population of ten cases. Upon examining 
the summary statistics for variable “V1”, I identify that four cases have a value of “1” and six cases have 
a value of “0”. I now have a variable with a clear 0/1 dichotomy that can be used to split this population 
such that each new subcluster will express strict trait conformity (all 0s or 1s) on variable “V1”.  
 First, I had to identify how many (if any) variables expressed clear 0/1 dichotomies. Second, I 
had to look at the distributions of those variables. For example, “V1” had a distribution of four (=1) and 
six (=0). That variable would create a reasonably-sized split by itself (i.e., new clusters could be created 
solely based on that one variable). However, if variable “V2” expressed a more extreme distribution 
(e.g., nine cases = 1, one case = 0), then the mere presence of a clear 0/1 dichotomy may not help my 
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cause. In instances of skewed 0/1 distributions, using these variables to subdivide a cluster would be 
akin to taking one slice of bread from a loaf. Would that assist my effort in a meaningful manner?  
 The answer, of course, is “it depends”. Any variables with clear 0/1 dichotomies needed to be 
examined more closely. Furthermore, I had to identify and evaluate correlations with other variables 
within each cluster. The variable distributions and correlations within each cluster would inform my next 
steps. In the event that I had multiple variables with 0/1 dichotomies that demonstrated promising 
distributions, I would run alternative models to re-cluster the population and then compare the results. 
The goal was to use no more than two variables to produce subclusters.  

If only one variable exhibited a clear 0/1 dichotomy with a promising distribution, then I could 
direct a split in the cluster on the basis of that single variable. Remember that the goal of parsimonious 
classification was to use the smallest set of variables possible (in contrast to polythetic classification). If 
neither of the cases described above was true, then I had a choice. 
 The absence of clear 0/1 dichotomies was an indicator that I could not further subdivide a 
cluster using my current methodology. In some cases, however, I was compelled to at least consider 
using variables that exhibited low levels of within-group variation for subdividing a cluster. That is 
discussed in the next section. Before moving on, though, I had one other important consideration.  

Ideally, my newly-formed subclusters would be much more tightly-defined than the parent 
clusters from which they were created. As I considered the re-clustering models (regardless of the 
number or types of variables being considered), the resulting subcluster variable profiles informed my 
process. I looked for evidence of smaller subclusters that exhibited a greater number of variables with 
strict trait conformity (all 0s or 1s). In some cases, I was very successful (i.e., it was like separating peas 
and carrots on a dinner plate). In other cases, I was left with clusters that could best be described as a 
pot of stew (i.e., the new population had a high proportion of variables indicating within-group 
variation). It was almost like resorting to the unfortunately necessary category of “miscellaneous”.  
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The proportion of independent, unique data sources used for the organizations in any particular 
subcluster clearly influenced the coherence of the variable profiles. Remember that “990 – 
Consolidated” chaptered organizations often shared a singular data source and had no (or minimal) 
within-group variation (e.g., the 13 Adventist Community Services organizations). While correlated 
(especially for structural/operational variables), “990 – Independent” chaptered organizations had 
multiple data sources that introduced within-group variation (e.g., the 21 United Way organizations).  

The Descriptive Tags for charitable organizations expressing the highest levels of within-group 
variation were those that had the highest number of independent data sources (e.g., the 30 Food Banks, 
which were “990 – No Chapters”). These were largely found in the functionally-themed Descriptive Tags 
that were populated by singleton (n=1) organizations. In general, the “990 – Exempt” (religious) 
organizations also had extremely high proportions of unique, independent websites. However, the 
results would indicate that religious organizations were generally more similar to each other than were 
unaffiliated, singleton charitable organizations belonging to the same Descriptive Tags. I will now move 
on with a discussion of how I identified and treated variables expressing within-group variation.  
 
7.2.3 Variables Expressing Within-Group Variation 
 
 The previously described technique of dominant trait adjustment significantly muted the impact 
of within-group trait variation, but not all of it. Any “un-adjustable” variables were still expressed as 
continuous values (0.334-0.665). I needed to avoid using these variables in any of the parsimonious 
clustering efforts. However, I had to consider them in a few exceptional cases. First, I had to classify the 
degree to which these variables expressed within-group variation. 
 If 25% or fewer cases belonging to a cluster expressed within-group variation, then I would 
categorize that as “low within-group variation”. For example, suppose that a cluster has 10 cases. For 
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eight of those cases, the value of variable “V3” is either “0” or “1” (based on the adjusted dominant 
trait). However, two of the cases have mid-range values (0.334-0.665). Since two of the ten cases (20%) 
cannot be adjusted, then “V3” is classified as expressing low within-group variation.  
 If a cluster had insufficient or inadequate variables expressing clear 0/1 dichotomies that could 
be used for the purpose of re-clustering its population, then I would consider using variables that 
exhibited low within-group variation to assist the process. However, I would still need to examine the 
summary statistics and distributions of these variables. In other words, I would not use any variables 
expressing low-within-group variation. Consider Table 7–4.  
 

Table 7–4: Evaluating Variables with Low Within-Group Variation 
Descriptive Tags Var 1 Var 2 Var 3 Var 4 Var 5 Case A 1 0 .64 0 1 Case B 1 .37 .62 .38 1 Case C 1 0 0 .40 1 Case D 1 0 0 .47 1 Case E 1 0 0 .63 0 Case F 1 0 0 0 0 Case G 1 0 0 0 0 Case H 0.58 0 0 0 0 Variable Classification Low Variation Low Variation Low Variation High Variation 0/1 Dichotomy 
Functional Utility Nearly All 1s Nearly All 0s Consider for Re-Clustering Do Not Use Use for Re-Clustering  

Variable 1 expresses within-group variation on one of the eight cases (i.e., 12.5% of the cases, or low-
level). However, all other cases have a value of “1”. The functional average across all cases is “1”. This is 
almost to the threshold of all 1s (i.e., a strictly-defined variable). Variable 1 is therefore not useful to any 
efforts for subdividing this population. Variable 2 demonstrates the same thing, but in this case, the 
functional average for the variable is “0”. For this cluster, Variable 1 and Variable 2 express “nearly” 
dominant traits. In Section 7.2.1, I said that strict trait conformity (all 0s or all 1s) defined a cluster’s 
characteristics. In this case, two variables pragmatically meet that threshold.  
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 Now consider Variable 3. Two of the eight cases expressed low within-group variation. When 
looking at Table 7–4, these two cases cut against the other six (both are over 0.50). Of the four variables 
expressing within-group variation, Variable 3 is the best candidate for subdividing this population (even 
though three variables express low within-group variation). Variable 3 could be considered for use (if 
needed) in re-clustering efforts, but only in the absence of variables with clear 0/1 dichotomies.  
 Any variable that expressed within-group variation for more than 25% of the cases in any cluster 
was considered high. In Table 7–4, Variable 4 exhibits high within-group variation (50% of the cases). I 
originally distinguished between moderate and high levels of within-group variation, but I later merged 
these categories after looking at the distribution of variables across all clusters and subclusters. These 
thresholds were based on the distribution of all variable-to-case values.  
 Variable 5 demonstrates a clear 0/1 dichotomy with a good distribution. These 0/1 splits 
represented “fault lines” within a cluster’s population. Even though both Variables 4 and 5 had four cell 
values equal to zero, I would discard consideration of Variable 4 specifically because it lacked a 
dominant trait for half of the cases in this cluster. I was seeking to minimize within-group variation, and I 
would therefore only consider variables that had low levels of such variation.   
 When indicated by the summary statistics, I would look at both individual binary variables and 
variable constructs. For example, in one cluster, I identified that 10 of 12 cases lacked a dominant 
adjustable trait for any of the revenue categories. In other words, none of the revenue categories (as a 
set) were useful for subdividing that population because 83.3% of the cases lacked a dominant revenue 
trait. These observations were always specific to each new subpopulation as it was created.  
 For my last consideration, I would also look at the cases to see which Descriptive Tags were the 
most coherently-defined. Refer back to Table 7–4; note that only two cases (F and G) had dominant 
traits (all 1s or 0s) for all five variables. Case B lacked a dominant trait for three of the five variables. 
Earlier I referred to variables with clear 0/1 dichotomies as representation of “fault lines” within a 
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cluster’s population (i.e., I was looking at the column totals). For the more challenging clusters in my 
population (I am specifically thinking of Cluster 1.2 at this moment), I also had to look for potential 
groupings by looking across the rows.  
 
7.2.4 To Re-Cluster or Not to Re-Cluster? 
 
 I possessed the quantitative capability to reduce every single cluster in my population down to 
subclusters of n=1 (regardless of how many taxonomic tiers would be required for that to be 
accomplished). Doing so would have served little pragmatic value, but there was still an unsettled 
question: how far down should I subdivide these clusters? There was no standard or benchmark 
available for answering this question. Furthermore, I remarked in Section 7.2.2 that in some cases, 
subdividing a cluster was like separating peas and carrots, but for other clusters, it was not so tidy. This 
also suggested that each branch of the hierarchy could or might be subdivided to different degrees 
(quantified by the number of subordinate tiers) as a function of the variable profiles.  

To continue the theme of meal-based similes, the process of subdividing some clusters (e.g., 
Cluster 1.2 in Chapter 9) was like separating individual strands of spaghetti from a plate full of spaghetti. 
If you look at a plate of spaghetti, it is a clearly identifiable, discrete whole. It is a meal. It has meaning. 
However, if you separate, straighten, and sort the strands of spaghetti, then what are you left with? The 
end result is more orderly, but it has lost its meaning-in-context (i.e., it is no longer a meal). Some 
clusters could only be subdivided by literally destroying what cohesive meaning they possessed when 
combined (i.e., the whole is greater than the sum of the parts).  
 As a preview of the forthcoming parsimonious clustering results, some clusters broke cleanly 
and neatly into subclusters. When I re-clustered the population of Cluster 2, not only were the 
quantitative results coherent and orderly, but the clustering solution presented itself with a picture-
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perfect, two-tier dendrogram (which automatically created the second and third tiers of my taxonomy). 
Furthermore, the resulting subclusters demonstrated meaningful coherence (i.e., the resulting 
organizational subgroups made sense at face value). It was as if I had planned it. To provide full 
assurance that I did not plan it, I can offer the counter-example of Cluster 1.  
 For reasons that will be discussed at the appropriate time, Cluster 1 seemed defiant to the 
classificatory process. If Cluster 2 was like peas and carrots, then Cluster 1 was like that plate of 
spaghetti. Unfortunately for me, Cluster 1 also represented nearly 50% of the entire dataset. If I were to 
cease my re-clustering efforts at the first tier simply because tidy quantitative results proved elusive, 
then this entire endeavor would be a failure.  
 The endeavor was a not a failure, and I was able to quantitatively and systematically subdivide 
that population such that its subclusters were coherent and meaningfully defined. However, it was also 
much more demanding process. It required adaptive, creative thinking. I had to re-evaluate and revise 
the systematic process that had worked well for other branches of the taxonomy.  
 In the end, I stopped the re-clustering process at the third tier of the taxonomy across all 
branches for several reasons, not the least of which was symmetry. Of the seven subclusters in the 
second tier, six were subdivided further to a third tier (the seventh was pragmatically indivisible; 
subclusters would add no functional value). Some second-tier subclusters re-clustered in a 
straightforward, orderly manner. Not only that, but the resulting subclusters exhibited variable 
distributions that would support a fourth and potentially even a fifth tier to the taxonomy (this was a 
function of each cluster’s unique summary statistics and variable profile). Other subclusters were only 
subdivided after substantial efforts to identify the best variables from poor range of choices.  

Having shared that, there were three basic considerations (other than symmetry) to indicate 
when further subclusters were not possible or not needed. This boiled down to two questions. First, can 
I subdivide this cluster further? This related to n-values and variable distributions. Second, should I 
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subdivide this cluster further? This related to the cluster’s composition (i.e., which Descriptive Tags and 
organizations were in it), the relative size of the cluster, and the pragmatic value potentially gained by 
creating new subclusters. These were independent and case-specific considerations.  

First, I looked at the n-value of a subcluster. Simply put, if a subcluster was already small, then 
there was limited pragmatic value in making it even smaller. The standard for “small” was generally 
relative to the parent cluster from which the subordinate cluster had been formed (i.e., there was no 
uniform benchmark). As with alligators, the n-value of any subcluster (by itself) was irrelevant in terms 
of letting me know when to stop. This was a matter of judgment, but there were strong contextual 
indicators. To assist with this, I had to document and evaluate both the number of Descriptive Tags and 
the number of organizations for each subcluster.  

Second, I looked at the composition of the cluster (i.e., its Descriptive Tags and organizations). 
This was a qualitative assessment along the lines of “does it make sense for these organizations to be 
clustered together?; is there any explanatory value gained by subdividing them?” Recall the polythetic 
clustering results in Chapter 6.  Cluster 2 was almost entirely comprised of faith-based charitable 
organizations. There were only 35 non-faith-based organizations in it (32 of which were in subcluster 
2a). However, I realized that those 32 organizational chapters could actually be reduced to just two 
parent organizations (i.e., Descriptive Tags): the American Red Cross (n=28) and Team Rubicon (n=4). 
Need I subdivide them further? Should I back up a step and reintegrate them back into the parent 
cluster? The answer would be driven by an examination of variables, but at a certain point, it was also 
left to my judgment based on any given subcluster’s composition. 

Third, the number of strictly-defined variables used to define a cluster provided a strong 
indicator of whether or not I had sufficiently subdivided a population. Specifically, tightly-defined 
clusters had a very high number of strictly-defined variables (all 0s or 1s) and few or no variables that 
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expressed 0/1 dichotomies or within-group variation. Clusters that were already tightly defined need 
not be further subdivided.  

I quantified “tightly-defined” by creating a ratio of the number of strictly-defined variables (all 
0s or1s) to the number of variables not strictly-defined (i.e., 0/1 dichotomies and variables expressing 
within-group variation). I was working with the 32 variables presented in Section 4.8, and this was held 
constant for the purpose of comparing the variable profiles of all clusters and subclusters (i.e., 32 was 
the “common denominator” for all of the ratios). Section 7.2.5 provides more detail about the 
calculation and use of the strictly-defined trait ratios.   

Before that, I want continue discussing the use of variables to indicate when new subclusters 
are not needed. Using the polythetic methods, I would know to stop re-clustering when I could no 
longer produce models with satisfactory Pseudo-F statistics or good distributions. After successively re-
clustering my results to add tiers to the polythetic taxonomy, the range of Pseudo-F statistics for each 
new model would be a strong signal that I had a reached a point where subsequent models would not 
add value. However, note that STATA will cluster anything. Literally. If I ask STATA to cluster four objects 
based on four variables, it will do so. The degree to which those results would have any pragmatic value 
would be indicated by the Pseudo-F and the distribution of observations across clusters.  
 With my parsimonious clustering methods, I had another clue to indicate when I could stop 
creating new subclusters. I could only further subdivide a cluster in a meaningful way if there were still 
variables that expressed clear 0/1 dichotomies. If the variables matched for all cases (all 0s or 1s), then 
there was no means by which I could split them. Furthermore, if all remaining variables expressed mid-
range continuous values that could not be adjusted (i.e., from 0.334 to 0.665), then I would not be able 
to sort them in a manner that had any salience to the taxonomy’s users.    
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7.2.5 Strictly-Defined Trait Ratios 
 
 Every cluster was assessed to determine how tightly-defined it was using the pool of all 32 
variables. The strictly-defined ratio compares the number of strictly-defined traits (all 0s or 1s) to the 
number of non-strictly-defined traits. So, for reference purposes, a ratio of 1.00:1 means that there are 
16 strictly-defined variables for a particular subcluster (i.e., 16:16). A ratio of 3.00:1 means that there 
are 24 strictly-defined variables (i.e., 24:8). This ratio provided four dimensions of utility.  

First, it provided a comparative measure between parent and child clusters. For example, if a 
parent cluster had a ratio of 1.00:1 and the subordinate clusters had a ratio of 3.00:1, then I could 
quantify that the subordinate cluster’s variable profile had improved by 300%. A corollary was that I 
could directly compare the relative improvement among sister clusters (some subclusters demonstrated 
significant improvement when compared to their sisters).  

After assessing all ratios, I could then establish thresholds for classifying the degree of 
improvement (e.g., “significantly improved” versus “negligibly improved”). It is important to understand 
that (by definition) the second tier subclusters would always exhibit improvement over the first tier 
clusters (even if it was a small). Likewise, the third tier would always be more tightly-defined than the 
second tier. This is because the strictly-defined variables used to identify a parent cluster would always 
be carried forward to their subclusters (i.e., the parent cluster traits are passed along to the offspring). 
The central issue was quantifying how much better the subordinate clusters would be.  

When presenting the full parsimonious clustering results for second- and third tier subclusters in 
Chapter 9, I use nonspecific adjectives to describe the degree of ratio improvement from parent to 
subordinate clusters. Until the entire range of ratios is properly assessed at the end of the process, these 
are qualitative assessments. More definitive benchmarks are used in Chapter 10 to evaluate the degree 
of improvement in the ratios as subclusters are formed.  
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Note that a “perfect” ratio would be 32:0, or infinity (32 divided by zero). This was only possible 
for clusters and Descriptive Tags that had no variables expressing any degree of within-group variation. 
For example, the American Red Cross (a 990 – Consolidated organization) had identical values for all 28 
of its cases across all 32 variables. In contrast, the United Way (a 990 – Independent organization) had 
21 unique (even if correlated) sources of data. Because the United Way chapters exhibited within group-
variation on the dimension of revenue, this Descriptive Tag could never achieve a 32:0 ratio.  
 The second dimension of utility was that the strictly-defined trait ratios were also an absolute 
indicator of a profile’s coherence (rather than just a comparative indicator). This is because all ratios 
were based on the constant value of 32 variables. Thus, the number of strictly-defined variables could 
always be inferred from the ratio, and a cluster with a ratio of 3.00:1 was also absolutely three times 
more coherently-defined than a cluster with a ratio of 1.00:1 because of the fixed denominator.  
 The third dimension of utility was that the ratio provided a clue regarding whether or not a 
cluster needed further subdivision. If a subcluster already had a high ratio compared to the other 
subclusters, then subdividing it would not necessarily represent a meaningful improvement. Subclusters 
that were already tightly-defined need not be further subdivided.  

For your reference, I already had a sense of the anticipated range of ratios from a preliminary 
set of parsimonious clustering results that had 14 clusters/subclusters distributed across three 
taxonomic tiers. Of those 14 (preliminary) clusters, the most coherent, tightly-defined variable profile 
had a ratio of 15:1 (meaning that 30 of the 32 variables were strictly-defined, or 30:2). The least 
coherently-defined cluster had a ratio of 0.33:1 (meaning that only 8 of the 32 variables were 0s or 1s, 
or 8:24). The median ratio of the 14 preliminary clusters was 0.94:1 (i.e., close to 1:1).  
 The fourth dimension of utility was that I could compare the results of alternative, competing 
solutions to choose which one would be better. The strictly-defined trait ratio would indicate which 
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variable combinations produced more tightly-defined subclusters. In that sense, the ratio also became a 
very pragmatic alternative to the Pseudo-F statistic (i.e., while different, it was used in the same way).  
 Because of the manner in which the variable constructs had been created, there was one 
potential weakness with this approach. Consider the Mission Statement construct. If all organizations in 
a cluster had a dominant adjusted trait of “Disasters Absent = 1”, then it would also (by definition) have 
corresponding values of “0” for “Includes Disasters” and “Exclusive to Disasters”. Thus, one strictly-
defined trait has automatically turned into three. Likewise, consider that if an organization had the trait 
“FBO – Congregation = 1”, then (by definition) it would also have the corresponding correlated traits 
“990 – Exempt = 1” and “Faith-Based = 1”. Again, one strictly-defined trait is now three.  
 In other words, the ratios are implicitly weighted based on two factors: (1) the number of 
categories for each construct; (2) relationships among variables. This does not invalidate the utility or 
validity of the ratios. All it means is that I would have to consider this effect when assessing the ratios. 
To account for this, I would need to carefully consider the actual range of ratios across all clusters and 
subclusters before making any final determinations. This is further addressed in Appendix I.    
 Before that, I will present the first tier of the parsimonious clustering results in Section 7.3. I will 
then do a side-by-side comparison of the polythetic and parsimonious clustering results in Chapter 8, 
which will support the claim of robust results and also adjudicate which set of results (polythetic or 
parsimonious) was better overall.  
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7.3 Parsimonious Clustering Model and Results (First Tier Only) 
 
 The preceding sections provided the methodological framework and overview for how all 
parsimonious clustering results were created, to include the changed unit of analysis. This section 
presents the specific methods and results for the first tier of the parsimonious classification. I emphasize 
this because at each point where subclusters would be created beneath the first tier, the subpopulations 
would be reassessed and new models would be developed (those detailed methods and results are 
presented in Chapter 9 and Appendix H). Following the presentation of these results, Chapter 8 will 
directly compare them to the polythetic clustering results at the level of the first tier.  
 As an overview, Tier 1 produced three clusters based on two binary variables, Charitable and 
Faith-Based. The results were robust; they clearly mirrored the same basic three-cluster solution 
produced by the polythetic methods. To review, the results were based on clustering the Descriptive 
Tags (n=47) that reflected dominant traits. In other words, this clustering solution was less subject to the 
“noise” of within-group variation that was evident when using organizations (n=660).  
 To belabor an important theme, the distribution of organizations from the sample of 28 VOADs 
has no bearing on the validity or generalizability of the classificatory scheme. The classificatory scheme 
itself is generalizable so long as two conditions are met. First, does the study population of 660 
organizations cover the full range of organizational subtypes and groups in this universe of 
organizations? Second, do organizations outside the sampled VOADs conform to the measured traits of 
these organizational subtypes and subgroups (i.e., the Descriptive Tags)? That is not knowable now, but 
it can be tested and refined, as necessary. Whether or not the distribution of the 660 organizations 
across the 28 sampled VOADs reflects the larger population of VOADs is irrelevant with respect to the 
research aims. That is a separate matter pending planned follow-on analysis.    
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7.3.1 Parsimonious Model Building (Tier 1) 
 
 Tier 1 was produced after comparing the results of five different clustering models. Each model 
had a different combination of variables. I evaluated the distribution of variables across the entire study 
population, and I created a pool of ten variables that expressed strict 0/1 dichotomies (as described in 
Chapter 7.2). My first models actually considered more than two variables, but overall, the focus was on 
using the smallest possible set of variables. In the end, none of the subsequent parsimonious models 
would have more than two variables.  
 These models were calculated in STATA using the hierarchical cluster analysis computational 
technique with the average linkage algorithm and Jaccard (dis)similarity. In other words, the only change 
from the polythetic approach was the use of fewer variables. I chose the best of the five models based 
on the Pseudo-F statistics, the distributions of objects across the clusters, and the fit metrics (as 
presented in Chapter 6 and Appendix E). The parsimonious and polythetic methods were identical.   

However, I later identified that the results of the average linkage algorithm with two variables 
were identical to those produced by simply sorting the population into a 2x2 contingency table. This 
revelation significantly expedited the process of evaluating alternative parsimonious models. However, 
when I started, I made sure to closely adhere to the same methods that produced the polythetic results.  
 The best model used the variables Faith-Based and Charitable to produce three clusters. These 
variables were moderately correlated (phi = 0.5314). As a reminder, both variables were independently 
collected as dichotomous, but they were interrelated as a function of the population’s intrinsic 
characteristics (see Chapter 4). They were also alternative dichotomizations of the variable constructs 
responsible for shaping the polythetic clustering results. Faith-Based was a simplified expression of the 
Faith construct, and Charitable was a simplified expression of the 990 Filing Status construct.  



 

 These structural/operational variables (regardless of whether they were expressed as binary or 
four-category constructs) consistently dominated all first
dozens of clustering solutions. My process of dominant trait adjustment merely reduced the degree of 
“blurred edges” resulting from within
variables used to identify faith-based status and incorpor
group variation across my variables, and my dominant trait adjustment reduced this variation to zero.
 The two-variable solution indicated above had the highest Pseudo
distribution. Table 7–5 depicts the first tier as a simplified contingency table. Figure 7A depicts the
dendrogram for this solution produced from the average linkage algorithm used in STATA. 
 

Table 7–5: Three-Cluster Parsimonious Solution Expressed as a Contingency Tabl
 Faith-Based = Faith-Based =  

 
Figure 7A: Three
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These structural/operational variables (regardless of whether they were expressed as binary or 
category constructs) consistently dominated all first-tier solutions throughout the range of literally 

of clustering solutions. My process of dominant trait adjustment merely reduced the degree of 
“blurred edges” resulting from within-group variation.  From the beginning, the structural/operational 

based status and incorporation status showed the least degree of within
group variation across my variables, and my dominant trait adjustment reduced this variation to zero.

variable solution indicated above had the highest Pseudo-F value and the cleanest 
5 depicts the first tier as a simplified contingency table. Figure 7A depicts the

dendrogram for this solution produced from the average linkage algorithm used in STATA. 

Cluster Parsimonious Solution Expressed as a Contingency Tabl
 Charitable = 1 Charitable = 0 Based = 1 Cluster 2  Cluster 3  Based = 0 Cluster 1 n/a 

Figure 7A: Three-Cluster Parsimonious Solution Dendrogram 
 

 
 

These structural/operational variables (regardless of whether they were expressed as binary or 
tier solutions throughout the range of literally 

of clustering solutions. My process of dominant trait adjustment merely reduced the degree of 
group variation.  From the beginning, the structural/operational 

ation status showed the least degree of within-
group variation across my variables, and my dominant trait adjustment reduced this variation to zero. 

F value and the cleanest 
5 depicts the first tier as a simplified contingency table. Figure 7A depicts the 

dendrogram for this solution produced from the average linkage algorithm used in STATA.  

Cluster Parsimonious Solution Expressed as a Contingency Table 

 



 

The clusters are considered to be on the same tier because they represent the results 
the dendrogram is branched. The first branch (separating Clusters 1 and 2 from Cluster 3) is created by 
the variable Charitable (yes/no). Clusters 1 and 2 are then divided by the variable Faith
6 provides summary statistics for this solution using both Descriptive Tag and organization n
 

Table 7–6: Three
 n (Descriptive Tags)(% out of 47)n (Organizatio(% out of 660) 

Figure 7B illustrates how well the quantitative results conformed to the typological understanding of this
organizational population (also expressing congruence with the polythetic clustering results
assurance that these two variables would ultimately play such a defining role.
 

Figure 7B: Venn Diagram of Charitable, Religious, and Faith

Figure 7B duplicates Figure 4B from Section 4.2.1  
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The clusters are considered to be on the same tier because they represent the results of the model, but 
the dendrogram is branched. The first branch (separating Clusters 1 and 2 from Cluster 3) is created by 
the variable Charitable (yes/no). Clusters 1 and 2 are then divided by the variable Faith

s for this solution using both Descriptive Tag and organization n

6: Three-Cluster Parsimonious Solution Summary Statistics 
Cluster 1 Cluster 2 Cluster 3 n (Descriptive Tags) (% out of 47) 23 (48.9%) 14 (29.8%) 10 (21.3%) n (Organizations) (% out of 660) 310 (47.0%) 144 (21.8%) 206 (31.2%) 

Figure 7B illustrates how well the quantitative results conformed to the typological understanding of this
organizational population (also expressing congruence with the polythetic clustering results
assurance that these two variables would ultimately play such a defining role. 

Figure 7B: Venn Diagram of Charitable, Religious, and Faith-Based Organizations
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s for this solution using both Descriptive Tag and organization n-values. 

 

Figure 7B illustrates how well the quantitative results conformed to the typological understanding of this 
organizational population (also expressing congruence with the polythetic clustering results). I had no 
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The composition of these clusters and their n-values mirror the parsimonious results, but there 
are noteworthy variations (quantified and discussed in Chapter 8).  As a preview, Team Rubicon and the 
American Red Cross are now with Cluster 1 rather than Cluster 2. All religious organizations (including 
The Salvation Army) which had been in Cluster 2 are now in Cluster 3. I had previously described these 
and other organizations as straddling the boundaries indicated by the Venn diagram. This change in the 
distribution is primarily a function of the reduced number of variables. The forthcoming subsections 
provide detailed results about these clusters.  
 
7.3.2 Cluster 1 (Parsimonious) 
 
 Cluster 1 was predominately defined as having charitable organizations that are not faith-based. 
This cluster has 23 Descriptive Tags and 310 organizations (just under half of the study population by 
both measures). There are actually ten faith-based charitable organizations in this cluster. Those then 
organizations are members of Descriptive Tags that had values adjusted to reflect the dominant traits. 
For example, the adjusted dominant traits for academic organizations are charitable and not faith-
based, but two of the organizations assigned to this tag were religious colleges (faith-based charitable 
organizations). Table 7–7 provides a list of all Descriptive Tags in Cluster 1 with more information about 
the member organizations.  
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 Table 7–7: Cluster 1 Composition (Parsimonious) 
Descriptive Tag n (Organizations) Outliers/Remarks Academic 8 Two of these are faith-based, charitable Aging Services 12  Animal Services 25 One of these is faith-based, charitable American Red Cross 28  Call Centers 9  CERT/MRC 6  Child Services 12 Two of these are faith-based, charitable Disability Services 13 Two of these are faith-based charitable Disaster CBOs 19  Food Banks 30 One of these is faith-based, charitable Foundations 6  Fraternal/Scout 8 One of these is faith-based, charitable Health Services 8  Housing Services 10 One of these is faith-based, charitable International 9  Legal Services 4  Local CBOs 12  Mental Health 15  Other 16  Amateur Radio 22  Team Rubicon 4  United Way 21  Volunteer Services 13   

The ten faith-based charitable organizations in Cluster 1 account for 3.2% of the cluster’s population 
(1.5% of the study population). This is the only degree of error or misclassification resulting from the 
variables used to define Cluster 1. Whether these ten organizations should be subsequently moved to 
Cluster 2 is an open and debatable question.  
 Table7–8 provides an analysis of the 32 variables with respect to the population of Cluster 1. 
This analysis would be used for the subsequent re-clustering of this population, but it is also useful for 
better understanding the composition of this cluster. The analysis is based on the adjusted variable 
values (not the raw data). As a reminder, the variable profiles are based on the full set of all 32 variables 
(i.e., the common denominator for comparing all clusters and subclusters).  
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Table 7–8: Cluster 1 Variable Profile (Parsimonious) 
Positively-Defined Dominant Traits (n=2) Charitable = 1 Not Faith-Based = 1 n (strictly-defined traits — all 0s or1s) 8 n (non-strictly-defined traits) 24 
Traits with Clear 0/1 Dichotomies (n=4) 

990 – Consolidated 990 – Independent National Service Area International Service Area n (traits expressing low within-group variation) 12 n (traits expressing high within-group variation) 8 Strictly-Defined Traits : Not Strictly-Defined Traits 0.33:1  
This table is repeated for each of the 26 clusters and subclusters presented throughout the Chapters 7 
and 9. I will therefore incorporate an orientation to the information in the table and how it would be 
used and interpreted as I present the results for Cluster 1. For the sake of brevity, only two subsets of 
variables are fully listed: the positively-defined dominant traits (values=1) and the variables exhibiting 
clear 0/1 dichotomies (as explained in Section 7.2).  
 The first row identifies the traits that distinguish the Descriptive Tags in Cluster 1 from those in 
Clusters 2 and 3 (Charitable and Faith-Based). The second row provides the total number of strictly-
defined traits (all 0s or 1s). The third row provides the total number of traits that are not strictly-
defined. The fourth row lists the variables that best represent “fault lines” within this subpopulation. 
These variables with 0/1 dichotomies would provide the basis for building models to subdivide this 
cluster, pending an evaluation of their distributions. Cluster 1 had four variables in this category.  

The fifth row provides the number of variables that expressed low within-group variation (i.e., 1-
25% of the cases in this cluster had trait values between 0.334-0.665 that could not be adjusted to 0 or 
1). As presented in Section 7.2, these variables could, if needed, be evaluated for inclusion in models to 
subdivide a cluster should the variables expressing clear 0/1 dichotomies prove inadequate. Cluster 1 
had 12 such variables. Prior to considering the use of any of these variables, their distribution would 
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need to be carefully considered. The sixth row provides the number of variables that expressed high 
within-group variation (i.e., > 25% of the cases in the cluster could not be adjusted to 0 or 1). These 
variables (along with those showing strict trait conformity) could not assist any re-clustering efforts.  

The seventh row provides the ratio of strictly-defined variables (all 0s or 1s) to non-strictly-
defined variables. These ratios would be used to compare the integrity or coherence of the clusters as a 
function of their variable profiles. Furthermore, these ratios would be used to assess the degree to 
which subordinate clusters were more tightly-defined than the parent clusters.  
 Overall, Cluster 1 was the largest of the first-tier clusters based on both Descriptive Tags and 
organizations. Based on the strictly-defined trait ratio, it was less tightly-defined than Cluster 3 (it had 
the same ratio as Cluster 2). Because of its size, it would be absolutely essential to subdivide Cluster 1. 
However, Appendix H documents how this was a very difficult process compared to the re-clustering 
efforts for Clusters 2 and 3. This was a function of the diversity of organizations with unique data 
sources that were included in this cluster.  
 
7.3.3 Cluster 2 (Parsimonious) 
 
 Cluster 2 was populated by faith-based charitable organizations. It has 14 Descriptive Tags and 
144 organizations that account for something on the order of one-fourth of the study population. 
Cluster 2 had two organizations which were only placed here because of the dominant trait adjustment 
process described in Chapter 7.1. Specifically, two of the 19 Catholic Charities affiliates were not 
incorporated unto themselves as charitable organizations, and they were operated under the aegis of 
their local Catholic dioceses (religious organizations). These two organizations could therefore be 
considered for inclusion in Cluster 3, but I chose to leave them grouped with the other Catholic Charities 
organizations. Table 7–9 provides a list of all Descriptive Tags in Cluster 2.   
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Table 7–9: Cluster 2 Composition (Parsimonious) 
Descriptive Tag  n (Organizations) Adventist Community Services 13 Catholic Charities 19 FBO – Collective (Charitable) 19 Church World Service 6 FBO (Disasters Absent) 13 FBO (Response and/or Recovery) 14 FBO – International (Disasters Absent) 6 FBO – International (Includes or Exclusive to Disasters) 12 Habitat for Humanity 8 Nazarene Disaster Response 5 Samaritan’s Purse 5 St. Vincent de Paul 6 United Methodist Committee of Relief 6 World Renew 12  

The two Catholic Charities organizations noted earlier account for 1.4% of the organizations in this 
cluster and 0.3% of all organizations in the study population. They account for the only error or 
misclassification resulting from the variables used to define Cluster 2.  
 Table 7–10 provides an analysis of the 32 variables with respect to the population of Cluster 2. 
This analysis would be used for the subsequent re-clustering of this population, but it is also useful for 
better understanding the composition of this cluster. The analysis is based on the adjusted variable 
values (not the raw data). 
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Table 7–10: Cluster 2 Variable Profile (Parsimonious) 

Positively-Defined Dominant Traits (n=3) Charitable = 1 Faith-Based = 1 FBO – Collective = 1 n (strictly-defined traits — all 0s or1s) 8 n (non-strictly-defined traits) 24 
Traits with Clear 0/1 Dichotomies (n=4) 

990 – Consolidated International Service Area National Service Area Disasters Absent n (traits expressing low within-group variation) 17 n (traits expressing high within-group variation) 3 Strictly-Defined Traits : Not Strictly-Defined Traits 0.33:1  
This cluster was positively defined by three traits but had strict conformity on eight traits (the same as 
Cluster 1). Note that even though only two variables (Faith-Based and Charitable) were used to create 
this population, there is a third variable which positively defines it. Recall from Section 7.2 that certain 
sets of variables would cling together. This will be further discussed in Appendix I.   

Cluster 2 had four variables that demonstrated clear 0/1 dichotomies, and these variables 
(subsequent to closer examination) would drive the effort to subdivide this cluster. It had the same 
strictly-defined trait ratio as Cluster 1. However, note that it had a higher number of variables exhibiting 
low within-group variation than Cluster 1 (17 compared to 12) and a lower number of variables 
indicating high within-group variation (3 compared to 8).  

Although both Clusters 1 and 2 have a strictly-defined trait ratio of 0.33:1, I can conclude that 
Cluster 2 is actually more tightly-defined than Cluster 1. Cluster 2 is smaller, it has an additional 
positively-defined trait, and it has fewer traits expressing high within-group variation. I will also add that 
the re-clustering effort for Cluster 2 (see Appendix H) was very straightforward and orderly. 
 
  



208  

7.3.4 Cluster 3 (Parsimonious) 
 
 Cluster 3 was populated by faith-based, religious organizations. It has ten Descriptive Tags and 
206 organizations, comprising roughly one-fourth of the study population. Unlike Clusters 1 and 2, none 
of the organizations in Cluster 3 could be considered as misclassified due to the dominant trait 
adjustment process. The two Catholic Charities organizations referenced in Cluster 2 could be 
considered for moving to Cluster 3. Table 7–11 provides a list of all Descriptive Tags in Cluster 3. 
 

Table 7–11: Cluster 3 Composition (Parsimonious) 
Descriptive Tag n (Organizations) FBO Collectives (Includes or Exclusive to Disasters) 28 FBO Collectives (Disaster Absent) 43 Congregations (not otherwise specified) Latter Day Saints 60 13 Church of the Brethren 8 FBOs (religious not charitable) 9 Mennonite Disaster Services 11 Scientology Disaster Ministries 6 The Salvation Army 23 Tzu Chi 5  

There is no error or misclassification within this cluster based on the two variables that defined the first 
tier of the taxonomy. I will note that two of these Descriptive Tags could have arguably been unified 
from the beginning. Specifically, “Latter Day Saints” (n=13) could possibly be merged with 
“Congregations (not otherwise specified)” (full discussion is provided elsewhere). I therefore depicted 
these Descriptive Tags as part of the same row.  
 Table 7–12 provides an analysis of the 32 variables with respect to the population of Cluster 3. 
This analysis would be used for the subsequent re-clustering of this population, but it is also useful for 
better understanding the composition of this cluster. The analysis is based on the adjusted variable 
values (not the raw data).  
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Table 7–12: Cluster 3 Variable Profile (Parsimonious) 
Positively-Defined Dominant Traits (n=2) Faith-Based = 1 990 – Exempt = 1 n (strictly-defined traits — all 0s or1s) 12 n (non-strictly-defined traits) 20 

Traits with Clear 0/1 Dichotomies (n=13) 

FBO – Collective FBO – Congregation Disasters Absent Includes Disasters Exclusive to Disasters Low Revenue Revenue > $10 Million Smaller than county-sized Smaller than state-sized International Service Area No Response or Recovery Specified Disaster Activities Serves a Specific Population n (traits expressing low within-group variation) 7 n (traits expressing high within-group variation) 0 Strictly-Defined Traits : Not Strictly-Defined Traits 0.60:1  
This cluster was positively-defined by two traits. Note that these are not the same two traits used to 
create this cluster. Cluster 3 expressed strict conformity on 12 variables (for reference, both Clusters 1 
and 2 had strict conformity on only eight variables). The strictly-defined trait ratio was 0.60:1, the best 
among the first tier clusters. An astoundingly high number of variables exhibited clear 0/1 dichotomies. 
As these variables would be considered for re-clustering models, I would have to be very selective when 
choosing which variables to consider. The seven variables expressing within-group variation (the 
smallest number yet) would not be needed for re-clustering efforts.  
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7.3.5 First Tier Assessment (Parsimonious) 
 
 The parsimonious results needed to be assessed differently than the polythetic results. Briefly, 
the “strictly-defined” variables correlate best to the “dominant” and “absent” traits used to define the 
polythetic clusters in Chapter 6. Thus, a true “apples to apples” comparison of the parsimonious and 
polythetic results would need to be modified. In spite of that, the composition and variable profiles for 
each of the three clusters were similar even though the variable profiles are quantified differently. Table 
7–13 provides an overview and comparison of the first tier clusters from the parsimonious results. 
 

Table 7–13: Comparison of First-Tier Clusters (Parsimonious) 
 Cluster 1 Cluster 2 Cluster 3 AVERAGE n (Descriptive Tags) (% out of 47) 23 (48.9%) 14 (29.8%) 10 (21.3%) 15.7 (33.3%) n (Organizations) (% out of 660) 310 (47.0%) 144 (21.8%) 206 (31.2%) 220.0 (33.3%) 
     

 n (variables) (% of variables) n (variables) (% of variables) n (variables) (% of variables) AVERAGE 
Strictly-Defined Traits  (all 0s or 1s) (% out of 32) 

8 (25.0%) 8 (25.0%) 12 (37.5%) 9.3 (29.2%) 
Non-Strictly-Defined Traits (% out of 32) 24 (75.0%) 24 (75.0%) 20 (62.5%) 22.7 (70.9%) Strictly-Defined Trait Ratios 0.33:1 0.33:1 0.60:1 0.41:1  

To review and summarize the content of the preceding sections, Cluster 3 was the most 
coherently-defined cluster. It had all of the religious Descriptive Tags. Cluster 3 had the smallest number 
of Descriptive Tags, but it had just under one-third of the study population’s organizations. It was 
characterized by Descriptive Tags with high n-values (mean =20.6 organizations/tag) compared to the 
whole population (mean = 14.0 organizations/tag). When looking at the variable profile, Cluster 3 clearly 
outperformed the other clusters. It had the highest number of strictly-defined variables.  
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While not depicted in this table, Cluster 3 also had far fewer variables that expressed within-
group variation than Clusters 1 or 2. Overall, religious organizations were more similar to each other 
(based on the variables used in this study) than were charitable organizations with the traits 990 – No 
Chapters or 990 – Independent Chapters; I mention this because both groups had high proportions of 
unique data sources.  

Clusters 1 and 2 both had charitable organizations, and they had identical strictly-defined trait 
ratios. However, Cluster 2 had an additional positively-defined trait (=1) and fewer variables that 
expressed high within-group variation. It also had more organizations with the trait 990 – Consolidated 
than Cluster 1 (meaning that it had proportionately fewer unique data sources). Cluster 2 was 
approximately half the size of Cluster 1. Cluster 1 had a mean value of 13.5 organizations/tag, and 
Cluster 2 had a mean value of 10.3 organizations/tag.  

Due to the dominant trait adjustment process, there were a total of 12 organizations (1.8% of all 
organizations) that could be considered misclassified, and these organizations were distributed across a 
total of eight different Descriptive Tags. Ten organizations in Cluster 1 could arguably be moved to 
Cluster 2 because they are faith-based charitable organizations. Two organizations in Cluster 2 could 
arguably be relocated to Cluster 3 because they are not incorporated as charitable organizations. The 
placement of these organizations would not affect the structure of the taxonomy in any way. 

For the polythetic results, I calculated the number of Descriptive Tags that were fragmented as a 
result of the clustering. For the parsimonious results, the degree of misclassification is essentially the 
logical inverse of that. The error described above suggests that these Descriptive Tags should have been 
split but were not because of the dominant trait adjustment. Chapter 8 examines this further.  
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8.0 Comparison of Polythetic and Parsimonious Clustering Results (First Tier Only) 
 
 This chapter fully addresses research question A. Specifically, are the organizations in the study 
population best classified using a polythetic or parsimonious set of characteristics? How do polythetic 
and parsimonious clustering results compare? 

 First, I will compare the composition of the polythetic and hierarchical clusters. This will 
substantiate earlier claims that the overall clustering results were robust. I will also determine which of 
the solutions was better for classifying the organizations in the study population. Appropriate attention 
and detail will be provided for both similarities and differences between the results. An analysis of 
dominant variables for each approach will support this. I will add that the careful consideration of 
marginal differences proved to be one of the most instructive aspects of this research effort.  

As repeated at several other points, the distribution of organizations across the 28 sampled 
VOADs need not reflect the distribution of organizations across the universe of VOADs for the 
classificatory scheme to be valid. As long as the set of 47 Descriptive Tags includes all possible 
organizational types and subgroups, the classificatory scheme is valid (and the only thing that would 
change would be the size of each cluster). The classificatory scheme is compromised if (and only if) 
organizations not in the study population differ markedly (based on measured traits) from similar 
organizations that are in the study population. That can be tested and refined as the taxonomy evolves.  
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8.1 Overview of Polythetic and Parsimonious Clustering Results 
 
 The cluster sizes and basic variable profiles of the two solutions were very similar. Table 8–1 
directly compares the first-tier solutions based on the n-values for organizations (not Descriptive Tags). 
Note the strong similarity in the distributions.  
 

Table 8–1: Comparison of Three-Cluster Solutions 
 Cluster 1 Cluster 2 Cluster 3 n (Polythetic) (% out of 660) 327 (49.5%) 169 (25.6%) 164 (24.8%) n (Parsimonious) (% out of 660) 310 (47.0%) 144 (21.8%) 206 (31.2%)  

For the polythetic results, Cluster 1 was defined as having mostly (not entirely) Not Faith-Based 
organizations that were Charitable (specifically, the 990 – Independent and 990 – No Chapters 
organizations). Other noteworthy traits for this subpopulation included Disasters Absent, No Response 
or Recovery, Serves a Specific Population, Very Low Revenue, and County or Multi-County Sized. For the 
parsimonious results, the two positively-defined traits were Charitable and Not Faith-Based.  

For the polythetic results, Cluster 2 was defined as having mostly (not entirely) Faith-Based and 
Charitable organizations with the trait 990 – Consolidated. Other noteworthy traits for Cluster 2 
(polythetic) included Response and Recovery, High Revenue, National/International Service Area, Serves 
a Specific Population, and Self-Discloses Financial Information. For the parsimonious results, the three 
positively-defined traits were Charitable, Faith-Based, and FBO – Collective. 
 It turns out that the majority (not entirety) of the faith-based charitable organizations also had 
the trait 990 – Consolidated, and the majority (not entirety) of the non-faith-based charitable 
organizations also had the traits 990 – Independent or 990 – No Chapters. This observation accounts for 
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much of the overlap or crossover between the two sets of results. When adding in the shared traits from 
the Mission Statement, Response and Recovery, Service Area, and Revenue constructs, the polythetic 
results solidified this distinction. The result of the overall, averaged similarity was the “crossover” 
between these two clusters. This is quantified in forthcoming subsections. 
 Cluster 3 was the destination for religious, faith-based organizations in both solutions. However, 
there was Descriptive Tag fragmentation between Clusters 2 and 3 for the polythetic results. Some faith-
based charitable organizations went to Cluster 3, and some religious organizations went to Cluster 2. 
This was not evident in the parsimonious results. This is also quantified in forthcoming subsections. 
 The following three subsections examine and compare the composition of these clusters at the 
granular level. One section is devoted to identically-matched organizations for both sets of results. One 
section focuses on the “crossover” organizations where the Descriptive Tags maintained perfect 
coherence but changed clusters. One subsection focuses on the fragmented or split Descriptive Tags.  
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8.2 Identically-Matched Portions of Polythetic and Parsimonious Clustering Results 
 

This section documents the Descriptive Tags and organizations that expressed perfect 
congruence across all three clusters for both sets of results. Table 8–2 lists the identical matches. 
 

Table 8–2: Perfect Congruence between Solutions 
Identically Sorted Organizations Cluster 1 Cluster 2 Cluster 3 Total 

Amateur Radio 22     22 
Call Center 9     9 
CERT/MRC 6     6 
Foundations 6     6 
Health Services 8     8 
Legal Services 4     4 
Local CBO 12     12 
Mental Health Services 15     15 
Other  16     16 
United Way 21     21 
Volunteer Services 13     13 
Adventist Community Services   13   13 
Church World Service   6   6 
FBO – International (Disasters Absent)   6   6 
FBO – International (Includes or Exclusive to Disasters)   12   12 
Nazarene Disaster Response   5   5 
Samaritan’s Purse   5   5 
United Methodist Committee of Relief   6   6 
World Renew   12   12 
FBO – Congregation     60 60 
Latter Day Saints     13 13 
Mennonite Disaster Services     11 11 
Scientology Disaster Ministries     6 6 

Total 132 65 90 287 
 
Of all 47 Descriptive Tags, 23 (48.9%) expressed perfect congruence in both sets of results. Combined, 
these tags account for 43.5% of all organizations. The respective solutions for Cluster 3 showed the most 
accordance. The 90 perfectly matched organizations in Cluster 3 account for 53.3% of the polythetic 



216  

clustering results (n=169) and 43.7% of the parsimonious clustering results (n=206). The 132 perfectly 
matched organizations in Cluster 1 account for 40.4% of the polythetic results (n=327) and 42.6% of the 
parsimonious results (n=310). The 65 perfectly matched organizations in Cluster 2 account for 38.5% of 
the polythetic results (n=169) and 45.1% of the parsimonious results (n=144).  
 
8.3 Crossover of Intact Descriptive Tag Subsets 
 

This section documents the Descriptive Tags and organizations that crossed over the cluster 
boundaries as intact sets (i.e., without Descriptive Tag fragmentation) when comparing the polythetic 
and parsimonious results. Table 8–3 lists these Descriptive Tags. 
 

Table 8–3: Crossover between Solutions 
Descriptive Tag n (Organizations) Polythetic  Cluster Parsimonious Cluster 

Habitat for Humanity 8 1 2 
Saint Vincent de Paul 6 1 2 
American Red Cross 28 2 1 
Team Rubicon 4 2 1 
Church of the Brethren Disaster Ministries 8 2 3 
The Salvation Army 23 2 3 
Tzu Chi 5 2 3 

Total 82    
Seven Descriptive Tags (14.9% of all tags) crossed over cluster boundaries intact (i.e., without 
fragmentation or error). Combined, this accounted for 82 organizations (12.4% of all organizations). Two 
Descriptive Tags, Habitat for Humanity and St. Vincent de Paul, were calculated to be more similar 
overall to the non-faith-based charitable organizations in parsimonious Cluster 1. Two Descriptive Tags, 
the American Red Cross and Team Rubicon, were calculated to be more similar to the faith-based 
charitable organization in parsimonious Cluster 2 based on their overall, averaged polythetic similarity. 
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Three Descriptive Tags for religious organizations (The Salvation Army, Church of the Brethren Disaster 
Ministries, and Tzu Chi) were calculated to be more similar to the faith-based charitable organizations in 
parsimonious Cluster 2 based on their overall, averaged polythetic similarity.  
 I highlight these Descriptive Tags because they are most illustrative of the difference between 
the parsimonious and polythetic results. I say that because these Descriptive Tags were not split across 
more than one cluster. Combining these seven Descriptive Tags with the 23 presented in Section 8.2, 
63.8% of the 47 Descriptive Tags sorted as intact subsets in both sets of results.  
 
8.4 Fragmented or Misclassified Descriptive Tag Subpopulations 
 
 A total of 17 Descriptive Tags presented some degree of fragmentation or misclassification 
when comparing both sets of results. These tags accounted for a combined total of 291 organizations 
(44.1% of all organizations). However, the actual degree of fragmentation or misclassification (referred 
to collectively as “error”) was very small with respect to the combined size of these Descriptive Tags. It is 
important to remember that the unit of analysis was different for each set of results, meaning that a 
true “apples to apples” comparison cannot be made (mostly because of the dominant trait adjustment 
process). However, the differences between the models are still analogous (even if roughly so).  
 For the polythetic results, 49 organizations were separated from the majority groupings of their 
respective Descriptive Tags.  This was 7.4% of all 660 organizations and 16.8% of the 291 organizations 
belonging to Descriptive Tags expressing error. A clearly identifiable majority, or “center of mass”, could 
be identified for these split tags. Eleven of the 13 (84.6%) split tags in the polythetic results had a high 
match cluster (i.e., more than 66.7% of organizations with the same tag were together).  
 In comparison, only 12 organizations from the parsimonious results could be considered 
misclassified. This was 1.8% of all 660 organizations and 4.1% of the 291 organizations belonging to 
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Descriptive Tags expressing any degree of error. In this case, these organizations were classified 
according to the adjusted dominant traits for their respective Descriptive Tags, meaning that these tags 
were not split but perhaps could or should have been (i.e., if the unit of analysis had not been changed).  

Based on this logic, the parsimonious results had less classification error than the polythetic 
results.  However, there were also differences in the distributions of these Descriptive Tags and 
organizations in each solution. I will therefore divide these 17 cases into four subsets for discussion.  
 Ten of the 17 Descriptive Tags expressing misclassification or fragmentation had a high-match 
(greater than 66.7%) of organizations in Cluster 1. Table 8–4 provides details for these tags (21.3% of all 
47 Descriptive Tags), which accounted for 203 organizations (22.1% of all 660 organizations). 
 

Table 8–4: Majority Cluster 1 Organizations (Both Sets of Results) 
Descriptive Tag n (Organizations) Polythetic Cluster 1 Parsimonious Cluster 1 

Academic 8 7 (87.5%) 6 (75.0%) 
Aging Services 12 11 (91.7%) 12 (100%) 

Animal Services 25 21 (84.0%) 24 (96.0%) 
Child Services 12 12 (100%) 10 (83.3%) 

Disability Services 13 13 (100%) 11 (84.6%) 
Disaster CBO 19 17 (89.5%) 19 (100%) 
Food Banks 30 28 (93.3%) 29 (96.7%) 

Fraternal/Scout 8 8 (100%) 7 (87.5%) 
Housing Services 10 10 (100%) 9 (90.0%) 

International (not FBO) 9 6 (66.7%) 9 (100%) 
Total 146 133 (91.1%) 136 (93.2%)  

In both solutions, all or most organizations from these ten Descriptive Tags were in Cluster 1. In other 
words, both the polythetic and parsimonious results produced consistent, robust results for these ten 
tags. This subset is therefore very closely related to the Descriptive Tags presented earlier in Table 8–2 
(i.e., the identically-matched tags). There was only a very small degree of fragmentation of 
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misclassification among these organizations (e.g., two of the eight academic institutions were faith-
based charitable organizations).  
 Two of the 17 Descriptive Tags expressing fragmentation in the polythetic results had a high-
match majority (greater than 66.7%) of organizations in Cluster 3. Table 8–5 provides details for these 
two tags (4.3% of all 47 Descriptive Tags), which accounted for 52 organizations (7.9% of all 660 
organizations). 
 

Table 8–5: Majority Cluster 3 Organizations (Both Sets of Results) 
Descriptive Tag n (Organizations) Polythetic Cluster 1 Parsimonious Cluster 1 

FBO – 990 Exempt 9 8 (88.9%) 9 (100%) 
Religious Collective (No Disasters) 43 35 (81.4%) 43 (100%) 

Total 52 43  (82.7%) 52 (100%) 
 
In both solutions, all or most organizations from these two Descriptive Tags were in Cluster 3. In other 
words, both the polythetic and parsimonious results produced consistent, robust results for these tags. 
This subset is therefore also closely related to the Descriptive presented earlier in Table 8–2 (i.e., the 
identically-matched tags). There was only a very small degree of fragmentation of misclassification 
among these organizations.  
 Combining the organizations presented in Tables 8–4 and 8–5, 12 of 17 Descriptive Tags that 
expressed some degree of fragmentation or misclassification (accounting for 198 organizations) 
predominately belonged in either Cluster 1 or Cluster 3 based on the robust and consistent results of 
both methods. The next two Descriptive Tags expressing fragmentation or misclassification most closely 
correspond to the “crossover” organizations listed earlier in Table 8–3.  As presented in Table 8–6, these 
organizations switched between Cluster 1 (polythetic results) and Cluster 2 (parsimonious results).  
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Table 8–6: Fragmented Descriptive Tags that also Crossed Clusters 
Descriptive Tag n (Organizations) Polythetic Cluster 1 Parsimonious Cluster 2 

Catholic Charities 19 17 (89.5%) 17 (89.5%) 
FBO – No Disasters 13 10 (76.9%) 13 (100%) 

FBO – Response/Recovery 14 12 (85.7%) 14 (100%) 
Total 46 39 (84.8%) 44 (95.7%) 

 
In the polythetic results, 39 (84.8%) of these organizations were in Cluster 1. In the parsimonious results, 
44 (95.7%) of these organizations were in Cluster 2. Thus, the “center of mass” for these groups changed 
based on the methods. Overall, these organizations were calculated to be more similar overall 
(polythetically) to the non-faith-based charitable organizations that were un-chaptered or 
independently-chaptered.  
 The last two Descriptive Tags expressed fragmentation in the polythetic results, but neither was 
a “high match” with any particular cluster (i.e., over 66.7%). In the parsimonious results, all of the 
organizations in Table 8–7 sorted into either Cluster 2 or Cluster 3 (as depicted in the table) with no 
misclassification error.  
 

Table 8–7: Fragmented Descriptive Tags with No Center of Mass 

Descriptive Tag n (Organizations) 
Polythetic Results Parsimonious Results Cluster 1 Cluster2 Cluster 3 

Religious Collective (Charitable) 19 8 (42.1%) - 11 (57.9%) Cluster 2 (all 19, 100%) 
Religious Collective (Disasters) 28 - 12 (42.9%) 16 (57.1%) Cluster 3 (all 28, 100%) 

Total 47 8 (17.0%) 12 (25.5%) 27 (57.4%) 47 (100%) 
 
These two Descriptive Tags are distinct from the others because they expressed the highest degree of 
fragmentation due to polythetic clustering, and they simultaneously expressed no misclassification as a 
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result of the parsimonious clustering. On top of that, the organizations belonging to Religious Collective 
(Charitable) were split between Clusters 1 and 3 by the polythetic results, but they were all in Cluster 2 
for the parsimonious results. In other words, these were the least consistent results when evaluating the 
two solutions. Combined, these 47 organizations account for just 16.2% of the 291 organizations 
discussed throughout Section 8.4 and only 7.1% of all 660 organizations in the study population.  
 Based on the detailed analysis of the misclassification or fragmentation produced by either set 
of results, two conclusions can be drawn. First, a total of 198 organizations belonging to 12 Descriptive 
Tags clearly demonstrate strong congruence between the polythetic and parsimonious results because 
in both cases these organizations predominately sorted to either Cluster 1 or Cluster 3. Combined, 93 
organizations belonging to five Descriptive Tags either “crossed over” between the two sets of clustering 
results or lacked any high matches with a particular cluster.  

In every single one of the subsets presented above, the parsimonious results had less error 
(expressed as misclassification) than the polythetic results (which had its error expressed as 
fragmentation). This suggests that the parsimonious results had less error than the polythetic results. 
However, the problem with that is that the parsimonious results used a different unit of analysis that 
had the dominant adjusted traits. If the polythetic results were reproduced using the Descriptive Tags 
(n=47) rather than the organizations (n=660) as the unit of analysis, to what degree would that affect 
the percentage of error? It is logical to conclude that it would be lower than 7.4%, but how much lower? 
This topic is left undetermined, but my considered opinion is that the error rate might have been the 
same in both sets of results if they had used the same unit of analysis.  
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Most faith-based charitable organizations sorted into Cluster 2 in both sets of results, but most 
of them had other shared traits that they did not have in common with St. Vincent de Paul or Catholic 
Charities. Those in Cluster 2 generally had higher revenue, larger service areas, and were active during 
the response/recovery phases. Most of them were also 990 – Consolidated. However, St. Vincent de 
Paul and Catholic Charities generally had lower revenue, smaller service areas, and did not express the 
same response/recovery activities. They were also 990 – Independent organizations.  

Thus, based on the polythetic assessment, they were more similar to the non-faith-based 
organizations in Cluster 1 than they were to the other faith-based organizations in Cluster 2. The more 
interesting finding occurred at the second tier (which is presented in the next chapter). Specifically, 
when the first-tier clusters were subdivided, these distinctions among the “crossover” Descriptive Tags  
resulted in their placement in the same subclusters.  

For example, two of the “crossover” tags were the American Red Cross and Team Rubicon (Not 
Faith-Based, 990 – Consolidated). In the polythetic results, they were in Cluster 2. While assigned to 
Cluster 1 in the parsimonious results, they were subsequently re-clustered. They fell into their own 
subcluster to distinguish that they were not like the other Cluster 1 organizations. The placement of this 
subcluster within the hierarchically designed taxonomy could therefore be depicted as being proximally 
closer to Cluster 2 to acknowledge the crossover that had been observed. A similar process could be 
worked through for all similar Descriptive Tags.  
 Here is what I am really saying: those organizations that switched between clusters when I 
changed the methods would still ultimately be set apart when the either taxonomy was expanded into a 
second or third tier. This can be interpreted in two ways. First, it could be argued that these crossover 
organizations ultimately did not matter since they wound up being placed in distinct subclusters 
regardless of which approach was used. This simplistic line of thought misses the entire point, though. 
Alternatively, the more compelling and thought provoking argument is that understanding how and why 
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these organizations were switching clusters could unlock the key to understanding this study population. 
In other words, the marginal differences meant everything.  
 Still, I was required to definitely identify which approach was more appropriate for classifying 
the study population. Based on three considerations, the parsimonious results were better overall. First, 
they expressed less error. This was probably influenced by the dominant trait adjustment. To test this, 
the polythetic results could later be replicated with the new unit of analysis. 
 Second, I considered simplicity and the ease of communicating results to a lay person. 
Parsimonious models are easier to comprehend and easier to explain. They were also easier to calculate. 
I was therefore considering the utility of the final product when making this determination. 
 Third, the distinctions between the parsimonious and polythetic results would matter less once 
subordinate tiers had been created because the “crossover” Descriptive Tags and organizations would 
ultimately form distinct subpopulations using either approach. It would later prove easy to identify and 
explain how and why each resulting subset had common characteristics with subordinate clusters in 
other branches of the taxonomy (this is explored in Chapter 10). It is essential to reassert, though, that 
this was only revealed and understood after carefully evaluating the marginal differences between both 
sets of results. Again, the marginal differences provided significant explanatory power.  
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9.0 Expanded Parsimonious Clustering Results 
 

 This chapter presents the expanded, full results for the parsimonious clustering approach. In 
doing so, it will fully answer research question B. Specifically, what quantitatively-produced 
organizational clusters best define the study population of community organizations active in disasters? 
Chapter 7 only presented the first-tier results for the parsimonious approach. Once I determined that 
the parsimonious approach was better than the polythetic approach (Chapter 8), I was able to proceed 
with these expanded results.  
 This chapter summarizes the composition and variable profiles for the second-tier subclusters. It 
then provides more detailed results for the third-tier subclusters. As indicated in Chapter 7, new 
parsimonious clustering models needed to be made when adding classificatory tiers. This was because 
each newly created subpopulation needed to be reassessed as if it were a novel population before 
subdividing it. The detailed presentation of model building and methodological considerations, along 
with the expanded results for the second-tier subclusters, are located in Appendix H. In other words, 
this chapter focuses on the results, and the processes and decisions used to create the results are 
documented in the appendix.  

I will briefly summarize these re-clustering efforts. New variables (no more than two at a time) 
would be selected for each re-clustering model. In total, ten separate divisions (models) were needed to 
create the expanded parsimonious clustering results (including the first tier). The methods used for 
variable selection and model building were the same as those presented in Chapter 7.  
 As a reminder, these results used Descriptive Tags (n=47) rather than organizations (n=660) as 
the unit of analysis. However, both n-values needed to be documented and assessed as each cluster was 
divided into subclusters. The Descriptive Tags had a mean value of 14 organizations (median=12) with a 
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range of 4 to 60 organizations. Also, all characterizations of traits are based on the adjusted dominant 
trait values as explained in Chapter 7 (i.e., not raw data). 
 The process of adding additional classificatory tiers can best be described as a process 
disintegrating or fragmenting the population. Each top-level cluster would be subdivided down to the 
third tier of classification. The forthcoming variable analysis in Chapter 10 is focused on holistically 
assessing and, in essence, reintegrating these results based on the variable profiles for all subclusters.  
 Each of the three main clusters (branches) was successfully divided into a second tier with a 
total of seven subclusters. Six of these second-tier clusters were further subdivided into a third tier for 
the taxonomy, which had had 16 subclusters. Thus, there were a total of 26 clusters and subclusters. See 
Figure 9A for a thumbnail sketch of the final taxonomy.  

 
Figure 9A: Full Parsimonious Taxonomy 
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All second-tier subclusters are denoted by a decimal point with a second digit (e.g., Cluster 2.1 
falls under Cluster 2). All third-tier subclusters are denoted by a second decimal point followed by a third 
digit (e.g., Cluster 2.1.1 falls under Cluster 2.1). The sum of all first-tier clusters is 47 Descriptive Tags and 
660 organizations. The seven second-tier subclusters also combine to the sum of the study population. 
Cluster 3.2 is the only second-tier cluster that was not subdivided. All 16 third-tier subclusters plus 
Cluster 3.2 combine to the same values (n=47 and n=660).  
 I also want to add another important point. Clusters 2 and 3 were very straightforward with 
respect to re-clustering and creating subordinate tiers. Each of these clusters began with roughly one-
fourth of the study population and more tightly-defined variable profiles. In contrast, Cluster 1 was 
comparatively difficult to re-cluster according to my established methods.  

This was a function of the diversity among charitable organizations and the sheer number of 
independent data sources used for the organizations in Cluster 1 (i.e., organizations with the traits 990–
Independent and 990–No Chapters). Cluster 1 was also characterized as having most of the functionally-
defined Descriptive Tags (defined in Section 4.7). As presented in Chapter 7, Cluster 1 had a poor 
variable profile at the outset (compared to Clusters 2 and 3), and it accounted for nearly one half of the 
study population. This made creating subordinate clusters very challenging.  

All distributions of organizations reflect the study population drawn from the non-probability 
quota sample of 28 VOADs. This is distinct and separate from the identification and location of clusters 
within the taxonomy. The size of any given cluster is irrelevant with regard to its place in the 
classificatory scheme (refer back to Section 7.1). The validity of the classificatory scheme depends only 
on the measured traits of organizations assigned to each cluster.  
 Each forthcoming section has two major components for all subclusters: composition and 
variable profiles. Again, the methods and expanded discussion regarding how these subclusters were 
formed are fully documented in Appendix H.   
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9.1 Subdividing Cluster 1 
 
 Cluster 1 represented nearly half of the study population in terms of both Descriptive Tags 
(n=23) and organizations (n=310). It was also the least coherently defined top-level cluster. These 
observations about the parsimonious results were consistent with the polythetic results (Chapter 6).  

Ten faith-based charitable organizations (3.2% of the cluster size) wound up in this cluster due 
to the dominant trait adjustment process. Beyond the two variables used to create the first tier, this 
cluster proved very challenging to subdivide. This was because its Descriptive Tags expressed high 
degrees of within group-variation (as presented in Chapter 8).  
 Cluster 1 was subdivided using two traits: Very Low Revenue and National/International. 
However, this was a difficult process that required the use of a variable that expressed within-group 
variation. The trait Very Low Revenue was used to split the population on the basis of “1” or “not 1” 
rather than 1 or 0. I also needed to make another adaptation. The second variable used to create 
subclusters, National/International, needed to be created by merging two response categories from the 
Service Area construct. See Appendix H for the full methods and discussion regarding the subdivision of 
Cluster 1. Table 9–1 presents the 3-cluster solution in the form of a simplified contingency table. 
 

Table 9–1: Subdividing Cluster 1 
 Very Low Revenue ≠ 1 Very Low Revenue = 1 National/International = 0 Cluster 1.2 Cluster 1.1 National/International = 1 Cluster 1.3 n/a  

Descriptive Tags with the trait of Very Low Revenue = 1 went to Cluster 1.1. All other revenue values 
were assigned to Clusters 1.2 or 1.3.  That was the only way that I could meaningfully subdivide the 
population given that I had to rely on traits that were could not be adjusted to 0 or 1. Table 9–2 presents 
the summary statistics for the 3-cluster solution of Cluster 1’s second tier. 



229  

Table 9–2: Summary Statistics for Cluster 1’s Subordinate Clusters 
 Cluster 1.1 Cluster 1.2 Cluster 1.3 n (Descriptive Tags) (% out of 23) 5 (21.7%) 15 (65.2%) 3 (13.0%) n (Organizations) (% out of 310) 80 (25.8%) 189 (70.0%) 41 (13.2%)  

This 3-cluster solution was not evenly distributed, but it was the best possible solution. The following 
subsections provide more details about subcluster composition and variable profiles, but the full and 
expanded methods, results, and discussion are in Appendix H.   
 
9.1.1 Cluster 1.1 
 
 Cluster 1.1 was primarily populated by charitable, non-faith-based organizations with very low 
revenue. It had five Descriptive Tags (10.6% of all 47 Descriptive Tags) and 80 organizations (12.1% of all 
660 organizations). This subcluster also included most of the unincorporated entities (n=28) for which 
no revenue value was available. Table 9–3 provides a list of all Descriptive Tags in Cluster 1.1. 
 

Table 9–3: Cluster 1.1 Composition 
Descriptive Tag n (Organizations) Animal Services 25 CERT/MRC 6 Disaster CBOs 19 Fraternal/Scout 8 Amateur Radio 22  

Table 9–4 provides an analysis of the 32 variables with respect to the population of Cluster 1.1. Note 
that even though I merged the variables National and International Service Area to create this 
subcluster, I am leaving them distinct for this assessment to ensure consistency. This analysis would be 
used for subsequent re-clustering; I would create another tier of the taxonomy under this subcluster.  
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Table 9–4: Cluster 1.1 Variable Profile 
Positively-Defined Dominant Traits (n=3) Charitable = 1 Not Faith-Based = 1 Very Low Revenue = 1 n (strictly-defined traits — all 0s or1s) 19 n (non-strictly-defined traits) 13 Traits with Clear 0/1 Dichotomies (n=1) 990 – Independent Chapters n (traits expressing low within-group variation) 10 n (traits expressing high within-group variation) 2 Strictly-Defined Traits : Not Strictly-Defined Traits 1.46:1  

The variable profile for Cluster 1.1 demonstrated a significant improvement over its parent cluster. The 
number of strictly-defined traits improved from eight to 19. The strictly-defined trait ratio improved 
from 0.33:1 to 1.46:1.  
 Only one variable, 990 – Independent, expressed a strict 0/1 dichotomy. I examined its 
distribution, and it made a satisfactory split in the population. In other words, I could directly subdivide 
this population on the basis of that single variable to create a third tier for the taxonomy. The two 
resulting subclusters formed the third tier of the taxonomy on this branch. Table 9–5 presents the 
summary statistics for the 2-cluster solution of Cluster 1.1’s subordinate tier. 
 

Table 9–5: Summary Statistics for Cluster 1.1’s Subordinate Clusters 
 Cluster 1.1.1 Cluster 1.1.2 990 – Independent Yes No n (Descriptive Tags) (% out of 5) 3 (60.0%) 2 (40.0%) n (Organizations) (% out of 80) 36 (45.0%) 44 (55.0%)  

Independently-chaptered organizations with Very Low Revenue went to Cluster 1.1.1.  The organizations 
in Cluster 1.1.2 were for the most part un-chaptered (with exceptions noted below). This was a by-
product of the dominant trait adjustment technique. No further subordinate clusters were created 
beyond the third tier.  
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9.1.1.1 Cluster 1.1.1 
 
 Cluster 1.1.1 had non-faith-based charitable organizations with very low revenue that were 
generally chapters of larger organizations. These characterizations are based on adjusted dominant 
traits (not the raw, unadjusted traits). Table 9–6 provides a list of all Descriptive Tags in Cluster 1.1.1.  
 

Table 9–6: Cluster 1.1.1 Composition 
Descriptive Tag n (Organizations) CERT/MRC 6 Fraternal/Scout 8 Amateur Radio 22  

CERT and MRC units are government-sponsored disaster volunteer programs (they are also 
unincorporated entities). Fraternal/Scout groups represented six different parent organizations (e.g., the 
Rotary Club, the Lions Club, Girl Scouts, et. al). Most (not all) of the amateur radio organizations were 
affiliates of larger organizations, such as the American Radio Relay League (ARRL) or Radio Emergency 
Associated Communication Teams (REACT). Table 9–7 provides an analysis of the 32 variables for Cluster 
1.1.1. 

Table 9–7: Cluster 1.1.1 Variable Profile 

Positively-Defined Dominant Traits (n=5) 
Charitable = 1 Not Faith-Based = 1 Very Low Revenue = 1 990 – Independent = 1 Chaptered = 1 n (strictly-defined traits — all 0s or1s) 24 n (non-strictly-defined traits) 8 Traits with Clear 0/1 Dichotomies (n=1) Response and Recovery n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 7 Strictly-Defined Traits : Not Strictly-Defined Traits 3.00:1  
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The variable profile for Cluster 1.1.1 demonstrated a significant improvement over its parent cluster. 
The number of strictly-defined traits improved from 19 to 24. The strictly-defined trait ratio improved 
from 1.46:1 to 3.00:1.  

Only one variable expressed a clear 0/1 dichotomy. I could have created a fourth tier by 
subdividing this cluster, but I chose not to due to its small size and sufficiently coherent variable profile. 
It had 6.4% of all Descriptive Tags and 5.5% of all organizations in the study population. 
 
9.1.1.2 Cluster 1.1.2 
 
 Cluster 1.1.2 was distinct from Cluster 1.1.1 because its organizations lacked the trait “990 – 
Independent”. However, as will be discussed, it did have some chaptered organizations. Even so, this 
was still a tightly-defined subcluster. Table 9–8 provides a list of all Descriptive Tags in Cluster 1.1.2.  
 

Table 9–8: Cluster 1.1.2 Composition 
Descriptive Tag n (Organizations) Animal Services 25 Disaster CBOs 19  

Sixteen of the 25 Animal Services organizations (64.0%) were un-chaptered. However, this Descriptive 
Tag included several chaptered organizations, such as the Humane Society and the American Humane 
Association. These were generally affiliates of larger parent organizations, and this Descriptive Tag 
lacked a dominant adjustable trait for that variable (the threshold for adjusting the value was 66.6%). 
The organizations with the tag “Disaster CBOs” were almost entirely un-chaptered, unaffiliated 
organizations. Examples include Angel Flight, the National Emergency Response Team, Search and 
Rescue of Central Florida, and Palo Alto Neighborhoods Emergency Services Volunteers.  Table 9–9 
provides an analysis of the 32 variables for Cluster 1.1.2 
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Table 9–9: Cluster 1.1.2 Variable Profile 

Positively-Defined Dominant Traits (n=4) 
Charitable = 1 Not Faith-Based = 1 Very Low Revenue = 1 Specified Disaster Services = 1 n (strictly-defined traits — all 0s or1s) 23 n (non-strictly-defined traits) 9 Traits with Clear 0/1 Dichotomies (n=1) Smaller than State-Sized n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 8 Strictly-Defined Traits : Not Strictly-Defined Traits 2.56:1  

The variable profile for Cluster 1.1.2 demonstrated a significant improvement over its parent cluster. 
The number of strictly-defined traits improved from 19 to 23. The strictly-defined trait ratio improved 
from 1.46:1 to 2.56:1.  

Only one variable expressed a clear 0/1 dichotomy. I could have created a fourth tier by 
subdividing this cluster, but I chose not to due to its small size and sufficiently coherent variable profile. 
It had 4.3% of all Descriptive Tags and 6.7% of all organizations in the study population.  
 
9.1.2 Cluster 1.2 
 
 Cluster 1.2 was populated by non-faith-based, charitable organizations with revenue greater 
than $1 million (i.e., not Very Low Revenue) that were not National or International organizations. This 
cluster had 15 Descriptive Tags (31.9% of all tags) and 189 organizations (28.6% of all organizations). In 
other words, it was still an astoundingly large cluster even though it fell in the taxonomy’s second tier.  

Only one of the Descriptive Tags in this cluster corresponded to a chaptered organization 
(specifically, the United Way). More specifically approximately 88.9% of the organizations in this 
subcluster were “990 – No Chapters” organizations (I say “approximately” because I am basing the 
calculation off the adjusted trait values). As I examined the summary statistics for this subcluster, I was 
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very surprised to see that even though within-group variation was present among 17 of the 32 variables 
(i.e., more than half of the variables), there were other “nearly” dominant traits for this population. For 
example, the overwhelming majority of organizations (but not all) operated at a Smaller than State-Sized 
Service Area, and they did not include disasters in their organizational mission statements. There were 
other “nearly” dominant traits like this (see Appendix H). 

I also looked at the Revenue construct (all four categories). I identified that 13 of the 15 
Descriptive Tags (86.7%) lacked any dominant adjustable revenue trait. They fell in the midrange (0.334-
0.665) for all revenue categories. Only two of the 15 Descriptive Tags fell squarely within one revenue 
category (Low Revenue). In other words, revenue was a useless construct for defining or parsing this 
subcluster. Within-group variation was pervasive on this construct across many other variables, as well.  
 These observations helped me better narrow the focus regarding how I could (or could not) 
characterize the population of Cluster 1.2. The initial evaluation was puzzling, though. Table 9–10 
provides a list of all Descriptive Tags in Cluster 1.2. 
 

Table 9–10: Cluster 1.2 Composition 
Descriptive Tag n (Organizations) Academic 8 Aging Services 12 Call Centers 9 Child Services 12 Disability Services 13 Food Banks 30 Foundations 6 Health Services  8 Housing Services 10 Legal Services 4 Local CBOs 12 Mental Health 15 Other 16 United Way 21 Volunteer 13  
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Without even quantifying the variable profile, I have already established that there is a tremendous 
degree of within-group variation for this subcluster (more than half the variables). However, as I 
consider the composition of this cluster, I am confronted with what appears at face value to be a 
coherent group. These organizations belong together in many ways. How can I reconcile that? To 
continue the analogy used earlier, this subcluster is still a plate of spaghetti. Together, the aggregated 
parts form an understandable whole in spite of the quantified variation within the population. Expanded 
discussion regarding the composition of Cluster 1.2 is in Appendix H.   
 Table 9–11 provides an analysis of the 32 variables with respect to the population of Cluster 1.2. 
This analysis was prerequisite to any attempts to further subdivide this cluster. That would prove 
extremely difficult, but it would be essential due to this subcluster’s sheer size. 
 

Table 9–11: Cluster 1.2 Variable Profile 
Positively-Defined Dominant Traits (n=2) Charitable = 1 Not Faith-Based = 1 n (strictly-defined traits — all 0s or1s) 12 n (non-strictly-defined traits) 20 
Traits with Clear 0/1 Dichotomies (n=3) 990 – No Chapters 990 – Independent Chaptered n (traits expressing low within-group variation) 7 n (traits expressing high within-group variation) 10 Strictly-Defined Traits : Not Strictly-Defined Traits 0.60:1  

The variable profile for Cluster 1.2 demonstrated little improvement over its parent cluster. Cluster 1.2 
was positively defined by the same two variables as Cluster 1 (no improvement). The number of strictly-
defined traits improved from eight to 12. The strictly-defined trait ratio improved from 0.33:1 to 0.60:1.  

This was a much lower degree of improvement compared to Cluster 1.1 (2.56:1) and Cluster 1.3 
(1.91:1). Those subclusters were smaller and had significantly improved variable profiles. Cluster 1.2 was 
large and exhibited a minimally-improved variable profile. The three variables expressing clear 0/1 
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dichotomies would also prove to be of little help for subdividing this cluster upon closer examination. 
The full methods and discussion regarding the subdivision of Cluster 1.2 are in Appendix H.  
 Cluster 1.2 was ultimately subdivided using two variables: “Serves a Specific Population” and 
“State-Sized or Multi-State”. Even though these variables expressed within-group variation (i.e., not 0/1 
dichotomies), they offered the best opportunity to re-cluster these Descriptive Tags. Table 9–12 
presents a simplified contingency table expressing the interaction of these variables.   
 

Table 9–12: Subdividing Cluster 1.2 
 State-Sized = 0 State-Sized ≠ 0 

Serves a Specific Population = 0 Cluster 1.2.1 n=3 Cluster 1.2.2 n=2 
Serves a Specific Population ≠ 0 Cluster 1.2.3 n=5 Cluster 1.2.4 n=4  

The criterion here was “0” or “not 0” (rather than 0 or 1). Because the United Way was so distinctively 
different, it is separated by itself into Cluster 1.2.5. Table 9–13 presents the summary statistics for the 5-
cluster solution of Cluster 1.2’s subordinate tier. 
 

Table 9–13: Summary Statistics for Cluster 1.2’s Subordinate Clusters 
 Cluster 1.2.1 Cluster 1.2.2 Cluster 1.2.3 Cluster 1.2.4 Cluster 1.2.5 n (Descriptive Tags) (% out of 15) 3 (20.0%) 2 (13.3%) 5 (33.3%) 4 (26.7%) 1 (6.7%) n (Organizations) (% out of 189) 18 (9.5%) 21 (11.1%) 59 (31.2%) 70 (37.0%) 21 (11.1%)  

The general impression of this solution is that the only way to quantitatively subdivide Cluster 1.2 was to 
shatter it. While imperfect, this was the best clustering solution that could be achieved other than by 
switching to continuous data or changing the unit of analysis. I will add that each new subcluster (other 
than Cluster 1.2.5) has exceptional cases that deviate from the framework in Table 9–12. The detailed 
composition and variable profiles for these subclusters follow next. 
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9.1.2.1 Cluster 1.2.1 
 
 Cluster 1.2.1 was primarily distinguished from its sister subclusters in that its members did not 
profess specialized services or emphasis on particular populations and they operated with smaller 
services areas. These are not based on absolute traits, but on relative comparisons to the sister clusters. 
Table 9–14 provides a list of all Descriptive Tags in Cluster 1.2.1. 
 

Table 9–14: Cluster 1.2.1 Composition 
Descriptive Tag n (Organizations) Health Services 8 Legal Services 4 Foundations 6  

Health Services organizations included everything from health systems and networks down to 
neighborhood clinics. Legal Services organizations provide basic legal services to low-income people. 
Foundations are grant-making organizations with varying endowment levels and foci. All of these 
organizations were singletons (n=1) grouped together on a functional basis. Table 9–15 provides an 
analysis of the 32 variables with respect to the population of Cluster 1.2.1.  
 

Table 9–15: Cluster 1.2.1 Variable Profile 

Positively-Defined Dominant Traits (n=5) 
Charitable = 1 990 – No Chapters = 1 Not Faith-Based = 1 Smaller than State-Sized = 1 County or Multi-County = 1 n (strictly-defined traits — all 0s or1s) 24 n (non-strictly-defined traits) 8 Traits with Clear 0/1 Dichotomies (n=0) NONE n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 8 Strictly-Defined Traits : Not Strictly-Defined Traits 3.00:1  
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The variable profile for Cluster 1.2.1 demonstrated significant improvement over its parent cluster. The 
number of strictly-defined traits improved from 12 to 24. The strictly-defined trait ratio improved from 
0.60:1 to 3.00:1. It had 6.4% of all Descriptive Tags and 2.7% of all organizations in the study population.  
 
9.1.2.2 Cluster 1.2.2 
 
 Cluster 1.2.2 was primarily distinguished from its sister subclusters in that its members did not 
profess specialized services or emphasis on particular populations and about half of them operated with 
a state-sized service area. These are not based on absolute traits, but on relative comparisons to the 
sister clusters. Table 9–16 provides a list of all Descriptive Tags in Cluster 1.2.2. 
 

Table 9–16: Cluster 1.2.2 Composition 
Descriptive Tag n (Organizations) Volunteer Services 13 Academic 8  

Academic Services organizations included universities and colleges, specifically identified programs or 
centers, and also one local school district. Volunteer Services organizations provided pools of 
volunteers, expertise with volunteer management, and matching services between organizations and 
volunteers. All of these organizations were singletons (n=1) grouped together on a functional basis. 
Table 9–17 provides an analysis of the 32 variables with respect to the population of Cluster 1.2.2.  
 

Table 9–17: Cluster 1.2.2 Variable Profile 
Positively-Defined Dominant Traits (n=3) Charitable = 1 990 – No Chapters = 1 Not Faith-Based = 1 n (strictly-defined traits — all 0s or1s) 20 n (non-strictly-defined traits) 12 Traits with Clear 0/1 Dichotomies (n=0) NONE n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 12 Strictly-Defined Traits : Not Strictly-Defined Traits 1.67:1 
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The variable profile for Cluster 1.2.2 demonstrated significant improvement over its parent cluster. The 
number of strictly-defined traits improved from 12 to 20. The strictly-defined trait ratio improved from 
0.60:1 to 1.67:1. It had 4.3% of all Descriptive Tags and 3.2% of all organizations in the study population.  
 
9.1.2.3 Cluster 1.2.3 
 
 Cluster 1.2.3 was primarily distinguished from its sister subclusters in that its members 
professed specialized services or emphasis on particular populations and they operated with smaller 
than state-sized service areas. These are not based on absolute traits, but on relative comparisons to the 
sister clusters. Table 9–18 provides a list of all Descriptive Tags in Cluster 1.2.3. 
 

Table 9–18: Cluster 1.2.3 Composition 
Descriptive Tag n (Organizations) Aging Services 12 Child Services 12 Disability Services 13 Housing Services 10 Local CBOs 12  

Most of these functional tags are self-explanatory. “Local CBOs” refers to small, community-based 
organizations that provided general or varied social services that could not be neatly categorized. All of 
these organizations were singletons (n=1) grouped together on a functional basis. Table 9–19 provides 
an analysis of the 32 variables with respect to the population of Cluster 1.2.3. 
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Table 9–19: Cluster 1.2.3 Composition 

Positively-Defined Dominant Traits (n=4) 
Charitable = 1 990 – No Chapters = 1 Not Faith-Based = 1 Disasters Absent = 1 n (strictly-defined traits — all 0s or1s) 21 n (non-strictly-defined traits) 11 Traits with Clear 0/1 Dichotomies (n=0) NONE n (traits expressing low within-group variation) 4 n (traits expressing high within-group variation) 7 Strictly-Defined Traits : Not Strictly-Defined Traits 1.91:1  

The profile for Cluster 1.2.3 demonstrated significant improvement over its parent cluster. The number 
of strictly-defined traits improved from 12 to 21. The strictly-defined trait ratio improved from 0.60:1 to 
1.91:1. It had 10.6% of all Descriptive Tags and 8.9% of all organizations in the study population.  
 
9.1.2.4 Cluster 1.2.4 
 
 Cluster 1.2.4 was primarily distinguished from its sister subclusters in that its Descriptive Tags 
and organizations professed specialized services or emphasis on particular populations, and about half 
of them operated with state-sized service areas. These are not based on absolute traits, but on relative 
comparisons to the sister clusters. Table 9–20 provides a list of all Descriptive Tags in Cluster 1.2.4. 
 

Table 9–20: Cluster 1.2.4 Composition 
Descriptive Tag n (Organizations) Call Centers 9 Food Banks 30 Mental Health Services 15 Other 16  
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Call Centers, such as 211, provide information and referral resources. Food Banks expressed a very large 
range in terms of revenue, capacity, and service area. Mental Health Services organizations are 
noteworthy here in that they are separated from the Health Services organizations based on the 
subclustering solution. The category of “Other” was the destination for organizations that could not be 
categorized with any other Descriptive Tags. Examples include United Policy Holders, Community 
Technology Alliance, the American Massage Therapy Association, and the Kansas Funeral Directors 
Association. All of these organizations were singletons (n=1) grouped together on a functional basis (plus 
the “Other” organizations). Table 9–21 provides an analysis of the 32 variables for Cluster 1.2.4.  
 

Table 9–21: Cluster 1.2.4 Variable Profile 

Positively-Defined Dominant Traits (n=3) Charitable = 1 990 – No Chapters = 1 Not Faith-Based = 1 n (strictly-defined traits — all 0s or1s) 19 n (non-strictly-defined traits) 13 Traits with Clear 0/1 Dichotomies (n=0) NONE n (traits expressing low within-group variation) 5 n (traits expressing high within-group variation) 8 Strictly-Defined Traits : Not Strictly-Defined Traits 1.46:1  
The profile for Cluster 1.2.4 demonstrated significant improvement over its parent cluster. The number 
of strictly-defined traits improved from 12 to 19. The strictly-defined trait ratio improved from 0.60:1 to 
1.46:1. It had 8.5% of all Descriptive Tags and 10.6% of all organizations in the study population.  
 
9.1.2.5 Cluster 1.2.5 
 
 Cluster 1.2.5 had only one Descriptive Tag, the United Way. It was primarily distinguished from 
its sister subclusters because it represented a chaptered organization. The reason it is in Cluster 1.2 was 
because of its comparatively high revenue (compared to Cluster 1.1 organizations) and small service 
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area (compared to Cluster 1.3 organizations). Another way of looking at this is that the United Way is 
(comparatively) a one-of-a-kind organization; it is also one of the most prevalent organizations within 
the VOAD population. Table 9–22 provides a list of all Descriptive Tags in Cluster 1.2.4. 
 

Table 9–22: Cluster 1.2.5 Composition 
Descriptive Tag n (Organizations) United Way 21  

While the United Way was the only chaptered organization in Cluster 1.2, it was a 990 – Independent 
organization. This means that while affiliated, each of the chapters is self-incorporated, autonomous, 
and had an independent source of data. While these organizations were highly correlated on many 
variables, there are also many differences among them (revenue, extent of disaster services activities, 
etc.). Among other Descriptive Tags and organizations in Cluster 1.2, it is probably most closely 
associated with Foundations (Cluster 1.2.1) due to its grant-making function and the 211 Call Centers 
(Cluster 1.2.4) because it incubates these organizations. Table 9–23 provides an analysis of the 32 
variables with respect to the population of Cluster 1.2.5.  
 

Table 9–23: Cluster 1.2.5 Variable Profile 

Positively-Defined Dominant Traits (n=8) 

Charitable = 1 Chaptered = 1 990 – Independent = 1 Not Faith-Based = 1 Disasters Absent = 1 County-Sized or Multi-County = 1 Smaller than State-Sized = 1 Self-Discloses Financial Info = 1 n (strictly-defined traits — all 0s or1s) 27 n (non-strictly-defined traits) 5 Traits with Clear 0/1 Dichotomies (n=0) NONE n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 5 Strictly-Defined Traits : Not Strictly-Defined Traits 5.40:1  
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The variable profile for Cluster 1.2.5 demonstrated more improvement over Cluster 1.2 than any of its 
sister subclusters. This is because it comprised entirely of chapters from one parent organization. The 
number of strictly-defined traits improved from 12 to 27. The strictly-defined trait ratio improved from 
0.60:1 to 5.40:1. It had 2.1% of all Descriptive Tags and 3.2% of all organizations in the study population.  
 
9.1.3 Cluster 1.3 
 
 The primary characteristic that distinguished the organizations in Cluster 1.3 from other Cluster 
1 organizations was a National or International service area. This cluster had three Descriptive Tags 
(6.4% of all Descriptive Tags) and 41 organizations (6.2% of all organizations). It was a tightly-defined, 
coherent subcluster. Table 9–24 provides a list of all Descriptive Tags in Cluster 1.3. 
 

Table 9– 24: Cluster 1.3 Composition 
Descriptive Tag n (Organizations) American Red Cross 28 Team Rubicon 4 International 9  

The American Red Cross and Team Rubicon were chaptered organizations with consolidated chapters 
(i.e., a uniform source of data). The nine International organizations were a collection of eight different 
humanitarian and development groups (Save the Children was represented in two VOADs). This 
subcluster was formed by merging two categories from the Service Area construct into a new category 
(i.e., National + International = National/International). 35 of these 41 organizations were identified as 
“crossover” organizations with the polythetic results (per Chapter 8); the Descriptive Tag “International” 
had been split in the polythetic results.  
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While Team Rubicon was formed as an organization with an international service area, most of 
its activity is within the United States. Likewise, while the American Red Cross is a national organization, 
it is affiliated with the International Federation of Red Cross/Red Crescent organizations, and it has 
engaged in or contributed to international activities. Merging these Service Area categories therefore 
makes sense for these organizations. Table 9–25 provides an analysis of the 32 variables for Cluster 1.3.  

 
Table 9–25: Cluster 1.3 Variable Profile 

Positively-Defined Dominant Traits (n=5) 
Charitable = 1 Not Faith-Based = 1 Response and Recovery = 1 Specified Disaster Activities = 1 Self-Discloses Financial Info = 1 n (strictly-defined traits — all 0s or1s) 21 n (non-strictly-defined traits) 11 

Traits with Clear 0/1 Dichotomies (n=9) 

Chaptered 990  - No Chapters 990 – Consolidated Exclusive to Disasters Low Revenue High Revenue Revenue > $10 Million National Service Area International Service Area n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 2 Strictly-Defined Traits : Not Strictly-Defined Traits 1.91:1  
The variable profile for Cluster 1.3 demonstrated significant improvement over its parent cluster. The 
number of strictly-defined traits improved from eight to 21. The strictly-defined trait ratio improved 
from 0.33:1 to 1.91:1.  

Nominally, there are many variables expressing clear 0/1 dichotomies. However, these variables 
belong to just three constructs (e.g., Service Area, Revenue, and 990 Filing Status). Given that this 
subcluster only has three Descriptive Tags, we have several dichotomies that represent several 2/1 splits 



245  

in this subpopulation. This observation would be helpful for creating a third tier under Cluster 1.3. The 
full methods and discussion for the subdivision of Cluster 1.3 are located in Appendix H.  

As noted, I had created this subcluster by artificially merging the National and International 
service areas when subdividing Cluster 1. I would ultimately un-merged them to create subclusters. 
Table 9–26 presents the summary statistics for the 2-cluster solution of Cluster 1.3’s subordinate tier. 
 

Table 9–26: Summary Statistics for Cluster 1.3’s Subordinate Clusters 
 Cluster 1.3.1 Cluster 1.3.2 Service Area National International n (Descriptive Tags) (% out of 3) 1 (33.3%) 2 (66.7%) n (Organizations) (% out of 41) 28 (68.3%) 13 (31.7%)   This was a directed split that is further explained in Appendix H.  The National and International 

organizations had only been grouped together on a temporary basis when subdividing Cluster 1. The 
detailed composition and variable profiles for these subclusters follow next. 
 
9.1.3.1 Cluster 1.3.1 
 
 Cluster 1.3.1 had one Descriptive Tag, the American Red Cross (n=28). As a 990 – Consolidated 
organization, it also had only one source of data. Thus, this subcluster exhibits a “perfect” ratio (infinity, 
or 32 divided by 0) for strictly-defined variables. The American Red Cross was positively-defined by 12 
traits, and no traits expressed any degree of variation.  
 This deserves additional discussion. Over the last decade, the American Red Cross underwent 
significant restructuring and consolidation (accomplished over a period of years). Several significant 
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changes were implemented before the data collection for this research began. First, many American Red 
Cross chapters were closed, merged, or otherwise reorganized. Second, the financial activity of the 
chapters was nationalized. Before, the chapters conducted their own (relatively small scale) fundraising 
and development activities. Chapters had greater autonomy over their own checkbooks. Perhaps most 
significantly, each chapter used to operate its own independent website (i.e., separate sources of data). 
Today, each chapter’s web presence is literally a separate webpage on one (national) website.  
 Any variation among chapters evident from public information was literally erased as a result of 
these changes. One of the American Red Cross’ principles is “Unity”. The reorganization and 
consolidation, in a sense, enforced that by homogenizing all information about the separate chapters. I 
reinforced this by assigning the value of National Service Area = 1 for all chapters, regardless of the size 
of the geographic areas that they represented. This was purposeful and directly related to the structure 
and operations of the American Red Cross.  

The American Red Cross is not like other chaptered organizations. Dollars, equipment, supplies, 
and volunteers regularly and freely flow across chapter boundaries in the event of a large scale disaster. 
This is by design. If an earthquake were to happen in California, volunteers and emergency response 
vehicles would be mobilized across the nation within days. This is not just “mutual aid”, where one 
chapter helps a sister chapter. Disaster response operations operate within a national framework and 
are closely managed. In fact, this is a function of the mandate given to the American Red Cross by the 
U.S. Congress. It is the only VOAD member organization with such empowerment.  
 Compare that to independently-chaptered organizations like the United Way or Catholic 
Charities. If aggregated, each of these entities actually exceeds the financial resources of the American 
Red Cross. However, as a function of their incorporation and structure, they are not aggregated. The 
chapters exist as fully-autonomous entities operating with the same “brand”. While they conform to 
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“brand standards”, exhibit correlated traits, and interact in a variety of ways (including mutual support), 
they are not like American Red Cross chapters.  

Furthermore, the American Red Cross engages in narrower range of programs, services, and 
activities than these organizations. While Catholic Charities is also one of the “anchor” organizations for 
most VOADs, it engages in far-ranging activities like adoption services, immigration and naturalization 
services, or daily support services for the homeless. The American Red Cross is much more focused on 
its mandate of disasters (its ancillary activities are still framed in the context of that primary mission).  
 Because of its singularly unique nature, no tables are needed to convey more information about 
Cluster 1.3.1 or the American Red Cross. It had a perfect (32:0) strictly-defined trait ratio. It had 2.1% of 
all Descriptive Tags and 4.2% of all organizations in the study population.  
 
9.1.3.2 Cluster 1.3.2 
 
 Cluster 1.3.2 had all charitable, non-faith-based organizations with an International Service Area. 
For reference, the overwhelming majority of other International Service Area organizations were faith-
based charitable organizations (e.g., World Vision, World Renew, Samaritan’s Purse, etc.). These other 
organizations are in Cluster 2. Thus, many of those that were not faith-based became the “crossover” 
organizations identified in Chapter 8. Table 9–27 provides a list of all Descriptive Tags in Cluster 1.1.1. 
 

Table 9–27: Cluster 1.3.2 Composition 
Descriptive Tag n (Organizations) Team Rubicon 4 International 9  
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Team Rubicon’s first disaster response mission (Haiti) was international, and it has conducted several 
others since. It is the youngest organization in the study population, and it is still developing. 
International organizations (n=9) represent eight separate international development and relief 
organizations. This is a functional tag that aggregates several singleton organizations. Table 9–28 
provides an analysis of the 32 variables for Cluster 1.3.2.  
 

Table 9–28: Cluster 1.3.2 Variable Profile 

Positively-Defined Dominant Traits (n=6) 
Charitable = 1 Not Faith-Based = 1 Response and Recovery = 1 Specified Disaster Services = 1 International Service Area = 1 Self-Discloses Financial Info = 1 n (strictly-defined traits — all 0s or1s) 23 n (non-strictly-defined traits) 9 

Traits with Clear 0/1 Dichotomies (n=7) 

Chaptered 990 – No Chapters 990 – Consolidated Exclusive to Disasters Low Revenue High Revenue Revenue > $10 Million n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 2 Strictly-Defined Traits : Not Strictly-Defined Traits 2.56:1  
The variable profile for Cluster 1.3.2 demonstrated moderate improvement over its parent cluster. The 
number of strictly-defined traits improved from 21 to 23. The strictly-defined trait ratio improved from 
1.91:1 to 2.56:1. While seven variables expressed clear 0/1 dichotomies, these were expressed across 
only three variable constructs. Also, no further subdivision would take place. This cluster had 4.3% of all 
Descriptive Tags and 2.0% of all organizations in the study population. 
  



 

9.1.4 Discussion and Summary for Cluster 1
 
 Cluster 1 was the largest and least coherently defined cluster in
an expression of the diversity among charitable, non
proportion of singleton (n=1) organizations that were aggregated on the basis of functionally
Descriptive Tags. The second tier had three clusters formed using the variable “Very Low Revenue” and 
the merged variable “National/Inte
defined when compared to Cluster 1.2. As Cluster 1 was the most difficult of the first tier clusters to 
subdivide, its general lack of coherence was passed along to Cluster 1.2. All three of
subclusters were subdivided into a third tier. This was most difficult in the case of Cluster 1.2, which was 
divided into five subclusters. Figure 9B depicts these clusters as an assembled hierarchy with key 
statistics (the n-values for Descriptive Tags and organizations, and the strictly

Figure 9B: Branch 1 Subcluster Results

Observe that as the clusters are become smaller, the strictly
do so unevenly. The degree to which a 
on the ratio of the parent cluster. When the results of Clusters 2 and 3 are complete, I will then present 
a more detailed comparison of all clusters and subclusters in Chapter 10.
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9.2 Subdividing Cluster 2 
 
 Cluster 2 had roughly one-fourth of the study population. It had 14 Descriptive Tags (29.8% of all 
tags) and 144 organizations (21.8% of all organizations). It was comprised of faith-based, charitable 
organizations. While the strictly-defined trait ratio was the same as that for Cluster 1 (0.33:1), it was 
more coherently-defined than Cluster 1 after accounting for the cluster’s size and the fact that it had an 
additional positively-defined trait (=1). It also had a higher proportion of chaptered organizations.  
 The population of Cluster 2 had clear 0/1 dichotomies on four variables: 990 – Consolidated, 
Disasters Absent, National Service Area, and International Service Area. I will add that National Service 
Area only applied to one of the 14 Descriptive Tags (i.e., it was not a helpful distribution). I ran three 
models to re-cluster this population, each with a different combination of variables. The single best set 
of results was a 4-cluster solution using the variables Disasters Absent and International Service Area. 
The dendrogram (Figure 9C) of this solution expressed these four clusters in two distinct tiers. Table 9–
29 presents a contingency table that depicts how the variables created the subclusters. This would be an 
exceedingly straightforward process compared to Cluster 1.  
 

Figure 9C: Dendrogram of Re-Clustering Results for Cluster 2 
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Table 9–29: Subdividing Cluster 2 
 Disasters Absent = 1 Disasters Absent = 0 

International Service Area = 1 Cluster 2.1.1 n=2 Cluster 2.1.2 n=5 
International Service Area = 0 Cluster 2.2.1 n=5 Cluster 2.2.2 n=2  

Since one clustering solution produced a two-tiered distribution, it automatically provided the second 
and third tiers beneath Cluster 2. This dramatically simplified the process. No further re-clustering would 
be required.  Table 9–30 presents the summary statistics for the second and third tiers of Cluster 2. 
 

Table 9–30: Summary Statistics for Cluster 2’s Subordinate Clusters 
 Cluster 2.1 Cluster 2.2 n (Descriptive Tags) (% out of 14) 7 (50.0%) 7 (50.0%) n (Organizations) (% out of 144) 52 (36.1%) 92 (63.9%) 
      Cluster 2.1.1 Cluster 2.1.2 Cluster 2.2.1 Cluster 2.2.2 n (Descriptive Tags) (% out of 14) 2 (14.3%) 5 (35.7%) 5 (35.7%) 2 (14.3%) n (Organizations) (% out of 144) 12 (8.3%) 40 (27.8%) 65 (45.1%) 27 (18.8%)  

Cluster 2.1 had all faith-based charitable organizations with international service areas. The others went 
to Cluster 2.2. The third tier was subdivided on the basis of the Mission Statement construct (Disasters 
Absent versus Includes/Exclusive to Disasters). Each of these six subclusters will now be presented.  
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9.2.1 Cluster 2.1 
 
 Cluster 2.1 had the faith-based charitable organizations with international service areas. It had 
seven Descriptive Tags (14.9% of all Descriptive Tags) and 52 organizations (7.9% of all organizations). 
Table 9–31 provides the composition of Cluster 2.1. Table 9–32 provides the variable profile.  
 

Table 9–31: Cluster 2.1 Composition 
Descriptive Tag n (Organizations) Church World Service 6 FBO – International (No Disasters) 6 FBO – International (Disaster) 12 Nazarene Disaster Response 5 Samaritan’s Purse 5 United Methodist Committee on Relief (UMCOR) 6 World Renew 12  

Table 9–32: Cluster 2.1 Variable Profile 

Positively-Defined Dominant Traits (n=8) 

Faith-Based = 1 FBO – Other = 1 Charitable = 1 990 – Consolidated = 1 Chaptered = 1 Specified Disaster Services = 1 International Service Area = 1 Self Discloses Financial Info = 1 n (strictly-defined traits — all 0s or1s) 22 n (non-strictly-defined traits) 10 

Traits with Clear 0/1 Dichotomies (n=7) 

Disasters Absent Exclusive to Disasters Includes Disasters Response and Recovery Recovery (Only) Low Revenue Revenue > $10 Million n (traits expressing low within-group variation) 2 n (traits expressing high within-group variation) 1 Strictly-Defined Traits : Not Strictly-Defined Traits 2.20:1  
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The variable profile for Cluster 2.1 demonstrated significant improvement over its parent cluster. The 
number of strictly-defined traits improved from eight to 22. The strictly-defined trait ratio improved 
from 0.33:1 to 2.20:1.  

Even though the clustering at this level was performed only on the basis of International Service 
Area = 1, there are still other associations that emerged as a result of this solution at the second tier (all 
are 990 – Consolidated and Chaptered, all have Specified Disaster Services, and all Self-Disclose Financial 
Information). The third tier of subclusters was already preformed by the original clustering solution. I 
can therefore present the results for Clusters 2.1.1 and 2.1.2 without further discussion.  

 
9.2.1.1 Cluster 2.1.1 

 
 Cluster 2.1.1 has faith-based charitable organizations with international service areas and 
disasters absent from their mission statements. It has two Descriptive Tags (4.3% of all Descriptive Tags) 
and 12 organizations (1.8% of all organizations). Table 9–33 provides a list of its Descriptive Tags. 

 
Table 9–33: Cluster 2.1.1 Composition 
Descriptive Tag n (Organizations) Church World Service 6 FBO – International (No Disasters) 6  

The tag “FBO – International (No Disasters)” represents three different organizations that had low n-
values in the study population (Convoy of Hope, Hope World Wide, and Orphan Grain Train). Table 9–34 
provides the variable profile for Cluster 2.1.1.  
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Table 9–34: Cluster 2.1.1 Variable Profile 

Positively-Defined Dominant Traits (n=12) 

Faith-Based = 1 FBO – Other = 1 Charitable = 1 990 – Consolidated = 1 Chaptered = 1 Disasters Absent = 1 Specified Disaster Services = 1 Response and Recovery = 1 Revenue > $10 Million = 1 International Service Area = 1 Serves a Specific Population = 1 Self Discloses Financial Info = 1 n (strictly-defined traits — all 0s or1s) 30 n (non-strictly-defined traits) 2 Traits with Clear 0/1 Dichotomies (n=0) NONE n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 2 Strictly-Defined Traits : Not Strictly-Defined Traits 15.00:1  
The variable profile for Cluster 2.1.1 demonstrated significant improvement over its parent cluster. The 
number of strictly-defined traits improved from 22 to 30. The strictly-defined trait ratio improved from 
2.20:1 to 15.00:1.  

Note that even though only one new variable (Disasters Absent) was used to create this 
subcluster, the number of positively-defined variables jumped from eight to 12. Most interestingly, 
these organizations still provide Specified Disaster Services during the Response and Recovery phases 
even though their mission statements do not include disasters.  
 
9.2.1.2 Cluster 2.1.2 
 
 Cluster 2.1.2 had the faith-based charitable organizations with international service areas, and 
their mission statements either included or were exclusive to disasters. This cluster has five Descriptive 
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Tags (10.6% of all Descriptive Tags) and 40 organizations (6.1% of all organizations). Table 9–35 provides 
a list of all Descriptive Tags in Cluster 2.1.2. 
 

Table 9–35: Cluster 2.1.2 Composition 
Descriptive Tag n (Organizations) FBO – International (Disaster) 12 Nazarene Disaster Response 5 Samaritan’s Purse 5 United Methodist Committee on Relief (UMCOR) 6 World Renew 12  

The tag “FBO – International (Disaster)” had six chaptered organizations with low n-values. Examples 
include World Vision and Episcopal Relief and Development. All 40 organizations had the trait 990 – 
Consolidated, meaning shared data sources. Table 9–36 provides the variable profile for Cluster 2.1.2.  
 

Table 9–36: Cluster 2.1.2 Variable Profile 

Positively-Defined Dominant Traits (n=8) 

Faith-Based = 1 FBO – Other = 1 Charitable = 1 990 – Consolidated = 1 Chaptered = 1 Specified Disaster Services = 1 International Service Area = 1 Self Discloses Financial Info = 1 n (strictly-defined traits — all 0s or1s) 23 n (non-strictly-defined traits) 9 

Traits with Clear 0/1 Dichotomies (n=7) 

Exclusive to Disasters Includes Disasters Response and Recovery Recovery (Only) Low Revenue Mid Revenue Revenue > $10 Million n (traits expressing low within-group variation) 2 n (traits expressing high within-group variation) 0 Strictly-Defined Traits : Not Strictly-Defined Traits 2.56:1  
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The variable profile for Cluster 2.1.2 demonstrated marginal improvement over its parent cluster. The 
number of strictly-defined traits improved from 22 to 23. The strictly-defined trait ratio improved from 
2.20:1 to 2.56:1.  

Based on the preliminary assessment of the variables expressing within-group variation, I could 
have made a subsequent subdivision that would have dramatically improved this. Specifically, I could 
have separated Exclusive to Disasters and Includes Disasters organizations by adding a fourth tier to this 
branch of the taxonomy. I did not (I was stopping at the third tier for all branches). For another 
noteworthy point, only one of these five Descriptive Tags was Recovery (Only). All others were Response 
and Recovery organizations.  

 
9.2.2 Cluster 2.2 
 
 Cluster 2.2 had the faith-based charitable organizations that were not international. This cluster 
has seven Descriptive Tags (14.9% of all Descriptive Tags) and 92 organizations (13.9% of all 
organizations). Table 9–37 provides a list of all Descriptive Tags in Cluster 2.2, and Table 9–38 provides 
the variable profile. 
 

Table 9–37: Cluster 2.2 Composition 
Descriptive Tag n (Organizations) Adventist Community Services 13 Catholic Charities 19 FBO – Response and/or Recovery 14 FBO (Disasters Absent) 13 Habitat for Humanity 8 Religious Collective (Charitable) 19 St. Vincent de Paul 6  
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Table 9–38: Cluster 2.2 Variable Profile 

Positively-Defined Dominant Traits (n=3) Faith-Based = 1 FBO – Other = 1 Charitable = 1 n (strictly-defined traits — all 0s or1s) 10 n (non-strictly-defined traits) 22 
Traits with Clear 0/1 Dichotomies (n=2) 990 – Consolidated National Service Area n (traits expressing low within-group variation) 6 n (traits expressing high within-group variation) 14 Strictly-Defined Traits : Not Strictly-Defined Traits 0.45:1  

The variable profile for Cluster 2.2 demonstrated negligible improvement over its parent cluster. The 
number of strictly-defined traits improved from eight to ten. The strictly-defined trait ratio improved 
from 0.33:1 to 0.45:1.  
 This was the lowest ratio for all second tier subclusters. I already had an indicator for why the 
improvement was so minimal. As with Cluster 1.2, this subcluster had a very high proportion of unique 
data sources representing singleton (n=1) organizations or 990 – Independent organizations (i.e., 
independent websites for each organization). Most of these organizations were also identified as the 
“crossover” organizations between the polythetic and parsimonious results (as presented in Chapter 8). 
The third tier of subclusters was already preformed by the original clustering solution. I can therefore 
present the results for Clusters 2.2.1 and 2.2.2 without further discussion.  
 
9.2.2.1 Cluster 2.2.1 
 
 Cluster 2.2.1 had the faith-based charitable organizations with domestic (not international) 
service areas, and their mission statements made no mention of disasters. This cluster has five 
Descriptive Tags (10.6% of all Descriptive Tags) and 65 organizations (9.8% of all organizations). Table 9–
39 provides a list of all Descriptive Tags in Cluster 2.2.1. 
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Table 9–39: Cluster 2.2.1 Composition 
Descriptive Tag n (Organizations) Catholic Charities 19 FBO (Disasters Absent) 13 Habitat for Humanity 8 Religious Collective (Charitable) 19 St. Vincent de Paul 6  

Catholic Charities, Habitat for Humanity, and St. Vincent de Paul are independently-chaptered charitable 
organizations (i.e., separate sources of data). The tag “Religious Collective (Charitable)” refers to faith-
based collectives that could be specific to a religion/denomination or be interfaith. Examples include the 
Austin Disaster Relief Network, various Jewish Federations, or the Interfaith Hospitality Network. Most 
religious collectives were in Cluster 3 because they were religious  (not charitable) organizations. The tag 
“FBO (Disasters Absent)” includes charitable, faith-based organizations whose mission statements did 
not mention disasters. Examples include City Team, Jewish Family Services, and Islamic Relief USA. They 
were primarily singleton (n=1) organizations that were cobbled together on the basis of their shared 
trait for the Mission Statement construct. All of these Descriptive Tags were “crossover” organizations 
as presented in Chapter 8. Table 9–40 provides the variable profile for Cluster 2.2.1.  
 

Table 9–40: Cluster 2.2.1 Variable Profile 

Positively-Defined Dominant Traits (n=4) 
Faith-Based = 1 FBO – Other = 1 Charitable = 1 Disasters Absent = 1 n (strictly-defined traits — all 0s or1s) 15 n (non-strictly-defined traits) 17 Traits with Clear 0/1 Dichotomies (n=1) 990 – Independent n (traits expressing low within-group variation) 6 n (traits expressing high within-group variation) 10 Strictly-Defined Traits : Not Strictly-Defined Traits 0.88:1  
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The variable profile for Cluster 2.2.1 demonstrated negligible improvement over its parent cluster. The 
number of strictly-defined traits improved from ten to 15. The strictly-defined trait ratio improved from 
0.45:1 to 0.88:1.  

This was the most poorly-defined of all third tier subclusters. I attribute this to the high number 
of unique data sources contributing to this population. I could have subdivided it further on the basis of 
the trait 990 – Independent, but I stopped at the third tier. I will add one other bit of commentary.  

In the course of subdividing other clusters, three chaptered organizations wound up being 
separated into their own special subclusters (each with n=1) in the third tier: the United Way (n=21), the 
American Red Cross (n=28), and The Salvation Army (n=23). These organizations were very populous in 
the dataset, and they also played special roles in the population of VOAD member organizations. So 
does Catholic Charities (n=21). Like these other organizations, it is an “anchor member” for many 
VOADs, yet it was not distinguished as they were with its own subcluster at the third tier. Had I gone to a 
fourth tier, it is probable that Catholic Charities would have received a similar level of distinction.  
 
9.2.2.2 Cluster 2.2.2 
 
 Cluster 2.2.2 had the faith-based charitable organizations with domestic (not international) 
service areas, and their mission statements included or were exclusive to disasters. This cluster has two 
Descriptive Tags (4.3% of all Descriptive Tags) and 27 organizations (4.1% of all organizations). Table 9–
41 provides a list of all Descriptive Tags in Cluster 2.2.2. 
 

Table 9–41: Cluster 2.2.2 Composition 
Descriptive Tag n (Organizations) Adventist Community Services 13 FBO – Response and/or Recovery 14  
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Adventist Community Services is an organization with consolidated chapters (i.e., one source of data for 
all 13 occurrences). As such, it is unique among the organizations in Clusters 2.2 and 2.2.2. The tag “FBO 
– Response and/or Recovery” is comprised of 12 different organizations that were grouped together 
because of their shared characteristics. Examples include Luther Social Ministries of New Jersey, 
Lutheran Social Services of the Southwest, the Billy Graham Rapid Response Team, and A Future with 
Hope. Table 9–42 provides the variable profile for Cluster 2.2.2.  

 
Table 9–42: Cluster 2.2.2 Variable Profile 

Positively-Defined Dominant Traits (n=4) 
Faith-Based = 1 FBO – Other = 1 Charitable = 1 Specified Disaster Services = 1 n (strictly-defined traits — all 0s or1s) 18 n (non-strictly-defined traits) 14 

Traits with Clear 0/1 Dichotomies (n=3) 990 – Consolidated State-Sized or Multi-State National Service Area n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 11 Strictly-Defined Traits : Not Strictly-Defined Traits 1.29:1  
The variable profile for Cluster 2.2.2 demonstrated modest improvement over its parent cluster. The 
number of strictly-defined traits improved from ten to 18. The strictly-defined trait ratio improved from 
0.45:1 to 1.29:1.  
 This was a low ratio compared to other third-tier subclusters. I attribute this to the high number 
of unique data sources contributing to this population. I could have subdivided it further on the basis of 
the trait 990 – Consolidated but I stopped at the third tier.  
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clusters in terms of the strictly-defined trait ratio. Subdividing them did not produce a dramatic change 
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detailed comparison across all clusters and subclusters.
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9.3 Subdividing Cluster 3 
 
 Cluster 3 represented roughly one-fourth of the study population. It had 10 Descriptive Tags 
(21.3% of all tags) and 206 organizations (31.2% of the study population). It was comprised of religious 
(and thereby also faith-based) organizations. It had the best strictly-defined trait ratio for the first tier 
(0.60:1), meaning that it was also the most coherently-defined.  
 The population of Cluster 3 expressed clear 0/1 dichotomies on 13 of the 32 variables. This was 
an astoundingly high number in comparison to all other clusters and subclusters. An analysis of the 
distributions of these variables across the ten cases indicated that far fewer of them might play a 
meaningful role in subdividing this cluster. The subdivision Cluster 3 was very different from Clusters 1 
and 2 in a few important ways. Full methods and discussion are presented in Appendix H. To summarize 
that effort, I performed a directed split to separate congregations from collectives. This split created the 
most coherently-defined subclusters of all possible options. Table 9–43 presents the summary statistics 
for the second tier of Cluster 3. 
 

Table 9–43: Subdividing Cluster 3  
 Cluster 3.1 Cluster 3.2 FBO  - Congregation No Yes FBO – Collective Yes No n (Descriptive Tags) (% out of 10) 8 (80.0%) 2 (20.0%) n (Organizations) (% out of 206) 133 (64.6%) 73 (35.4%)  

One reason that this directed split was so effective was because of the disproportionately sized 
Descriptive Tags. Cluster 3.2 would not be further subdivided. Cluster 3.1 would be subdivided, but only 
after some significant adjustments.  
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9.3.1 Cluster 3.1 
 
 This cluster had eight Descriptive Tags (17.0% of all Descriptive Tags) and 133 organizations 
(20.2% of all organizations). The primary characteristic that distinguished Cluster 3.1 was that it had the 
religious organizations that were classified as collectives. To review, a collective can be based on a 
religion, a denomination, or be interfaith. Most of them represent geographically aggregated 
congregations. For example, a Catholic diocese is comprised of individual parishes and churches within a 
specific area. Some of them aggregate interfaith groups within a geographic area (e.g., the Washington 
County Chaplains Corps). Some of them are more specific to a religion or denomination and less tied to 
geography (e.g., Presbyterian Church USA). Some are purpose-driven (e.g., Mennonite Disaster 
Services). Also, remember that a small subset of collectives were in Cluster 2 because those were 
incorporated as charitable organizations. Table 9–44 provides a list of all Descriptive Tags in Cluster 3.1. 
 

Table 9–44: Cluster 3.1 Composition 
Descriptive Tag n (Organizations) Religious Collective (Disaster) 28 Religious Collective (No Disasters) 43 Church of the Brethren Disaster Ministries 8 FBO (990 Exempt) 9 Mennonite Disaster Services 11 Churches of Scientology Disaster Response 6 The Salvation Army 23 Tzu Chi 5  

“Religious Collective (Disaster)” has collectives which had mission statements that included or were 
exclusive to disasters. Some identified their disaster-orientation in their name (e.g., Presbyterian 
Disaster Assistance). Others did not (e.g., the Presbytery of Elizabeth). “Religious Collective (No 
Disasters)” did not mention disasters in their mission statements. Examples include the San Jose 
Presbytery and the Presbyterian Church USA.  
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I chose those four specific examples for a reason, and I could have done the same thing with 
other denominations. All were Presbyterian. Some indicated an orientation to disasters, and some did 
not. Would there be anything functionally different between the Presbytery of Elizabeth and the San 
Jose Presbytery? For that matter, where is the line drawn between Presbyterian Disaster Assistance and 
Presbyterian Church USA? Or among other closely affiliated groups? I originally created a Descriptive Tag 
for Church of the Brethren Disaster Ministries because there were multiple instances of this group in the 
sampled VOADs. Does that mean that a Church of the Brethren congregation does not have disaster 
ministries capabilities through close, organic ties to its local disaster ministries groups? These questions 
would persist throughout research effort, and they were not about the variables or the statistics.  

This was a large cluster, and the forthcoming analysis of variables provided the opportunity to  
sort these organizations even further. This, however, had to be balanced with whether or not I should 
distinguish among these organizations. Table 9–45 provides the variable profile for Cluster 3.1.  
 

Table 9–45: Cluster 3.1 Variable Profile 

Positively-Defined Dominant Traits (n=4) 
Faith-Based = 1 990 – Exempt = 1 FBO – Collective = 1 Specified Disaster Services = 1 n (strictly-defined traits — all 0s or1s) 16 n (non-strictly-defined traits) 16 

Traits with Clear 0/1 Dichotomies (n=10) 

Disasters Absent Includes Disasters Exclusive to Disasters Low Revenue Revenue > $10 Million Smaller than County-Sized Smaller than State-Sized International Service Area Serves a Specific Population Self-Discloses Financial Info n (traits expressing low within-group variation) 6 n (traits expressing high within-group variation) 0 Strictly-Defined Traits : Not Strictly-Defined Traits 1.00:1 
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The variable profile for Cluster 3.1 demonstrated modest improvement over its parent cluster. The 
number of strictly-defined traits improved from 12 to 16. The strictly-defined trait ratio improved from 
0.60:1 to 1.00:1.  

While ten variables had clear 0/1 dichotomies, six of them had extreme distributions that would 
add little value to the process (e.g., only one of the eight Descriptive Tags indicated an International 
Service Area). Note that three of the ten variables with clear 0/1 dichotomies combine to form the 
Mission Statement construct. This was a very strong indicator that I could use these variables (as a set) 
for subdividing the population. However, there were also other considerations that would play an 
important role in creating the third tier. Full methods and discussion regarding the effort to subdivide 
Cluster 3.1 are in Appendix H. Briefly, this required a minor degree of variable reassignment, and I also 
considered qualitative aspects. Table 9–46 provides the summary statistics for the subclusters.  
 

Table 9–46: Summary Statistics for Cluster 3.1’s Subordinate Clusters  
 Cluster 3.1.1 Cluster 3.1.2 Cluster 3.1.3  Non-Specific The Salvation Army Disaster-Themed n (Descriptive Tags) (% out of 8) 2 (25.0%) 1 (12.5%) 5 (62.5%) n (Organizations) (% out of 133) 58 (43.6%) 23 (17.3%) 52 (39.1%)  

The following subsections provide more information about the composition and variable profiles for 
these subclusters. Note that the variable analyses take into account modified Descriptive Tags defined 
and explicated in this section; five organizations were reassigned (per Appendix H). Both quantitative 
and qualitative considerations were used to create the third tier.  
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9.3.1.1 Cluster 3.1.1 
 
 Cluster 3.1.1 had religious collectives that were not defined by a focus or emphasis on disasters. 
This cluster had two Descriptive Tags (4.3% of all Descriptive Tags) and 58 organizations (8.8% of all 
organizations). Table 9–47 provides a list of the Descriptive Tags in Cluster 3.1.1.  
 

Table 9–47: Cluster 3.1.1 Composition 
Descriptive Tag n (Organizations) Collective (Non-Specific) 49 FBO (990 Exempt) 9  

In most cases, the religious collectives were geographically-based (e.g., conventions, synods, dioceses, 
etc.) and were comprised of individual congregations. See Appendix H for discussion and examples. 
These organizations did not generally emphasize disasters (e.g., in terms of their mission statements or 
organizational names), but most of them provided a range of disaster programs, services, and activities. 
Table 9–48 provides the variable profile for Cluster 3.1.1.  

 
Table 9–48: Cluster 3.1.1 Variable Profile 

Positively-Defined Dominant Traits (n=7) 

Faith-Based = 1 FBO Collective = 1 990 – Exempt = 1 Disasters Absent = 1 Specified Disaster Services = 1 Mid Revenue = 1 Revenue > $10 Million = 1 n (strictly-defined traits — all 0s or1s) 27 n (non-strictly-defined traits) 5 Traits with Clear 0/1 Dichotomies (n=0) NONE n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 5 Strictly-Defined Traits : Not Strictly-Defined Traits 5.40:1  
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The Cluster 3.1.1 profile had significant improvement over its parent cluster. The number of strictly-
defined traits improved from 16 to 27. The strictly-defined trait ratio improved from 1.00:1 to 5.40:1.  

This particular split succeeded in making the subcluster much more tightly-defined than the 
parent cluster. Remember that continuous revenue values were imputed for collectives that did not self-
disclose their revenue, and these organizations were assigned to the Mid Revenue range.  
 
9.3.1.2 Cluster 3.1.2 
 
 Cluster 3.1.2 had The Salvation Army, which accounted for one Descriptive Tags (2.1% of all 
Descriptive Tags) and 23 organizations (3.5% of all organizations). The Salvation Army warrants its own 
subcluster because of its idiosyncratic nature. It is an extremely well-funded organization that is quite 
literally a church, but it is often perceived of by the public as a charitable social services organization 
because of its structure, scale, and activities. It is an “anchor member” of many VOADs, and it has robust 
disaster services activities, but these are not identified in the organization’s mission statement.  
 The Salvation Army had a perfect strictly-defined trait ratio (32 divided by zero, or infinity). Its 
data sources were highly correlated, and differences on any variables yielded to dominant adjusted 
traits. I directed that the Service Area would be National on the basis of how The Salvation Army 
organizes and responds to disasters (i.e., not on the specified Service Area for any particular Salvation 
Army unit), just as I had done with the American Red Cross. Also, I will once again point out that The 
Salvation Army self-discloses aggregated nationwide revenue even though it is not required to do so by 
the IRS. If the revenue of the independently-chaptered charitable organizations Catholic Charities and 
the United Way were aggregated, then they would be on the same level as The Salvation Army (and the 
American Red Cross). As a reminder, The Salvation Army was a crossover organization (per Chapter 8). 
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9.3.1.3 Cluster 3.1.3 
 
 Cluster 3.1.3 had collectives that placed an emphasis on disasters through the mission 
statements and/or name. It had five Descriptive Tags (10.6% of all Descriptive Tags) and 52 organizations 
(7.9% of all organizations). Over half of them were crossover organizations identified in Chapter 8. Table 
9–49 provides a list of the Descriptive Tags. Table 9–50 provides the variable profile for Cluster 3.1.3. 
 

Table 9–49: Cluster 3.1.3 Composition 
Descriptive Tag n (Organizations) Church of the Brethren Disaster Ministries 8 Churches of Scientology Disaster Response 6 Collective (Disaster-Themed) 22 Mennonite Disaster Services 11 Tzu Chi 5  

Table 9–50: Cluster 3.1.3 Variable Profile 

Positively-Defined Dominant Traits (n=4) 
Faith-Based = 1 FBO Collective = 1 990 – Exempt = 1 Specified Disaster Services = 1 n (strictly-defined traits — all 0s or1s) 18 n (non-strictly-defined traits) 14 

Traits with Clear 0/1 Dichotomies (n=11) 

Includes Disasters Exclusive to Disasters Response and Recovery Recovery (Only) Low Revenue Revenue > $10 Million Smaller than County-Sized Smaller than State-Sized National Service Area International Service Area Self-Discloses Financial Info n (traits expressing low within-group variation) 3 n (traits expressing high within-group variation) 0 Strictly-Defined Traits : Not Strictly-Defined Traits 1.29:1  
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The profile for Cluster 3.1.3 demonstrated little improvement over its parent. The number of strictly-
defined traits improved from 16 to 18. The strictly-defined trait ratio improved from 1.00:1 to 1.29:1.  

Had I created a fourth tier by separating Includes Disasters and Exclusive to Disasters 
organizations, the ratio would have improved further. However, I stopped at the third tier. Remember 
that continuous revenue values were imputed for collectives that did not self-disclose their revenue, 
and these organizations were assigned to the Mid Revenue range. 
 
9.3.2 Cluster 3.2 
 
 Cluster 3.2 had congregations, which were primarily defined as brick-and-mortar houses of 
worship that generally had congregants from a small geographic area. This cluster had two Descriptive 
Tags (4.3% of all Descriptive Tags) and 73 organizations (11.1% of all organizations).  

The Latter Day Saints were the only religion/denomination to have their congregations 
distinguished by a separate Descriptive Tag. This was largely because I was unable to identify whether or 
not the Mormon groups listed as VOAD members were best described as collectives or congregations. 
Mormons use geographic designators like stake, ward, and branch, and these terms were not used to 
identify their organizations. In contrast, it was easier to distinguish between collectives and 
congregations for other religious groups (e.g., a Methodist church compared to a Methodist 
convention). On this structural/operational basis, it is therefore unclear whether the Latter Day Saints 
organizations belong in Cluster 3.1 or 3.2.  I placed them in Cluster 3.2 for qualitative reasons. It is not 
my goal or intention to single out any particular religious groups based on their disaster activities or 
VOAD representation. To allow for different denominations to be compared on the basis of “which 
church does more to help people after disasters” would frankly be absurd. While difficult, I ultimately 
decided to keep the Latter Day Saints separated into their own Descriptive Tag. This idea can be 
examined later. Table 9–51 provides the variable profile for Cluster 3.2.   
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Table 9–51: Cluster 3.2 Variable Profile 

Positively-Defined Dominant Traits (n=6) 
Faith-Based = 1 990 – Exempt = 1 FBO – Congregation = 1 Disasters Absent = 1 Smaller than County-Sized Smaller than State-Sized n (strictly-defined traits — all 0s or1s) 26 n (non-strictly-defined traits) 6 

Traits with Clear 0/1 Dichotomies (n=6) 
Low Revenue Mid Revenue Revenue > $10 Million Response and Recovery No Response or Recovery Specified Disaster Activities n (traits expressing low within-group variation) 0 n (traits expressing high within-group variation) 0 Strictly-Defined Traits : Not Strictly-Defined Traits 4.33:1  

The Cluster 3.2 profile was substantially improved over its parent cluster. The number of strictly-defined 
traits improved from 12 to 26. The strictly-defined trait ratio improved from 0.60:1 to 4.33:1.  

While not calculated, I suspect that all 32 variables would express uniform adjusted dominant 
traits of 1s or 0s if the Latter Day Saints had been merged with the other 60 congregations. I say that 
because of the extreme difference in the n-values (n=60 and n=13). Cluster 3.2 was the only second tier 
subcluster that was not subsequently divided into a third tier.  
 
9.3.3 Discussion and Summary for Cluster 3 
 
 Cluster 3 had about one-fourth the size of the study population, and it had the most coherently-
defined variable profile of all first tier clusters. Interestingly, this cluster also had a high number of 
unique, independent data sources (i.e., each church had its own website). I can therefore conclude that 
religious organizations are therefore more similar to each other than charitable organizations are. 
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for Descriptive Tags and organizations, and the strictly-defined trait ratios).  

Figure 9E: Branch 3 Subcluster Results 

 
bserve that as the clusters become smaller, the strictly-defined trait ratios increase. Howe

so unevenly. The degree to which a cluster’s coherence has improved is a relative consideration based 
on the change in the ratio from the parent cluster to the subordinate cluster.  

gations from collectives. Cluster 3.1 
(the collectives) was subdivided on a combination of quantitative and qualitative considerations. In 
particular, I separated collectives that had a clear, unmistakable reference to disasters in the 

and/or mission statement from other collectives, and I also separated The Salvation 
Army into its own subcluster (n=1) due to its idiosyncrasies. Cluster 3.2 (the congregations) would not be 

archy with key statistics (the n-values 
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so unevenly. The degree to which a cluster’s coherence has improved is a relative consideration based 

  



272  

9.4 Discussion and Summary for Parsimonious Clustering Results 
 

Combined, ten parsimonious clustering efforts created a set of 26 clusters and subclusters 
organized as three taxonomic branches down to the third tier of classification. This is the final taxonomic 
structure that will be further analyzed in Chapter 10. This chapter was about fragmenting the population 
into smaller groups. The next chapter is about assessing and comparing those groups.  
 It is important to refresh the decision making process used for subdividing clusters. I could have 
continued subdividing some branches of the taxonomy down to fourth or fifth tiers. Furthermore, as in 
the case of Cluster 1.2, some subcluster populations seemed resistant further quantitative subdivision. It 
may therefore make sense (with additional analysis) to re-aggregate some of these subclusters.  

Two questions drove the process for subdividing the population. Can I subdivide this cluster? 
This was primarily a function of the trait distributions. Had I solely used this consideration, then every 
branch would have a different length, and many would end in a subcluster with n=1.  

The second question had two main considerations. Should I subdivide this cluster? First, the 
cluster size provided an indication as to whether or not I should proceed. Second, I had to consider the 
composition. In other words, does it make sense for these organizations to be grouped together?  

The subclusters are only useful to the degree that they can provide explanatory power and 
meaning-in-context. Thus, both questions need to be considered. The process, while not yet complete, is 
already far beyond our collective understanding of this organizational population.  

Follow-on analyses will refine the taxonomic structure. As part of that, all subpopulations will 
need to be assessed more rigorously. I will start with a side-by-side comparison of the subgroup 
composition in Table 9–52. 
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Table 9–52: Composition of Parsimonious Clusters 
 Cluster 1 Charitable, Non-Faith-Based 
 

Cluster 2 Charitable, Faith-Based Cluster 3 Religious 
 Cluster 1.1 
 (Low Revenue) 

 Cluster 1.2 
 (Specialized Functions) 
 

 Cluster 1.3 
 (National/ International) 

 Cluster 2.1 
 (International) 

 Cluster 2.2 
 (Domestic) 

 Cluster 3.1 
 (Collectives) 

 Cluster 3.2 
 (Congregations) 

1.1.1 
 - CERT/MRC - Fraternal/Scout - Amateur Radio 

1.2.1 
 - Health Svcs - Legal Svcs - Foundations 

1.3.1 
 - American Red   Cross 

2.1.1 
 - Church World Service - FBO – Intl (No Disasters) 

2.2.1 
 - Catholic Charities - FBO (No Disasters) - Habitat for Humanity - Collective (Charitable) - St. Vincent de Paul 

3.1.1 
 - Collective (Non- Specific) - FBO (990 Exempt) 

- Congregations - Latter Day    Saints 
 (no subclusters) 

1.1.2 
 - Animal Svcs - Disaster CBOs 

1.2.2 
 - Volunteer Svcs - Academic 

1.3.2 
 - Team Rubicon - International 

2.1.2 
 - FBO – Intl (Disaster) - Nazarene Disaster Resp. - Samaritan’s Purse - UMCOR - World Renew 

2.2.2 
 - Adventist Comm. Svcs - FBO – Response/   Recovery 

3.1.2 
 - Salvation Army 

 

 1.2.3 
 - Aging Svcs - Child Svcs - Disability Svcs - Housing Svcs - Local CBOs 

   3.1.3 
 - Church of the Brethren  - Scientology Disaster Min. - Collective  (Disasters) - Mennonite Disaster Svcs. - Tzu Chi (Disaster-Focused Arms) 

 

 1.2.4 
 - Call Centers - Food Banks - Mental Health - Other 

     

 1.2.5 
 - United Way 
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 Table 9–52 establishes the final taxonomic structure. Upon reflection, there is room to improve 
or modify this structure that will not be accomplished within the context of the dissertation. Thus, the 
taxonomy can still be refined based on a variety of considerations, but I will briefly review key themes.  

First, the categories are based on adjusted dominant traits, and they should be compared to the 
raw (unadjusted) trait distributions for all subpopulations. Second, the subclusters should be evaluated 
with consideration to the “crossover” organizations. Third, there is an opportunity to keep some cluster 
populations joined at the level of the second tier (without subdividing them).  

While the depicted structure is quantitatively supported, qualitative considerations suggest that 
some categories make more sense by keeping them aggregated. The questions that guided the process 
provide an opportunity to refine the taxonomy. It all comes down to assessing the degree to which each 
resulting subpopulation “makes sense”. Further analysis and examples are provided in Chapter 10.  
 This goes back to a fundamental issue that has not truly been solved. How many clusters is the 
“right” number? I have the quantitative means to (theoretically) create up to 47 small clusters (each 
with n=1). The solution above reflects seven second tier clusters and 16 third tier clusters.  
 When considering the “right” number of clusters, I will return to one of the creative sparks for 
this research. One application is to classify organizations according to something akin to “personality”, 
modeled after the Myers-Briggs Type Indicator (MBTI) and Kiersey Temperament Sorter (KTS).  

Kiersey established four main categories. Each was divided into two subcategories (based on 
roles). Those subcategories were then split into two opposing types. See Figure 9F for all 16 groups. 
Myers and Briggs used a set of four opposing traits (dichotomies) to create 16 personality types. See 
Figure 9G. While unrelated to this field, a great deal of literature has been devoted to identifying links 
between these two personality taxonomies (additional details and links to related research are available 
at the MBTI website, www.myersbriggs.org, and the KTS website, www.kiersey.com).  
  



 

Figure 9F: Kiersey Temperament Sorter Classifications with Corresponding 

Image Source: http://alfa
 

Figure 9G: Myers-Briggs Type Indicator Classifications with Best

Image Source: http://www.businessinsider.com/best275 

Figure 9F: Kiersey Temperament Sorter Classifications with Corresponding MBTI Types
 

http://alfa-img.com/show/keirsey-temperament-test.html 
 

Briggs Type Indicator Classifications with Best-Suited Roles and Functions)
 

 http://www.businessinsider.com/best-jobs-for-every-personality-2014

MBTI Types 

 

Suited Roles and Functions) 
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As indicated by Figure 9G, there are implicit connections between personality types and roles. 
By analogy, there may also be connections between an organization’s structural/operational traits and 
their functions. However, it may only work in one direction. In other words, you can potentially use 
traits to identify the best-suited functions for any given “personality type”, but you may not be able to 
infer personality type (i.e., structural/operational trait combinations) based on function. This may reveal 
yet another problem inherent in efforts to classify organizations based on functional characteristics. It 
also reveals yet another potential application of this taxonomy.  

Until the organizational taxonomy detailed throughout this chapter has been refined to the 
point where it can be expressed using a similar framework (as presented by the figures), it will remain a 
work in progress. Chapter 10 will move that effort forward in two important ways. It will identify and 
assess the adjusted dominant traits for the vertical “branches” of the taxonomy (Clusters 1, 2, and 3). 
Second, it will identify and assess the way that specific subclusters in different branches have 
interrelated or shared traits. Of particular interest will be the degree to which the presence of these 
shared or “cross-cutting” traits relate to the crossover organizations identified in Chapter 8 (i.e., the 
organizations that switched clusters based on polythetic versus parsimonious classification).  
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10.0 Detailed Variable Assessment of the Parsimonious Clustering Results  
 
 This chapter analyzes the parsimonious clustering results across all tiers and branches. In doing 
so, it will also ultimately answer research question C. Specifically, what are the best traits/dimensions, 
as validated by quantitative analysis, for classifying community organizations active in disasters?   

Combined, there were a total of 26 clusters and subclusters. The composition of clusters is 
irrelevant to these analyses, but relevant examples are used where helpful. The chapter concludes with 
an assessment of the most influential variables used to define the clusters across the entire taxonomy.  
 As a brief review, clusters were subdivided based on two considerations. Can it be subdivided? 
This was a function of its trait distribution. Should it be subdivided? In addition to traits, this question 
considered the cluster’s size and composition (both of which could be quantified), but there were also 
qualitative considerations (e.g., does it make sense for these organizations to be grouped together?).  

I also considered symmetry. Some of my third tier subclusters could have been further 
subdivided based on their variable distributions, but I wanted a final hierarchical structure that would be 
balanced. Only Cluster 3.2 would be left intact without creating a third tier beneath it.  
 Clusters are defined and distinguished by measured traits and nothing else. The number of 
organizations in any given cluster is irrelevant with regard to classification. Thus, if the taxonomy is 
applied to organizations outside the study population, the only relevant topic is the degree to which 
those organizations have measured traits congruent with their corresponding Descriptive Tag trait 
profiles. Thus, the taxonomy is valid regardless of the degree to which the distribution of organizations 
from the 28 sampled VOADs reflects the distribution of organizations in the universe of VOADs. 
 This chapter furthers analyze the taxonomy’s components, emphasizing the positively-defined 
traits. It will also provide a comparative assessment of the second and third tier clusters.  
  



 

10.1 Assessing Changes in Strictly Defined Trait Ratios
 
 This section summarizes descriptive content in Appendix
ideas prior to the variable analysis. First, the seven subclusters in the second tier of the taxonomy were, 
on average, 3.15 times more coherently
some subclusters exhibited significantly improve
other words, the degree of improvement in subcluster coherence was not distributed evenly. 
 There were sixteen subclusters in the third tier that were created from six of the second tier 
subclusters (only Cluster 3.2 was not subdivided to form a third level of classification). On average, the 
third tier subclusters were 2.14 times more coherently
However, the same phenomenon described above was evident: the distri
uneven. Some subclusters were much more coherent than their parent clusters, but others 
demonstrated little improvement. Appendix 
10A conveys this concept (it is not ba
 

Figure 10A: Conceptual Depiction Comparing Most
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10.1 Assessing Changes in Strictly Defined Trait Ratios 

This section summarizes descriptive content in Appendix I, but it is necessary to convey these
s prior to the variable analysis. First, the seven subclusters in the second tier of the taxonomy were, 

on average, 3.15 times more coherently-defined than the first tier clusters. However, I calculated that 
some subclusters exhibited significantly improved ratios; others exhibited marginal improvement. In 
other words, the degree of improvement in subcluster coherence was not distributed evenly. 

There were sixteen subclusters in the third tier that were created from six of the second tier 
y Cluster 3.2 was not subdivided to form a third level of classification). On average, the 

third tier subclusters were 2.14 times more coherently-defined than the second tier subclusters. 
However, the same phenomenon described above was evident: the distribution of improvement was 
uneven. Some subclusters were much more coherent than their parent clusters, but others 

Appendix I provides data and analyses to support these results. Figure 
10A conveys this concept (it is not based on actual values, but it illustrates the process that is occurring). 

Figure 10A: Conceptual Depiction Comparing Most-Improved and Least-Improved Subclusters

, but it is necessary to convey these 
s prior to the variable analysis. First, the seven subclusters in the second tier of the taxonomy were, 

defined than the first tier clusters. However, I calculated that 
d ratios; others exhibited marginal improvement. In 

other words, the degree of improvement in subcluster coherence was not distributed evenly.  
There were sixteen subclusters in the third tier that were created from six of the second tier 

y Cluster 3.2 was not subdivided to form a third level of classification). On average, the 
defined than the second tier subclusters. 

bution of improvement was 
uneven. Some subclusters were much more coherent than their parent clusters, but others 

provides data and analyses to support these results. Figure 
sed on actual values, but it illustrates the process that is occurring).  

Improved Subclusters 
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While simplified, Figure 10A illustrates that the re-clustering process removes Subcluster X, which is the 
more tightly-defined portion of the parent cluster’s population. “Tightly-defined” is conveyed by the 
distances among the objects. Once Subcluster X has been separated, the population of Subcluster Y then 
reflects less improvement in terms of its trait coherence (it is improved, but only by a very small degree).  

One likely explanation for this was offered in Chapter 7. Certain variables clung together. For 
example, if a Descriptive Tag has the trait “FBO – Congregation = 1”, then (by definition) it also has the 
same value for “990 – Exempt” and “Faith-Based”. That is three perfectly-correlated traits that cling 
together, along with corresponding values of “0” for the variables “FBO – Collective”, “FBO – Other”, 
“Not Faith-Based”, etc. These patterns and correlations exist throughout all subclusters, and there is 
great promise to further analyze these relationships with follow-on research. It is important to identify 
this concept now, though, for the forthcoming analyses of variable influence by branch and by tier.  
 
10.2 Positively-Defined Variable Analysis (by Branches) 
 
 It has been well-established that the traits “Charitable” and “Faith-Based” created the three-
cluster solution for Tier 1, and these results were also consistent with the polythetic models and all 
preliminary analyses. This section will go beyond that and identify which domains, constructs, and 
variables were responsible for forming successive subclusters.  

Table 10–1 repeats the first tier’s positively-defined traits, and then I examine each main branch 
separately due to space limitations. Remember that I am focusing exclusively on positively-defined traits 
(=1), not all strictly-defined traits (1s or 0s). Furthermore, the positively-defined traits were not the 
same as those used in the clustering models.  
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Table 10–1: Positively-Defined Traits for Tier 1 Clusters 
Cluster 1 n=23 Cluster 2 n=14 Cluster 3 n=10 

Charitable Charitable Faith-Based 
Not Faith-Based FBO - Other 990 – Exempt 

 Faith-Based   
As each new tier is formed beneath the first one, these traits are carried forward. In other words, the 
traits are passed along to the offspring. As such, the list of positively-defined traits only grows longer 
when new tiers are added. This will be fully-accounted for at the end of the variable analysis. Table 10–2 
presents the positively-defined traits for Cluster 1.  
 

Table 10–2: Positively-Defined Traits for Branch One (Cluster 1) 

 Cluster 1.1 n=5 1.46:1 
Cluster 1.2 n=15 0.60:1 

Cluster 1.3 n=3 1.91:1 
Charitable X (First Tier Trait) 

Not Faith-Based X (First Tier Trait) 
Very Low Revenue X (2nd Tier Trait)        

Response/Recovery        X (2nd Tier Trait) 
Specified Disaster Svcs  X      X (2nd Tier Trait) 

Self-Discloses Financial Info       X X (2nd Tier Trait) 
990 – No Chapters   X X X X    
990 – Independent X      X   
990 – Consolidated        X  

Chaptered X      X X  
Disasters Absent     X  X   

Exclusive to Disasters        X  
High Revenue        X  

Revenue > $10 Million        X  
County-Sized   X    X   
< State-Sized   X    X   

National        X  
International         X 

Serves a Specific Population        X  
Subcluster 1.1.1 n=3 1.1.2 n=2 1.2.1 n=3 1.2.2 n=2 1.2.3 n=5 1.2.4 n=4 1.2.5 n=1 1.3.1 n=1 1.3.2 n=2 

Positive Traits (=1) 5 4 5 3 4 3 8 12 6 
Ratio (1s and 0s) 3.00:1 2.56:1 3.00:1 1.67:1 1.91:1 1.46:1 5.40:1 32:0 2.56:1 
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 The variables in the top rows, Charitable and Not Faith-Based, are boxed because they were 
passed down to all subclusters from the first tier parent cluster. The variable in the next row, Very Low 
Revenue, is boxed because it positively-defines Cluster 1.1 at the second tier and its subclusters. Overall, 
Cluster 1.1 only added one additional positively-defined trait beyond the two inherited from Cluster 1.  

Cluster 1.2 added no additional positively-defined traits beyond the two used to define Cluster 
1. Recall from Section 9.1.2 that this was the largest of all second tier subclusters, it was the most 
difficult to create (quantitatively), and it was the least well-defined (and the least improved).  
 Cluster 1.3 added three additional positively-defined traits beyond the two used to define the 
first tier. These were Response and Recovery, Specified Disaster Services, and Self-Discloses Financial 
Info. They are also boxed for easy identification. This subcluster is comprised of the “crossover” 
organizations that had been assigned to Cluster 2 in the polythetic results.  
 All other cells indicating a positively-defined trait correspond to third tier traits for only those 
subclusters.  The range of additional positively-defined traits across the third tier of this first branch was 
1 to 8. Some of these traits are clearly correlated. For example, Cluster 1.2.1 has both “County or Multi-
County” and “Smaller than State-Sized”. It is impossible to have the former trait without having the 
latter, as well. Thus, this artificially inflates the strictly-defined trait ratio (as discussed in Section 10.3). 
Also, note that the trait “990 – No Chapters” applies to four of the five subclusters beneath Cluster 1.2 
(with the United Way being the “meatball” of the group). 

There is a self-evident relationship between having more positively-defined traits and having a 
higher strictly-defined trait ratio (this will not be further quantified in this dissertation). After presenting 
the corresponding table for all three branches of the taxonomy, a comprehensive assessment of the 
positively-defined traits (according to both individual variables and variable constructs) will be 
conducted. I will now move on to the second branch of the taxonomy with Table 10–3.  
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Table 10–3: Positively-Defined Traits for Branch Two (Cluster 2) 

 Cluster 2.1 n=7 2.20:1 
Cluster 2.2 n=7 0.45:1 

Charitable X (First Tier Trait) 
FBO – Other X (First Tier Trait) 
Faith-Based X (First Tier Trait) 

990 – Consolidated X (2nd Tier Trait)   
Chaptered X (2nd Tier Trait)   

Specified Disaster Services X (2nd Tier Trait)  X 
International X (2nd Tier Trait)   

Self-Discloses Financial Info X (2nd Tier Trait)   
Disasters Absent X  X  

Response and Recovery X    
Revenue > $10 Million X    

Serves a Specific Population X    
Subcluster 2.1.1 n=2 2.1.2 n=5 2.2.1 n=5 2.2.2 n=2 

Positive Traits (=1) 12 8 4 4 
Ratio (1s and 0s) 15.00:1 2.56:1 0.88:1 1.29:1 

 
These results were very surprising (and therefore also interesting). First, note that Cluster 2.1 

adds five new positively-defined traits to the three that were inherited from Cluster 2, yet Cluster 2.2 
adds none. Two variables were used to create this tier: International Service Area and Disasters Absent. 
The fact that four additional positively-defined traits joined International Service Area when Cluster 2.1 
was formed means that within the subpopulation of Cluster 2 (n=14), there were additional correlations 
that were revealed by the clustering solution.  
 Here is another way of looking at it. Cluster 2.1 represents the more cohesive subset of Cluster 
2’s population, and from Cluster 2.1, Cluster 2.1.1 was even more cohesive (this was also the smallest of 
the subclusters). Cluster 2.1.2 was effectively defined (in a general sense) as not having the traits which 
had positively characterized Cluster 2.1.1. There is also another clue. As predominately 990 – 
Consolidated Organizations, the Descriptive Tags and organizations in Cluster 2.1 were drawn from a 
smaller set of data sources (e.g., Samaritan’s Purse has n=5).  
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 In contrast, Cluster 2.2’s population was overwhelmingly comprised of 990 – No Chapters and 
990 – Independent Chapters organizations. That means a higher proportion of separate data sources. It 
therefore makes sense that these clusters would ultimately be less coherent (but the degree to which 
they are less coherent was surprising). Each of Cluster 2.2’s offspring added only one additional 
positively-defined trait beyond the three used to define Cluster 2. Cluster 2.2.1 had the “Disasters 
Absent” organizations. Cluster 2.2.2 had the “Specified Disaster Services” organizations (and, implicitly, 
both the “Includes Disasters” and “Exclusive to Disasters” organizations). This subcluster is largely 
comprised of the “crossover” organizations that had been assigned to Cluster 1 in the polythetic results. 
Table 10–4 presents the positively-defined variable analysis for Cluster 3’s subordinate clusters. 
 

Table 10–4: Positively-Defined Traits for Branch Three (Cluster 3) 

 Cluster 3.1 n=8 1.00:1 
Cluster 3.2 n=2 4.33:1 

Faith-Based X (First Tier Trait) 
990 – Exempt X (First Tier Trait) 

FBO – Collective X (2nd Tier Trait)  
Specified Disaster Services X (2nd Tier Trait)  

FBO – Congregation    X (2nd Tier Trait) 
Disasters Absent X X  X (2nd Tier Trait) 

Smaller than County-Sized    X (2nd Tier Trait) 
Smaller than State-Sized    X (2nd Tier Trait) 
Revenue > $10 Million X X   

Mid Revenue X    
High Revenue  X   

Response and Recovery  X   
National Service Area  X   

Serves a Specific Population  X   
Self-Discloses Financial Info  X   

Subcluster 3.1.1 n=2 3.1.2 n=1 3.1.3 n=5 n/a 
Positive Traits (=1) 7 11 4 6 
Ratio (1s and 0s) 5.40:1 32:0 (∞) 1.29:1 4.33:1 
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 Separating collectives (Cluster 3.1) from congregations (Cluster 3.2) produced the most 
coherently-defined subsets from Cluster 3 (this approach was presented in Chapter 7). This was 
supported by the preliminary models to subdivide Cluster 3. I will address Cluster 3.2 first.  
 There were 73 “FBO – Congregation” organizations divided across two Descriptive Tags. I 
already addressed the topic regarding whether or not the Latter Day Saints should have been separated 
into their own tag. Cluster 3.2 added four positively-defined traits to the two used to define Cluster 3. 
Based on both quantitative and qualitative considerations, Cluster 3.2 was not further subdivided. 
 Cluster 3.1 was an entirely different story. It was positively defined by two additional traits 
beyond those used to define Cluster 3 (FBO – Collective and Specified Disaster Services). This means that 
all of the Descriptive Tags and organizations in Cluster 3.1 had the (adjusted) dominant trait Specified 
Disaster Services. When looking at how the third tier subclusters were subdivided, this will be important. 

Cluster 3.1.1 had the “ordinary” or otherwise non-specific religious collectives. This subcluster 
included entities such as dioceses, conventions, presbyteries, synods, etc. Three additional positively-
defined traits helped define Cluster 3.1.1, but all of them had the dominant (adjusted) trait Specified 
Disaster Services even though disasters were not included in their organizational mission statements.  

Cluster 3.1.3 had the disaster-focused religious collectives. This subcluster added no additional 
positively-defined traits (thus making it the least well-defined). The real question is whether or not this 
split was meaningful. If all of the Cluster 3.1.1 and 3.1.3 organizations offer Specified Disaster Services (a 
functional consideration), then what importance does the organization’s name have?  

More important, however, to what degree (if any) are “ordinary” collectives truly separate from 
their disaster-focused counterparts (e.g., how prevalent are Lutheran Disaster Response resources and 
capabilities among Lutheran synods?). Are they truly distinct, or are they intertwined? Do their 
capacities vary? These questions, a product of the quantitative methods, highlight one of the many 
interesting opportunities to apply this taxonomy for follow-on research questions and topics.  
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 Cluster 3.1.2 was created by a directed split rather than the result of quantitative analysis. It was 
carved out of Cluster 3.1.1’s population. It added seven new positively-defined traits (beyond the four 
that it had inherited from the upper tiers), and it was perfectly defined by a strictly-defined trait ratio of 
32:0. I created this subcluster because of my considered, qualitative opinion that The Salvation Army is 
different from its closest cousins on too many dimensions (as previously discussed). Without repeating 
that entire argument, I will address the implications with regard to the variable analysis. 
 First, The Salvation Army’s 23 occurrences within Cluster 3.1 made it the “meatball” of the 
group (as with the United Way being the standout in Cluster 1.2). Second, it possesses characteristics 
that set it apart from all other organizations in Cluster 3. Third, it is one of the highly-prevalent “anchor 
members” found throughout the entire population of VOADs.  

However, these ideas must also be balanced against the reality that The Salvation Army is, in 
fact, a church. In other words, I have effectively identified and segregated one denomination from all 
others. Here is what I mean. Suppose that I were to combine all of the following organizations into their 
own Descriptive Tag: all Baptist churches, all Baptist conventions, all Baptist disaster relief organizations, 
and all other Baptist faith-based organizations (not otherwise specified). When aggregated, they would 
at least equal (if not exceed) The Salvation Army.  

However, they are not aggregated. They are incorporated and organized with different 
structural/operational considerations, and The Salvation Army is different from its counterpart 
organizations. I will provide a related example. When discussing revenue, I had noted that if aggregated, 
the combined revenue of all United Way chapters would exceed the revenue of the American Red Cross. 
However, they are not aggregated, either. These distinctions were very important.  
 I will add one other point. Most of the Descriptive Tags in Clusters 3.1.2 and 3.1.3 were the 
“crossover” organizations that were assigned to Cluster 2 in the polythetic results. In that sense, The 
Salvation Army had more in common with Cluster 3.1.3 than Cluster 3.1.1. This observation further 
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underscores that The Salvation Army was distinct from the organizations in Cluster 3.1.1. Having 
presented the positively-defined traits for all branches and tiers of the taxonomy, I will now move on to 
a comparative analysis of the positively-defined traits across all clusters and subclusters. 
 
10.3 Positively-Defined Variable Analysis (by Tiers) 
 
 This section will quantify and compare the positively-defining variables in several ways. First, I 
will analyze the variables on the basis of both individual binary variables as well as the aggregated, 
multi-category variable constructs. I will also analyze them according to the question domains (i.e., 
structural/operational, functional, and financial/resource).  

My analyses will be based on simple, un-weighted variable counts (i.e., each instance in which a 
positively-defined trait appears will have a value of “1” for any given cluster or subcluster). In other 
words, the contributions of variables do not account for the sizes of the resulting clusters. However, I 
will distinguish between variables by each tier, and the idea of weighting is definitely intertwined with 
the tiered effect because of the manner in which traits are passed along to subordinate clusters.  
 As a reminder, the variables which positively define any given subcluster are not the same as the 
variables used to create that subcluster. In all prior sections, I presented the model-building process 
used to create subordinate clusters. I am now focusing on the traits which define those clusters, not the 
traits used to create them. For example, Cluster 3 was created using two variables: Charitable and Faith-
Based. However, Cluster 3 is positively-defined by two variables: Faith-Based and 990 – Exempt. It had a 
value of “0” for the variable Charitable, so that variable does not define Cluster 3.  
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10.3.1 Tier 1 Variable Analysis 
 
A total of five different variables defined the first tier clusters, as presented in Table 10–5.  
 Table 10–5: First Tier Positively-Defined Traits (All Structural/Operational)  

Construct Variable Count Cluster 1 Cluster 2 Cluster 3 
Faith 

Faith-Based 2  X X 
Not Faith-Based 1 X   

FBO – Other 1  X  
990 Filing Status Charitable 2 X X  

990 – Exempt 1   X 
  7 2 3 2 

 
 In this configuration, I am explicitly adding the variable “Charitable” to the 990 Filing Status 
construct even though it was not originally part of that construct. Specifically, it was independently 
collected as a dichotomous question, but it also represented an alternative dichotomization of the 
construct as presented in Section 4.8. I do the same thing with “Faith-Based” and “Not Faith-Based”. Not 
Faith-Based was one of the four categories of the Faith construct. Faith-Based was originally a separate 
dichotomous variable that was also an alternative dichotomization of that four-category construct. I am 
now aggregating these interrelated variables (to include the variable “Chaptered”).  
 So, five variables were used to define the first tier. All five were structural/operational. Three of 
the variables were part of the expanded Faith construct. Two of the variables were part of the expanded 
990 Filing Status construct. Based on the counts for each binary variable, the Faith construct was used 
four times, and the 990 Filing Status construct was used three times.  
 While the first tier required the interaction of these constructs and variables, I can conclude 
from these counts that Faith construct was more influential (4 out of 7) for influencing this tier. 
However, remember that Faith-Based and Not Faith-Based were also perfectly correlated. The 
subordinate tiers will be analyzed the same way. 
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10.3.2 Tier 2 Variable Analysis 
 
Tier 2 had seven clusters. Table 10–6 provides detailed information for its variables. Because 

Clusters 1.2 and 2.2 had no new/added positively-defined variables for the second tier, they are omitted 
from the table to conserve space. These two clusters only had the positively-defined traits that they 
inherited from their parent clusters (meaning that they also had low strictly-defined trait ratios).  

 
Table 10–6: Second Tier Positively-Defined Traits 

    Cluster 
Domain Construct Variable Count 1.1 1.3 2.1 3.1 3.2 

Structural/ Operational 

990 Filing Status 990 – Consolidated 1   X   
Chaptered 1     

Faith Collective 1    X  
Congregation 1     X 

Service Area 
< County-Sized 1     X < State-Sized 1     
International 1   X   

Functional 
n/a Disaster Services 3  X X X  

Mission Disasters Absent 1     X 
Response/Recovery Response/Recovery 1  X    

Financial/ Resource 
n/a Self-Discloses Financial Info 2  X X   

Revenue Very Low Revenue 1 X     
   15 1 3 5 2 4 

 
Overall, a much broader set of variables, constructs, and domains was involved in defining the 

second tier. Twelve different positively-defined traits were distributed across the five clusters depicted. 
The combined count for all 12 of these variables was 15 (two of them have counts greater than one). 

Seven structural/operational variables from three constructs played a role (each had a count of 
1). However, also note that there are two perfectly-correlated pairs of variables that cling together. 
Specifically, “Smaller than County-Sized” is also simultaneously “Smaller than State-Sized”, and “990 – 
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Consolidated” is also, by definition, a “Chaptered” organization. In spite of that, it is still noteworthy that 
the influence of the structural/operational domain extended down to the second tier, but it was joined 
by variables from other constructs. After accounting for the correlated pairs, the count of seven could 
be revised downwards to five.  

Three functional variables were used to positively-define clusters in the second tier 
(representing two constructs and one variable that were originally collected as dichotomous). These 
variables had a combined count of five. The variable with the single highest count, Specified Disaster 
Services, was functional. This is noteworthy because within each branch of the taxonomy, one of the 
subclusters was defined by this trait. When compared to the polythetic results, most of these 
organizations were in Cluster 2. In the parsimonious results, they are distributed across all three 
branches, but they are segregated into their own distinct subgroups within each branch. 

Two financial/resource variables were used to positively-define the second tier. These variables 
had a combined count of three. The variable “Self-Discloses Financial Information”, a proxy for well-
governed organizations, was one of the two variables across the second tier with a count greater than 
one. As with the variable in the preceding paragraph, this trait belonged to two organizational subsets 
that had been unified in the polythetic results but are separate in the parsimonious results. These 
observations will later prove to be useful.  
 Even though there were more structural/operational variables used to define the second tier 
(also with a combined higher count) when compared to the other domains, none of the individual 
variables had counts greater than one. Furthermore, as indicated, four of those variables can be 
effectively reduced to two because of their interrelationships. Based on the count of individual 
variables, Specified Disaster Services (functional) and Self-Discloses Financial Information 
(financial/resource) were the two most influential variables across this tier.  
  



290  

10.3.3 Tier 3 Variable Analysis 
 

Tier 3 had 16 subclusters. Table 10–7 provides detailed information. Cluster 3.2 had no 
subclusters beneath it, and Clusters 2.1.2 and 3.1.3 did not have any positively-identified traits for the 
third tier. They are omitted from the table to conserve space (i.e., the table only depicts 14 subclusters). 
The omitted subclusters only had the positively-identified traits that they inherited from their parent 
clusters (meaning that they also had comparatively low strictly-defined trait ratios).  

An even broader set of variables and constructs was involved in defining the tier. Seventeen 
different variables were distributed across the third tier, and the combined count for all variables was 40 
(the average count for each binary variable was 2.35, with a range of 1 to 6).  

Four different variables from the expanded 990 Filing Status construct were represented with a 
count of ten. However, as noted earlier, there are some correlated parings. The 990 – Consolidated and 
990 – Independent variables are, by definition, also Chaptered organizations. Thus, the combined count 
of six for these variables could arguably be reduced to a count of three.  
 Four different variables from the expanded Service Area construct were represented with a 
count of seven. Again, the same issue exists for “County-Sized” and “Smaller than State-Sized”. The 
combined count of four for these variables could arguably be reduced to two.  
 Combined, the two structural/operational constructs had a count of 17. After accounting for the 
correlated pairs, that could be revised to 12. The final analyses will consider both values (with and 
without correlated pairs).  
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Table 10–7: Third Tier Positively-Defined Traits 
    Cluster 

Domain Construct Variable Count 1.1.1 1.1.2 1.2.1 1.2.2 1.2.3 1.2.4 1.2.5 1.3.1 1.3.2 2.1.1 2.2.1 2.2.2 3.1.1 3.1.2 

Structural/ Operational 

990 Filing Status 

990 – No Chap 4   X X X X         
990 – Indep 2 X      X        
Chaptered 3      X       

990 – Consol 1              

Service Area 
County-Sized 2   X    X        

< State 2             
National 2        X       

International 1         X      

Functional 

Mission Dis. Absent 6     X  X   X X  X X 
Excl. to Disaster 1        X       

n/a Disaster Svcs 2  X          X   
Response/ Recovery Response/ Recovery 2          X    X 

n/a Serves Specific Population 3        X  X    X 

Financial/ Resource 
Revenue 

High Revenue 2        X      X > $10 Million 4         X   X Mid Revenue 1              
n/a Self-Discloses Financial Info 2       X       X 

  Count 40 2 1 3 1 2 1 7 6 1 4 1 1 3 7 
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 Five variables from the functional domain had a combined count of 14. Remember that “Serves 
a Specific Population” had been merged with the functional domain (see Chapter 4). Two of these 
variables belonged to the Mission construct. Most noteworthy, six third tier subclusters were positively 
defined by the trait “Disasters Absent” (which had the single highest count of any variable in the third 
tier). I point this out as a reminder that VOADs bring together organizations for the purpose of disasters. 
Also, there were no correlated/interrelated variable pairs, as had been identified in other domains and 
constructs. Thus, the count of 14 for these functional variables would remain at 14.  
 An additional four variables from the financial/resource domain had a combined count of nine. 
Seven of these were attributed to three variables from the Revenue construct, but this was mitigated by 
the presence of highly-correlated variable pairs. That count of seven could arguably be collapsed to four 
(for the variable “Revenue > $10 Million”). Thus, depending on how the correlated pairs would be 
treated, the financial/resource domain would have a count of either nine or six.  
 The structural/operational domain dominated the third tier with a count of 17 occurrences (out 
of 40). When considering the elimination of correlated variable pairings, the revised total count was 
reduced from 40 to 32. When doing so, the functional domain was more influential overall with a count 
of 14. As individual traits, “Disasters Absent” (count=6) and “Revenue > $10 Million” (count=4) were the 
most influential for positively defining the subclusters in this tier. The following sections present these 
data in a more comprehensive manner for variable counts, domains, and constructs. 
 
10.4 Comprehensive Variable Assessment 
 
 This section will aggregate the findings regarding the positively-defined traits. It will account for 
two considerations. First, it will calculate the weighting effect of inherited traits (i.e., parent cluster traits 
passed down to subclusters). It is therefore self-evident that the positively-defined traits in the first tier 
will have an outsized influence. 
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Second, it will also account for both the inclusion and exclusion of the correlated pairings (e.g., 
“Smaller than County-Sized” = “Smaller than State-Sized”). As stated before, no weighting with regard to 
cluster sizes will be considered. For your reference, 26 of the 32 variables were identified as having 
some degree of influence on the cluster and subcluster composition. Table 10–8 provides the weighted 
count values for the domains with any correlated variable pairs included.   
 

Table 10–8: Weighted Variable Counts (Correlated Pairs Included) 

Domain n (Constructs)1 n (Variables)2 Weighted Count % of Total Total Clusters Defined (out of 26)3 
Structural/Operational 3 16 92 66.7% 26 (100%) 

Functional 4 5 28 20.3% 16 (61.5%) 
Financial/Resource 2 5 18 13.0% 12 (46.2%) 

Totals 9 26 138 100% 
  1 In this instance, the independent binary variables are counted as constructs with one category. 

   Furthermore, the interrelated/transformed variables identified in Section 4.8 are aggregated     into the larger, expanded constructs as discussed in Section 13.5.1.  2 This is the number of variables that were represented among the positively-defined traits (i.e.,    
    not the original number of variables belonging to the domains and constructs.  3 This equals 3 first tier clusters plus 7 second tier clusters plus 16 third tier clusters.  

A total of 16 binary variables from three constructs (including the special case variables) represented the 
structural/operational domain. When accounting for the weighting effect of inherited traits passed 
between tiers, these variables had a count of 92 (66.7% of the entire variable count). All 26 clusters and 
subclusters were influenced by variables from this domain. 

The structural/operational domain clearly dominated the distribution, but that is qualified. First, 
over half of the 32 variables were structural/operational at the outset. This was largely because most of 
the functional variables did not survive the variable screening process. That said, the 
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structural/operational variables dominated not just because there were so many of them, but also 
because they demonstrated less within-group variation than variables from the other domains.  
 Sections 10.3.2 and 10.3.3 acknowledged that the variable counts were inflated due to 
correlated pairs of variables (e.g., “990 – Consolidated” equals “Chaptered”). Table 10–9 provides the 
weighted count values for the domains with correlated variable pairs removed.  I removed one variable 
from each instance of this occurring based on a case-by-case assessment of the variable distributions.  
 

Table 10–9: Weighted Variable Counts (Correlated Pairs Excluded) 

Domain n (Constructs) n (Variables) Weighted Count % of Total Total Clusters Defined (out of 26) 
Structural/Operational 3 13 70 61.9% 26 (100%) 

Functional 4 5 28 24.8% 16 (61.5%) 
Financial/Resource 2 3 15 13.3% 12 (46.2%) 

Totals 9 21 113 100% 
  

Five variables were removed to eliminate the previously identified correlated pairs: Chaptered, Faith-
Based, Smaller than State-Sized, Mid Revenue, and High Revenue. When comparing the distributions in 
Tables 10–8 and 10–9, the effect of removing these variables is negligible. The structural/operational 
domain still dominates the taxonomy’s positively-defined traits, and it does so by a similar degree. 

I will now perform this same analysis by construct. Table 10–10 will determine which constructs 
were most influential according to the weighted counts with the correlated variable pairs included. 
Table 10–11 will do so with the same five variables just referenced removed from the analysis. As a 
reminder, independent dichotomous variables are listed as constructs with one category.  
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Table 10–10: Weighted Variable Counts (Correlated Pairs Included) 

Construct Domain n (Variables) Weighted Count % of Total Total Clusters Defined (out of 26) 
990 Filing Status S/O 6 42 30.4% 26 (100%) 

Faith S/O 5 38 27.5% 26 (100%) 
Specified Disaster Activities Functional 1 12 8.7% 12 (46.2%) 

Service Area S/O 5 12 8.7% 9 (34.6%) 
Revenue Financial 4 10 7.2% 7 (26.9%) 
Mission Functional 2 8 5.8% 8 (30.8%) 

Self-Discloses Financial Info Financial 1 8 5.8% 8 (30.8%) 
Response and Recovery Functional 1 5 3.6% 5 (19.2%) 

Serves a Specific Population Functional 1 3 2.2% 3 (11.5%) 
Totals  26 138 100% 

   
Table 10–11: Weighted Variable Counts (Correlated Pairs Excluded) 

Construct Domain n (Variables) Weighted Count % of Total Total Clusters Defined (out of 26) 
990 Filing Status S/O 5 36 31.9% 26 (100%) 

Faith S/O 4 25 22.1% 26 (100%) 
Specified Disaster Activities Functional 1 12 10.6% 9 (34.6%) 

Service Area S/O 5 9 8.0% 12 (46.2%) 
Mission Functional 2 8 7.1% 8 (30.8%) 

Self-Discloses Financial Info Financial 1 8 7.1% 8 (30.8%) 
Revenue Financial 2 7 6.2% 7 (26.9%) 

Response and Recovery Functional 1 5 4.4% 5 (19.2%) 
Serves a Specific Population Functional 1 3 2.7% 3 (11.5%) 

Totals  21 113 100% 
  

The only noteworthy change when comparing Tables 10–10 and 10–11 is that the Revenue 
construct dropped in importance. The overall influence of these variables had already been low. While 
the importance (% of Total) of Faith variables dropped and the importance of Specified Disaster Services 
rose in a noticeable way, their relative ranks compared to the other constructs did not change. In other 
words, the effect of the correlated pairs was negligible.  
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The 990 Filing Status and Faith constructs clearly dominated because they established the first 
tier and passed their traits along to subordinate tiers. Specified Disaster Services is noteworthy because 
it played an outsized role for a single dichotomous variable (compared to the multi-category constructs). 
It was also the most influential variable that was not structural/operational. All of the other constructs 
and variables in these tables did play important roles, but only for differentiating among Descriptive 
Tags and organizations in the lower tiers. They did not influence the overall shape of the taxonomy.  
 Here is the ultimate conclusion. As noted by other researchers seeking to classify nonprofit 
organizations (presented in Chapter 2), structural/operational traits are more useful for classifying 
organizations than functional traits or other considerations. However, researchers and government 
representatives interested in these organizations have expressed interest in understanding these 
organizations according to functional and financial/resource considerations. What does the organization 
actually do? How much revenue does it have? In other words, what can any given organization bring to 
the table? These are absolutely worthwhile questions. The problem, though, is that quantitative analysis 
does not support classifying the organizational population according to those domains. My position 
(expanded upon in Chapter 11) is that a quantitatively-supported classificatory scheme based on the 
structural/operational domain can be applied to satisfy the more pragmatic (i.e., functional) interests of 
researchers and government representatives.  
 Prior researchers (see Chapter 2) also concluded that structural/operational classification 
worked best, even if that was not their main interest. They cited a variety of reasons regarding why the 
structural/operational traits worked better than alternative traits, such as the availability and reliability 
of data. My research adds to that body of knowledge by quantifying and interpreting the influence of 
within-group variation on traits from functional and financial/resource domains. To highlight one 
example, the United Way chapters were distributed across three of the ordinal revenue categories, but 
their traits were highly consistent for the structural/operational traits. Likewise, the Catholic Charities 
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organizations expressed variation regarding mission statement and specified disaster services programs, 
activities, and services. However, their structural/operational traits were much more consistent and 
stable. Finally, this also explains why five different polythetic models created five separate distributions 
for the eight Habitat for Humanity chapters (see Appendix E). All of this was resultant to 
structural/operational traits that were generally stable within and across groups. Unfortunately, the 
functional and financial/resource traits salient to researchers and government representatives are the 
ones that exhibit the most within-group variation.  
 Of the 32 variables available for the analyses, 26 of them were represented in the positively-
defined trait analysis. I will now provide an assessment of the contribution provided by individual binary 
variables (regardless of domain or construct). For the set of 26 variables that had a combined weighted 
count of 138 across all 26 clusters and subclusters, the mean weighted count per variable was 5.3. Nine 
variables exceeded the mean, and two of these variables were perfectly correlated (Faith-Based and 
Non Faith-Based); that effectively means that there were eight dominant variables. These variables are 
summarized in Table 10–12. I will subsequently provide detailed discussion for the top seven.  
 

Table 10–12: Dominant Variables 
Variable Domain Construct Weighted Count Type2 

Charitable S/O 990 Filing Status 20 Vertical 
Faith-Based Not Faith-Based1 S/O Faith 13 13 Vertical 

Specified Disaster Services Functional n/a 12 Cross-Cutting 
Self-Discloses Financial Info Financial n/a 8 Cross-Cutting 

Disasters Absent Functional Mission 7 Cross-Cutting 
FBO – Other S/O Faith 7 Vertical 

990 – Exempt S/O 990 Filing Status 6 Vertical 
Chaptered S/O 990 Filing Status 6 Cross-Cutting 

 1 These variables were perfect mirror images of each other. 2 These variable types are elaborated upon in the following discussion. 
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Note that there are a total of six structural/operational variables among the nine listed in the 
table. Three are from the 990 Filing Status construct, and three are from the Faith construct. Further 
details will now be provided for each of these variables. 

Charitable positively defined 20 of the 26 clusters and subclusters in the taxonomy (76.9% of all 
clusters). Specifically, it was a trait passed “vertically” within Clusters 1 and 2. The combined population 
of these clusters was 37 Descriptive Tags (78.7% of all tags) and 454 organizations (68.8% of all 
organizations). This was a structural/operational (990 Filing Status construct) variable.  
 Faith-Based and Not Faith-Based were each used to positively-define 13 of the 26 clusters and 
subclusters (50.0% of all clusters). Specifically, Not Faith-Based defined all of Cluster 1 and its 
subclusters (n=13, or 50% of the clusters). Combined, this accounted for 23 Descriptive Tags (48.9% of 
all tags) and 310 organizations (47.0% of all organizations). Not Faith-Based positively defined Clusters 2 
and 3 (and their subclusters). Combined, this accounted for 24 Descriptive Tags (51.1% of all tags) and 
350 organizations (53.0% of all organizations). These were structural/operational (Faith construct) 
variables and vertical variables. 

I specify these n-values and percentages to demonstrate the congruent and balanced harmony 
between the distribution of traits across the clusters, Descriptive Tags, and organizations. In other 
words, the clusters accurately reflected the splits in the population based on these dominant (high-
frequency) variables. However, this was not the case for the variables with low frequencies. For 
example, the variable “Exclusive to Disasters” was only used to positively define one of the 26 clusters 
(3.8% of all clusters), yet this variable applies to 22.4% of the organizations in the population (based on 
raw data, not the adjusted dominant trait). Consider that for a moment. These organizations assemble 
for the purpose of disasters, yet only one of the 26 clusters has “Exclusive to Disasters” as a dominant 
trait, and less than one-fourth of the organizations have Exclusive to Disasters mission statements. I will 
now continue with presenting the remaining four high-frequency variables.  
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Specified Disaster Services was used to positively-define 12 of the 26 clusters and subclusters in 
the taxonomy (46.2% of all clusters). This was the highest-frequency variable from the functional 
domain and the fourth-highest frequency variable overall; it was not part of a multi-category construct. 
Most interestingly, it was prevalent in all three branches of the taxonomy (and down to the third tier in 
all three). Whereas the preceding variables “vertically” defined entire branches of the taxonomy (e.g., all 
of Clusters 1, 2, and/or 3), this was a “cross-cutting” variable that was prevalent in all branches. Within 
each branch, there was a subordinate subset of Descriptive Tags and organizations that were 
distinguished for providing Specified Disaster Services. The combined population of these 12 clusters 
was 23 Descriptive Tags (48.9% of all tags) and 290 organizations (43.9% of all organizations). For 
comparison to the raw summary statistics, 466 (70.6%) of all 660 organizations exhibited this trait. In 
other words, 62.2% of the Specified Disaster Services organizations wound up in subclusters that were 
also positively defined by that trait. One major contributor to that discrepancy is probably the dominant 
trait adjustment used for assigning trait values to the Descriptive Tags.  

Self-Discloses Financial Information was used to positively-define 8 of the 26 clusters and 
subclusters (30.8% of all clusters). This was the highest frequency financial/resource variable and the 
fifth-highest frequency variable overall; it was not part of a multi-category construct. Like the variable in 
the preceding paragraph, this variable also cut across all branches and tiers. However, the only Cluster 3 
Descriptive Tag to which this variable applied was the third tier subcluster corresponding to The 
Salvation Army (Cluster 3.1.2). As noted earlier, most religious organizations did not self-disclose their 
financial information (nor were they required to by the IRS). As a reminder, this variable was a proxy for 
well-governed and transparent organizations (with emphasis on the charitable organizations). As with 
the preceding variable, each branch of the taxonomy had specific subsets (subclusters) were these 
organizations with this trait were concentrated. The combined population of these eight clusters was 12 
Descriptive Tags (25.5% of all tags) and 137 organizations (20.8% of all organizations). For comparison to 
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the raw summary statistics, 294 (44.5%) of all 660 organizations exhibited this trait. In other words, only 
46.6% of the Self-Discloses Financial Information organizations wound up in subclusters that were also 
positively defined by that trait. One major contributor to that discrepancy is probably the dominant trait 
adjustment used for assigning trait values to the Descriptive Tags.  

FBO – Other (functional domain, Faith construct) was used to define Cluster 2 and all of its 
subordinate clusters (i.e., it was a “vertically” defining variable for a combined seven 
clusters/subclusters). There were 144 organizations in this cluster, but there were 152 “FBO – Other” 
organizations in the study population. As noted elsewhere, there are 12 misclassified organizations in 
the parsimonious results, and these account for this discrepancy.  

Disasters Absent (functional domain, Mission Statement construct) positively defined seven of 
the 26 clusters and subclusters in the taxonomy (26.9% of all clusters). The combined population of 
these clusters was 18 Descriptive Tags (38.3% of all tags) and 311 organizations (47.1% of all 
organizations). Six of its occurrences were in the third tier, with the seventh being Cluster 3.2. This is 
noteworthy because Cluster 3.2 did not have a third tier. Furthermore, the two largest Descriptive Tags 
(n=73 and n=49) were both in Cluster 3 and had the trait Disasters Absent (which makes sense because 
they were religious organizations). Clusters 1 and 2 each had two third-tier subclusters that were 
positively-defined by this trait, suggesting that these organizations were concentrated there. Using the 
raw summary statistics (no dominant trait adjustment), there were 387 Disasters Absent organizations 
in the study population (58.6% of all organizations). This means that 80.4% of them were concentrated 
in subclusters that were positively-defined by this trait. It cut across all branches and tiers, but it was 
most associated with Cluster 3 (religious organizations).  

To round out the dominant variables in Table 10–12, there were two variables which were used 
to positively define six clusters or subclusters. 990 – Exempt was also a “vertically” defining variable; it 
was responsible for defining all of Cluster 3 and its subclusters. Chaptered (which equaled “990 – 
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Consolidated” plus “990 – Independent”) was a cross-cutting variable that had defined subsets within 
Clusters 1 and 2. On that note, any religious organization, regardless of whether or not it could be 
conceived of as chaptered in the generic sense, was designated as having the trait 990 – Exempt. That is 
because the basis of defining these variables was the manner in which the organizations reported their 
revenue to the IRS, and this only applied to organizations in Clusters 1 and 2. This begs the question of 
whether or not the 11 instances of Mennonite Disaster Services (along with other examples) should be 
considered as chaptered even though they are also exempt from IRS reporting. This issue did not 
become relevant until the analyses had been completed. In retrospect, if there is an opportunity to 
replicate these analyses, I should consider counting qualified exempt organizations as chaptered.  

I focused on these top variables because their weighted count values exceeded the mean for all 
26 variables that were used to positively define any of the clusters. These variables account for 28.1% of 
all 32 variables examined (26 of which positively-defined at least one cluster). The detailed analysis of 
each of these variables identified the presence and role of the vertically-defining and cross-cutting 
variables. The overriding distinction between the parsimonious and polythetic results was that 
organizations positively-defined by the cross-cutting variables were also the “crossover” organizations 
identified in Chapter 8.  The polythetic results had them largely grouped together, whereas the 
parsimonious results had them distributed across the branches in their own distinct subclusters.  

The Faith and 990 Filing Status (all structural/operational) used to define the first tier played the 
more important role of vertically defining the branches. The functional and financial/resource variables 
played the secondary role of shaping distinct subsets within each branch (as a metaphor, consider these 
as fruit on the branches). Each of these subsets therefore has a “close cousin”, defined by a particular 
trait, on one of the other taxonomic branches.  

I will now consider another aspect regarding Disasters Absent that revives a topic from Chapter 
5. Specifically, I had considered changing the three-category Mission construct into a dichotomous 
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variable; I did not do this because my preliminary analyses indicated that these organizations would 
wind up sorting as functionally dichotomous, anyway (with “Includes Disasters” and “Exclusive to 
Disasters” consistently sorting together). That proved largely true through the final analyses, but now I 
have a better understanding of why that happened.  

With n=387, Disasters Absent was only one of four binary variables that exceeded 50% of the 
study population. For your reference, each of the other three high-n variables was also in the top eight 
(Faith-Based = 359, Charitable = 454, and Specified Disaster Services = 466). Thus, there is a pattern; the 
four binary variables with the highest n-values were among the top seven most influential variables. Of 
those four, variable Disasters Absent had such a high n-value that it effectively made the three-category 
Mission Statement construct de facto dichotomization (i.e., Includes Disasters and Exclusive to Disasters 
would cluster together). The other three variables were originally collected as dichotomous (although 
Faith-Based and Charitable were each interrelated with multi-category constructs).  

 
10.5 Summary of Variable Analysis 

 
 Following the presentation of the full parsimonious clustering results in Chapter 9, I examined 
the degree to which subordinate clusters were more strictly-defined than their parent clusters. To do 
this, I focused on the strictly-defined trait ratios using a fixed set of 32 variables (thus providing a 
“common denominator” for comparing all clusters and subclusters). In the course of that analysis, I 
identified patterns regarding the relative changes between parent clusters and their offspring. Namely, 
in almost all cases, one of the offspring clusters was significantly more tightly-defined, but another 
cluster demonstrated a notably less significant improvement. Overall (averaged), the second tier 
subclusters were about three times more strictly defined than their parent clusters, and the third tier 
subclusters were about twice as strictly defined as their parent clusters.  
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 I then performed a robust analysis of the positively-defined (=1) variables by branch and by tier. 
By performing these steps, I identified that structural/operational variables dominated the entire 
classificatory process, but this was mitigated by the fact that many of the functional variables I hoped to 
use had never made it beyond the screening process for variables. Most interestingly, I identified a new 
explanation (beyond those offered in the literature review) for why structural/operational variables 
were better than functional variables for classifying organizations. Specifically, structural/operational 
variables demonstrate more stability and less within-group variation across the population. 
 When examining the roles of specific variable constructs and variables, the 990 Filing Status and 
Faith constructs dominated. This was for a variety of reasons, but one key factor was that because these 
constructs established the taxonomy’s first tier, the subclusters in lower tiers inherited these traits. Of 
the top nine most influential variables, three were from the 990 Filing Status construct and three were 
from the Faith construct (these constructs were expanded to include the special case interrelated 
variables identified in Section 4.8).  

This was hardly surprising. The patterned distribution of these variables led to a new finding, 
though. These variables influenced the composition of entire branches in the taxonomy. All Cluster 1 
organizations were Not Faith-Based. All Cluster 2 organizations were FBO – Other. Faith-Based defined 
Clusters 2 and 3. Charitable defined Clusters 1 and 2. 
 The other three variables in the “top nine” list were more interesting. First, these variables were 
not structural/operational. Second, they cut across all tiers and branches in the taxonomy. Within each 
branch, these variables defined specific subclusters like fruit on a tree. Upon further examination, 
organizations in these clusters were also predominantly the “crossover” organizations that marked the 
main differences between the parsimonious and polythetic results. To add one final noteworthy point, 
there were four binary variables that had n-values exceeding 50% of the study population. All four of 
these variables are among the most influential variables (regardless of domain or construct).  
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11.0 Discussion and Conclusion 
 

This chapter begins with a brief review and synthesis of the answers to research questions A, B, 
and C (which were respectively addressed by Chapters 8, 9, and 10). As part of that discussion, I will 
highlight or bring together important themes from this research. These can pertain to either the study 
population and its collective purpose (i.e., why I undertook this research) or to methodological issues 
relating to its classification (i.e., how I undertook this research).  

I will also comprehensively address research question D, which is more prospective. This 
dissertation has made dozens of references to follow-on research for far. When answering the final 
research question, the fundamental point is that the taxonomy is not just the product of research; it is 
meant to be a research-generating tool (as elaborated upon in forthcoming sections and elsewhere in 
the preceding chapters). The taxonomy (both as a product in itself and as a tool) has potentially wide-
ranging policy and research implications.  

The limitations of the research and related topics are also addressed. Remember that a good 
taxonomy is not static. It needs to be able to evolve based on new information, methodological 
adaptations, and the needs of its users. As demonstrated in the preceding chapters, taxonomy 
development is an iterative process. Future iterations are essential for any research tool that seeks to 
maintain its utility and relevance.  
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11.1 Discussion of Research Question A 
  A) Are the organizations in the study population best classified using a polythetic or parsimonious set of characteristics? How do polythetic and parsimonious clustering results compare?  
 The short answer to this question, supported by Chapter 8, is that classification based on a 
parsimonious set of variables is better than using a polythetic approach. The full answer, of course, is 
more complicated. Several factors influenced this decision, but I must start with two key points. First, 
the results were robust both within and between the two clustering methods. The polythetic and 
parsimonious results were about 75% congruent across the three first-tier clusters (i.e., about three-
fourths of all organizations in the study population were classified identically when comparing the 
clustering results). Second, those three first-tier clusters were congruent with the current typological 
understanding of these organizations (i.e., the Venn diagram showing the overlap between 
charitable/religious and faith-based/not faith-based organizations).  

While good, it also means that up to one-fourth of the organizations in the study population 
were not congruent with the typological distinctions after measuring their traits and performing the 
analyses. By choosing the parsimonious clustering results, I was deliberately choosing the set of results 
that conformed more closely to the preconceived typological understanding of this organizational 
subpopulation. To be sure, there were added factors that influenced this decision (elaborated upon 
below), but the overarching idea is that typologies and taxonomies are never truly separate. They inform 
and influence each other, as put forth in Chapter 2. A taxonomy is basically a quantitatively-based 
improvement upon and progression beyond typology.  

Typological distinctions must be evaluated when progressing to a taxonomy. In this case, the 
results indicated that the typological differentiations were at least three-fourths on target. Thus, the 
taxonomy generally validates the typology, but it also goes further. It adds clarity and distinction to 
classifying these organizations, and it pinpoints the specific areas where certain organizations (i.e., the 
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crossover organizations) in the population of interest buck the typological status quo. Understanding 
how, why, and to what degree they deviated between the two approaches was essential to 
understanding this organizational population, and it underscores the value of taxonomy over typology. 
Other factors supporting the choice of parsimonious clustering results are summarized here: 

Simplicity. The parsimonious clustering results are easier to calculate, interpret, and explain. 
This is because fewer variables were involved in each modeling effort. There is great value provided by 
this comparative simplicity. The harder it is to explain something, the less likely it is to be used. To 
reinforce an earlier point, the parsimonious clustering results were more harmonious with the current 
typological understanding of this organizational population, and I therefore conclude that this set of 
results would probably be easier for the taxonomy’s audience to accept than the polythetic results.  

Error Rate. The parsimonious clustering results had a lower error rate than the polythetic 
clustering results. That led to a higher degree of mutually-exclusive classification (according to 
Descriptive Tag) than the polythetic clustering results. However, this was certainly influenced by the 
changed unit of analysis and the dominant trait adjustment process. The polythetic clustering results 
should be replicated with the new unit of analysis, as well, for confirmation.  

On this point, the altered unit of analysis (47 Descriptive Tags rather than 660 organizations) 
proved far superior for a variety of reasons documented elsewhere. In its own right, that evolution 
justified the value of the iterative polythetic clustering methods. Of particular value was the ability to 
further evaluate and understand the within-group variation among organizational subsets defined by 
the 990 Filing Status construct (i.e., Consolidated Chapters, Independent Chapters, No Chapters, and 
Exempt). Each subgroup exhibited different degrees of within-group variation. The within group 
variation was influenced by several factors, but the main one centered on the number of unique, 
independent data sources used for the organizations within each of the 990 Filing Status categories.  
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The changed unit of analysis also highlighted the degree to which structural/operational traits 
were superior to functional or financial/resource traits for classificatory purposes. While the impact of 
within-group variation was muted for the analyses, the dominant trait process itself illuminated how, 
why, and where the within-group variation was most pronounced. This provided an added explanation 
for why functional traits were less suitable for classificatory purposes.  

Distinguishing Crossover. The crossover organizations (one-fourth of the study population) were 
all ultimately segregated into their own distinct subclusters at the second or third tiers of classification 
using either approach. In other words, they would be distinguished either way. The only difference 
would be which branch of the taxonomy they fell under. The parsimonious clustering results placed 
these subordinate tier clusters in a location more harmonious with the current typological 
understanding. In my estimation, that would make the parsimonious clustering results more palatable. 
 Regardless, both methods proved necessary. The comparison of results highlighted the 
magnitude of crossover organizations, forcing the need to understand and explain them. That was 
essential, especially when it came to identifying the variables responsible for driving the crossover. 
Second, the analysis of the iterative polythetic results prompted the altered unit of analysis. Third, the 
magnitude and effect of within-group trait variation was only understood by performing and comparing 
results from the two methodological approaches. The taxonomy produced by this effort would have 
likely been far less satisfactory on several counts had I not used both approaches.  
 I will add that the taxonomy still needs to be refined. First, I will need to remove the “filter” of 
the dominant trait adjustment from each of the clusters produced by parsimonious clustering. The full, 
detailed, and unfiltered trait profiles must be compared to the dominant adjusted trait profiles. This 
comparison may result in modifications to the classificatory structure. Second, I will need to test the 
taxonomy produced from the sample of 28 VOADs on the subpopulation of the 29 un-sampled VOADs. 
This step will help evaluate the validity and generalizability of the taxonomy for application to VOADs. 
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11.2 Discussion of Research Question B 
 
B) What quantitatively-produced organizational clusters best define the population of community organizations active in disasters?    

Chapter 9 documented the fully-developed set of 26 clusters and subclusters used to classify the 
study population. Without repeating that content, this section aims to better characterize and 
qualitatively assess the classificatory scheme. The ultimate (and as yet incomplete) goal is to produce a 
set of thematically-unified labels and descriptions for all of the taxa. These will be intended for use like 
the Myers-Briggs Type Indicator (MBTI) or Keirsey Temperament Sorter (KTS), but for community 
organizations active in disasters instead of people.  

The concept is simple. Using the most important set of traits/dimensions used to classify the 
study population, each subset of organizations will be provided with a holistic descriptor.  Examples 
from MBTI and KTS are labels like “Healer”, “Fieldmarshal”, “Coordinators”, and “Operators”. Each 
category would have a label and qualitative description that is based on a quantitative and qualitative 
assessment of its constituent organizations. The following content is nothing beyond a first step towards 
further defining and refining the quantitatively developed taxa. An entirely different effort will be 
needed to complete this endeavor. Note that these types cannot be established until after the 
taxonomic categories are validated and refined (as discussed in Section 11.1 and elsewhere in the 
document). This work in progress is only partially developed, as conveyed in Table11–1 (note: only 
Cluster 3.1 is shown being subdivided to the third tier).  
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Table 11–1: Organizational “Personalities” Concept 
First Tier Subcluster Distinguishing (Added) Traits Example Members 

1 Charitable 

1.1 – Hobbyists with            a Cause Very Low Revenue 
Animal Services CERT/MRC Fraternal/Scout Amateur Radio 

1.2 – The Specialists n/a or TBD 
Call Centers Child Services Food Banks Legal Services 

1.3 – The Responders Response and Recovery Specified Disaster Activities Self-Discloses Financial Info 
American Red Cross Team Rubicon Save the Children 

2  Faith-Based Charitable 

2.1 – Ambassadors            of Faith 
990 – Consolidated Specified Disaster Services International Service Area Self Discloses Financial Info 

Church World Service Samaritan’s Purse UMCOR World Renew 
2.2 – Community            Caregivers n/a or TBD 

Adventist Community Svcs Catholic Charities Habitat for Humanity St. Vincent de Paul 

3 Religious  

3.1.1 – Regional                Collectives Disasters Absent Specified Disaster Services 
Conventions Dioceses Presbyteries Synods 

3.1.2 – The Salvation               Army (many) The Salvation Army 

3.1.3 – Disaster                Ministries Includes/Exclusive to Disasters Specified Disaster Services 
Lutheran Disaster Response Mennonite Disaster Services Presbyterian Disaster Assistance Southern Baptist Disaster Relief Tzu Chi Buddhist Foundation 3.2 – Local            Congregations Disasters Absent Smaller than County-Sized Brick-and-Mortar  Houses of Worship 

 
1.1 – Hobbyists with a Cause. Many charitable organizations (even the well-funded ones) rely on 
volunteer labor to varying degrees. These organizations, however, exist purely because of the affinity of 
their volunteer members. They are the next evolution beyond a “club”. They are brought together 
because of and organized for the wellbeing of their neighbors and communities.  
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1.2 – The Specialists. These organizations are generally nonprofit social services providers who operate 
within a narrow functional bandwidth. They are experts in their respective fields, and they are often the 
“go to” resources within their communities for many specific vulnerable populations. While supported 
by donations, many of them also work in contract with local government agencies to provide various 
social services so that communities can maintain a social safety net.  
 
1.3 – The Responders. These are national/international nonprofit organizations that are well-funded and 
professionally-managed. They also rely heavily on volunteer labor, but they operate on an entirely 
different scale. These organizations have a good range of disaster programs, services, and activities.  
 
2.1 – Ambassadors of Faith. Incorporated as charitable organizations, these are well-funded and well-
managed faith-based groups that operate at the international level. They can leverage tremendous 
resources and expertise to address humanitarian relief and development issues as an extension of their 
religious foundations, but this is not your usual Sunday crowd. These are technicians motivated by faith.  
 
2.2 – Community Caregivers. These faith-motivated charitable organizations provide a wide range of 
social services within their communities. In many cases, they are “the” social safety net for those who 
have nowhere else to turn. They run soup kitchens, food pantries, and thrift stores. They exist to serve 
the homeless, the helpless, and the hopeless because that is what their faith instructs them to do.  
 
3.1.1 – Regional Collectives. No man is an island, and neither is a church or other house of worship. 
These networks of congregations communicate, share, and prepare so that they can assist both their 
own and other community members when the next disaster strikes. Managed by the clergy and laity 
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among a range of religions and denominations, they organize their member churches to do the greatest 
good for the greatest number when the unfortunate happens.  
 
3.1.2 – The Salvation Army. Part church and part social services organization, the Army is something else 
altogether. The Salvation Army is a multi-billion dollar entity prevalent across the nation in many 
forgotten or needy communities. Whether serving homeless Veterans, recovering drug addicts, or 
abused women, the Army uses its resources for the benefit of the needy. It also has robust, reliable, and 
well-trained disaster response and recovery capacities.  
 
3.1.3 – Disaster Ministries. These religious collectives are the technical experts within their religions/ 
denominations for disaster preparedness, response, and recovery. Motivated by faith, they go where 
needed not to proselytize but because it is the right thing to do. Their volunteers and financial support 
generally come from members of their religion/denomination. Do not be confused, though. These 
people are not the average laity; they are well-informed and well-trained.  
 
3.2 – Local Congregations. If every disaster is local, then nothing can get more local than the church (or 
other house of worship) down the street. Local congregations are a basic building block of neighborhood 
and community social networks. Yes, they are motivated by faith, but they are also motivated because it 
is their own community. When the next disaster strikes, they will be on the front line to help their fellow 
community members.  
 
Using these labels and descriptions as a starting point, the taxonomy can ultimately be used for a variety 
of purposes (i.e., beyond research).  
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11.3 Discussion of Research Question C 
 
C) What are the best traits/dimensions, as validated by quantitative analysis, for classifying community organizations active in disasters?    
 This research question was addressed in depth by Chapter 10. I will briefly summarize and 
comment on the findings before moving on to other items for discussion. First, structural/operational 
variables provide the best means for classifying organizations in the study population. This finding is 
consistent with similar research efforts on different organizational populations (see Chapter 2).  
 Structural/operational variables work well because they exhibit the lowest degrees of trait 
variation within and among groups (Descriptive Tags). These data points are also very easy to identify, 
and they are stable/consistent. The interrelationship among variables regarding incorporation status 
and faith played a very important role by “vertically” shaping the taxonomy’s branches. For example, all 
organizations incorporated as religious are also, by definition, faith-based. The charitable organizations 
could then be partitioned based on whether or not they are faith-based.  
 I will not repeat the detailed differences between the polythetic and parsimonious results, but 
the topic of the “crossover” organizations revealed important findings related to the organizational 
traits. The results summarized below were only possible because of the detailed comparison of the 
different results. This emphasizes how important it was to use both methodologies.  

Most (not all) of the non-faith-based charitable organizations also had the traits 990 – 
Independent or 990 – No Chapters. Only a small subset had the trait 990 – Consolidated. The opposite 
was true for the faith-based charitable organizations. They were predominately 990 – Consolidated. The 
minority subgroups from each of these categories became the crossover organizations that switched 
clusters based on the number of variables used in the clustering models.  
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 So far, I have only discussed the structural/operational traits, but this is important because there 
were underlying correlations with certain functional variables. I will explain this using the labels 
established in Table 11–1. The “Responders” (1.3) were largely crossover organizations that had a great 
deal in common with the “Ambassadors of Faith” (2.1), and it was not just because of the trait 990 – 
Consolidated. Both subsets were generally well-funded, professionally-managed, operated with larger 
service areas, and offered specified disaster programs, services, and activities. They were together (at 
the first tier) in the polythetic results but separate in the parsimonious results. 
 There was a similar relationship between the “Specialists” (1.2) and the “Community Caregivers” 
(2.2). These organizational subsets were also together (at the first tier) in the polythetic results but 
separate in the parsimonious results. In addition to sharing the traits 990 – Independent or 990 – No 
Chapters, these organizations generally had less revenue and smaller service areas. Furthermore, their 
programs and services were often oriented towards more basic social services than towards disasters.  
 Without going into detail, there were other crossover examples (including between Clusters 2 
and 3). Here is the point: regardless of the first tier solutions, the population subsets corresponding to 
the crossover organizations were distinct at the second or third tier. That allowed for two functional 
variables and one financial/resource variable to be identified as being the most prominent “cross-
cutting” variables. These variables linked the subsets that were distributed on different taxonomic 
branches. The same thing was observed among the subordinate tiers of the polythetic results.  
 I will highlight the two functional variables. Disasters Absent identified organizations that exist 
for purposes other than disasters. For a population brought together because of disasters, this trait had 
a very high n-value (n=387). Another high n-value variable, Specified Disaster Services (n=357) was the 
other cross-cutting functional variable. Distinct subsets within each branch were defined by these traits. 
 An organizational mission statement can change, but it is generally a stable data point (i.e., they 
change infrequently and/or minimally). For functional purposes, this is a reliable data point. The 
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problem with Specified Disaster Services reinforces the problems shared by other researchers seeking 
functional classification for organizational populations. First, recall from Chapter 4 that this binary data 
point is essentially a watered-down version of data salvaged from an otherwise failed question. 
Specified Disaster Services is simply yes/no. It does not provide details regarding what kind of services, 
how many services, etc. These are essential functional data points that could not be captured using the 
data collection instrument and methods for this dissertation.  

Is that a failure, or is it the logical and inevitable conclusion that could be drawn from examining 
prior research efforts? The specific words used by organizations to identify their programs, services, and 
activities create a significant problem for researchers. To review, organizations use a wide range of 
similar, related, or otherwise imprecise terms to communicate what they do. Just as importantly, the 
self-defined operational definitions for their terms vary in many ways that are unsuitable for 
quantitative analysis (without a separate and robust key word analysis). Even seemingly straightforward 
terms like “disaster response” mean different things to different audiences in different contexts.  
 So, the variable “Specified Disaster Services” was problematic yet also proved to be 
quantitatively influential. Here is why that matters. First, even though imperfect, this variable identifies 
which of the organizations have any such services (at all). That is important with regard to the mission 
and purpose of VOADs. Second, it was not mutually exclusive with the positively-defined trait “Disasters 
Absent” (the other prominent functional variable). There was overlap on these traits among the 
positively-defined traits that defined the 26 clusters and subclusters. See Table 11–2.  
 

Table 11–2: Overlap between Disasters Absent and Specified Disaster Services 

 Disasters Absent  
 1 0 Total 

Specified Disaster Services = 1 3 9 12 
Specified Disaster Services  = 0 4 10 14 

Total 7 19 26 
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The count values refer to specific clusters. The three clusters that were positively-defined by 
both traits were 3.1.1 (“Regional Collectives”), 3.1.2 (“The Salvation Army”), and 2.1.1 (a subset of 
“Ambassadors of Faith”). I can identify at least four reasons to explain why these subpopulations would 
have both traits even though they can be perceived to be contradictory traits. I am now going to 
introduce one of these reasons because it will provide a bridge to the next section of this chapter.  
 I have attended VOAD-sponsored training sessions with their member organizations. One such 
workshop was designed for the specific purpose of educating and influencing the member organizations 
so that they would modify their mission statements to be inclusive of disasters. What are the outcomes 
of such efforts? Do VOAD member organizations, influenced by the VOADs, modify their mission 
statements? Which organizations are more likely to do this? Why? Furthermore, to what degree (and in 
what manner) does an organization’s range of programs, services, and activities change? Does VOAD 
membership affect this? Such questions are not answered by the taxonomy. However, the taxonomy is a 
research-generating tool that can enable the development and pursuit of these and other research 
questions. Section 11.4 will provide additional examples of how the taxonomy can enable new research.   
 I will highlight one more related example before moving on. Food banks are generally VOAD 
members because of their technical expertise with food collection, management, and distribution. They 
also have important ties to community organizations that are not VOAD members. Most food banks did 
not indicate specified disaster programs, services, or activities even though they were VOAD members. 
Their capacities were therefore deemed as “transferable to disasters” on the data collection instrument. 
However, a small set of food banks highlighted their disaster programs, services, and activities very 
prominently on their websites. There are several possible explanations for this. Did VOAD membership 
and participation contribute to the listed range of programs, services, and activities? Research questions 
developed using the taxonomy can help answer that question.  



316  

 With regard to classification, any differences between organizations in the 28 sampled VOADs 
and organizations in the 29 un-sampled VOADs matter in only one specific way. I will use a specific 
example to illustrate this. The study population had 25 Animal Services organizations from 28 VOADs (or 
0.89 Animal Services organizations per sampled VOAD). The number and distribution of Animal Services 
organizations in the 29 un-sampled VOADs is currently unknown. As stipulated throughout the 
dissertation, the distribution of Animal Services organizations in the sample cannot be generalized to the 
population or universe of VOADs without added (and planned) steps. However, this issue has absolutely 
no bearing on any of the research questions.  
 Here is what would matter. Do Animal Services organizations from the un-sampled VOADs have 
measured traits congruent with the 25 Animal Services organizations in the study population? If yes, 
then the taxonomy and its classificatory criteria are valid. The taxonomy would only need to be modified 
if the Animal Services organizations from the un-sampled VOADs had markedly different trait profiles. 
That is all. It is therefore worthwhile to provide a reminder that this proposed taxonomy is flexible and 
capable of evolving, as needed, for a variety of reasons.  
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11.4 Discussion of Research Question D 
 
D) How can these organizational groupings inform researchers, the organizations themselves, and their government agency partners?   
 This research question can only be validated by the application of the taxonomy in the real 
world. As indicated many times, this dissertation is replete with many suggestions regarding follow-on 
research that could be undertaken because the taxonomy and the data collected for its development 
now exist. These suggestions or opportunities fall into two categories: questions that can currently be 
answered with the data available (but had to be set aside) and questions that could be developed by 
virtue of having this research tool.  

I will begin with a truncated discussion of available but unanalyzed data. For example, I have 
data regarding the specifically designated “leaders” of each VOAD (i.e., member organizations with 
representatives filling roles like “president”, “treasurer”, or committee chair positions). I also have 
partially analyzed data regarding the sampled VOADs themselves (e.g., which VOADs are incorporated 
unto themselves as charitable organizations, membership size and composition, etc.). The full, detailed 
trait profiles for each subcluster’s population can still be further refined (I only went as far as analyzing 
the positively-defined dominant traits for each cluster). Findings from subgroup crosstabs and other 
statistical analyses could fill an entire book (not this one).  

I am very interested in calculating and analyzing the distribution of individual organizations and 
Descriptive Tags across the VOADs, but this is limited by the data on-hand because the research relied 
on a quota sample of 28 VOADs eligible for the study. I therefore need to collect and analyze data from 
the 29 un-sampled VOADs before determining any generalized findings about VOADs. The dissertation 
only offers a limited range of examples used to reinforce points made throughout the document, and 
these are based on aggregated data. I will provide an example. The study population had 12 Aging 
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Services organizations among the 28 sampled VOADs. That is 0.43 Aging Services organizations per 
sampled VOAD. These organizations provided a range of themed and specialized services for the elderly 
(in-home care, Alzheimer’s care, assisted living, mobility services, etc.).  

Here is an example of what I could do with this information. How might your perspective change 
by knowing that four of these 12 Aging Services organizations belonged to one Local VOAD? Why? What 
is it about that VOAD (or that county) that led to this concentrated overrepresentation of Aging Services 
organizations in the sample? Does this VOAD have a capacity or access (as a function of these member 
organizations) that other VOADs lack? This question and others like it have gnawed at me as I developed 
the taxonomy because I could not pursue them. This example underscores the potential value of the 
taxonomy to researchers (especially once the distribution of classified organizations is established for all 
57 study-eligible VOADs).  
 On that theme, I am now going to outline the next steps I would take with this tool if I had the 
means to do so. First, I would explicitly classify the member organizations of every VOAD that was 
eligible for the study population (i.e., not the 28 in the study population, but the 57 VOADs that had 10 
or more member organizations). Every organization would be coded according to its first, second, and 
third tier clusters.  
 Second, I would assess the distribution of all organizations according to the taxonomy. I would 
identify membership patterns and themes across all VOADs. This would include comparing the 
distributions between the sampled and un-sampled VOADs to evaluate generalizability. I would use 
these data to evaluate the membership of all VOADs in terms of organizational diversity, capacity, etc. I 
am suggesting that the presence or absence of certain organizational partners has implications for the 
capacity of the VOAD, itself. This, too, is a wholly undeveloped domain of research.  
 Third, I would compare the membership composition of different types of VOADs (using the 
pool of 57 VOADs after evaluating any differences between the sampled and un-sampled VOADs). Do 
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Large and Small VOADs express variation in the composition of their members? Do State and Local 
VOADs express variation? In what ways? The sampling frame considered the untested premise that 
membership composition could vary by VOAD size and type. Now this can be evaluated.  

I would also conduct the same analysis according to population; consider for a moment that Los 
Angeles County’s VOAD serves a population larger than that of 43 states. Furthermore, the 
representation and distribution of government partner agencies was not examined (these organizations 
were screened out of the study population). That offers yet one more potential line of inquiry for follow-
on research that could be immediately undertaken if it were properly resourced. There is also the issue 
of further analyzing the VOADs’ “anchor members”, the composition of Local and State VOADs relative 
to the National VOAD’s membership, and so on. Wholly unaddressed are the distinctions (based on 
membership composition) between VOADs and Citizen Corps Councils (these were briefly introduced in 
Chapter 2). Yes, I can keep adding to this list.  

These topics are entirely un-researched. Every single case-to-variable data point and every 
single crosstab that I could produce would literally represent new knowledge. The beauty of the 
taxonomy as a tool is that the possibilities for developing and pursuing new research questions are 
pragmatically endless. Some of them could obviously have been developed in the absence of a 
taxonomy, but the taxonomy enables both the development and pursuit of these questions against a 
quantitatively-vetted framework that has never before existed. Thus, any and all results could be 
contextualized with respect to the population.  

The preceding discussion of research applications made no mention of the theoretical or 
methodological contributions that could potentially be made by this endeavor. I must also acknowledge 
that I have not yet even addressed the value of the tool to the organizations themselves, to the VOADs, 
or to government partner agencies. I will now move on to a discussion of both pragmatic and policy 
implications from the perspective of non-research users.  
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Government agencies at all levels can use the taxonomy and the research derived from it to 
work better with VOADs and VOAD member organizations. It can help them better understand the 
population (at the population level) and craft policies and procedures that can improve collaboration, 
resource allocation, emergency management practices, etc. One problem, of course, is that government 
agencies have a strong interest in functional issues. The research to this point has determined that 
functional data and functional classification are not the best means to classify and understand the 
population. However, now that a framework and a baseline have been established by this research, the 
taxonomy can be applied and/or improved in a manner that better supports the needs of government 
agencies. Even without such functional data, the taxonomy can still assist with better understanding the 
population and with collaborative efforts. It can also be used to help draw out more useful functional 
data. 

VOADs themselves can use the taxonomy for a range of purposes. First, they can use it to assess 
their membership for the purpose of strategically expanding or enhancing their network. To revisit an 
earlier example, some VOADs might see the utility in searching out Aging Services organizations as a 
result of identifying gaps in membership or capacity. This is exactly what happened when the VOAD for 
Los Angeles County directly recruited a local Legal Services organization to assist with a specific disaster 
recovery effort (Stajura 2010). Thus, the taxonomy can be a tool for self-assessment and planned 
growth.  

Furthermore, VOADs are not the only themed organizational networks. The benefits of the 
taxonomy can extend to Citizen Corps Councils and Long Term Recovery Groups. Also, similar networks 
exist at the local level for serving veterans, the homeless, etc. There are also inter-organizational 
networks among food banks and health clinics. The VOADs can use the taxonomy to better access these 
other networks through their members (i.e., social network bridges). This is a function of social network 
theory that could be further developed with the assistance of the taxonomy.  
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The individual member organizations can also this tool. First, remember that the data were 
collected from the organizational websites. In other words, organizations might seek to revise the 
information that they provide pursuant to identifying how and why they were classified a certain way. 
Second, these organizations can use the taxonomy and metrics derived from it for the purpose of 
strategic planning or developing strategic partnerships. They can ask questions like “why doesn’t our 
website list specified disaster services?”, “what can we bring to the table?”, or “do we need new 
relationships to help bridge a gap in service or capacity?” Most intriguing to me, the taxonomy itself can 
also provide a means to address the problems identified with collecting useful functional data. 

We already know that these organizations use self-defined, vague, imprecise, and overlapping 
language to describe what they do and how they do it. What if the taxonomy were able to influence 
them to literally use different language in a more consistent manner? In that sense, the taxonomy would 
be a tool for change rather than just understanding the population. If organizations used the taxonomy 
and subsequently modified the manner in which they defined or expressed their programs, services, and 
activities, then that could ultimately help solve the problems that plague functional classification or 
organizations.  

Visual data tools, such as word clouds, could be used to convey the problem to the organizations 
(and other users). With suggestions and guidance from researchers and government partners to 
community organizations, the composition of these word clouds could evolve. Figure 11A presents a 
word cloud based on the raw, unscreened and unedited short answer responses documented for the 
organizations that yielded data regarding their functions.  

 
  



 

Figure 11A: Word Cloud of Organizational Functions (Raw Data)

Image produced using WordItOut.com 
In addition to qualitative key word analysis o
their programs, services, and activities, word clouds provide a clear tool for presenting such data. 

 I will close this section by addressing how the methods used to develop the taxonomy could 
reach beyond this dissertation’s purpose. First, this same approach could be applied to different 
organizational populations. For example, many major population centers have entities called “Veterans 
Collaboratives” (along with similar terms). These networks 
address various issues relating to military veterans. Some focus solely on veterans; some have capacities 
that are transferable to veterans. Some deal with employment issues; some focus on mental health. The 
point is that (like VOAD member organizations) there is a range of organizational types and functions. A 
taxonomy for these organizations could assist that population in many ways. The methods of this 
endeavor are transferable.  
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Figure 11A: Word Cloud of Organizational Functions (Raw Data)

Image produced using WordItOut.com 
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 There are also research implications with regard to the methods for creating organizational 
taxonomies, studying the population ecology of specific organizational populations, applying social 
network theory to these populations, and so on. The general point is that while this specific tool helps 
with research and practice regarding this specific population, the benefits extend to other populations 
and other research applications.  

I can sum it up best in this manner: the taxonomy provides the role of “measuring stick” in many 
ways that can be applied for a variety of purposes. Every topic introduced to this point could conceivably 
be developed and researched independently (without a taxonomy). However, the taxonomy provides a 
common framework — a benchmark — that unifies, expands, or otherwise enhances our collective 
scientific understanding of these organizations as populations. That such a tool had not yet been created 
still astounds me. Of course, that does not mean that this research is without limitations.  
 
11.5 Limitations 
 
 This research effort was exploratory and heuristic. In many cases, decisions were required to 
address challenges with full knowledge that in some cases, there might not be a “perfect” or “best” 
answer. This was as much about solving a puzzle as it was conducting quantitative research. With that in 
mind, I will briefly highlight and review several limitations of the research. 
 First, the study population was derived from a non-probability quota sample of 28 VOADs from a 
population of 57 study-eligible VOADs. Two important distinctions must be made. First, the classificatory 
scheme of the proposed taxonomy is valid so long as the study population reflects the full range of 
organizational subtypes and subgroups found in the population of VOADs. This can be tested and 
refined, as needed, but it does not depend on the number of organizations belonging to any given 
Descriptive Tag. It only depends on the adjusted dominant trait profiles for each Descriptive Tag. 
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Second, any results regarding the distribution of organizations across the 28 sampled VOADs are not 
generalizable to the population of 57 study-eligible VOADs without taking additional steps. To wit, a 
separate and planned research effort would be needed to compare the 28 sampled VOADs to the 29 un-
sampled VOADs to evaluate generalizability. This topic had absolutely no bearing on the research 
questions or the taxonomy. 
 Second, the study population was limited to VOAD member organizations. While the sample of 
VOADs used to create the study population was very large, it oversampled Small VOADs to ensure parity 
between the subpopulations of Large and Small VOAD members. Second, while the methods used to 
establish the sampling frame of 57 study-eligible VOADs were sound and consistent, there is no 
guarantee that this fully represents the actual population of study-eligible organizations. Regardless, the 
manner in which the study population was established provides two main methodological assurances 
for reliability: the VOAD stratification procedures and the large number of organizations.  
 Third, in terms of questionnaire development and design, well over half of the functional data 
had to be set aside or retained by vastly simplifying it (e.g., the data point regarding Specified Disaster 
Services). While it is very likely that this outcome was unavoidable based on the experiences of prior 
researchers, we now have a baseline for functional data that can be improved with additional research. 
As new (reliable and valid) data becomes available, the taxonomy can be modified accordingly. Also, 
remember that while the pursuit of functional classification had been the elusive “Holy Grail” for other 
researchers, the validation of using structural/operational traits for classifying organizations is by no 
means a failure. Even without functional classification, the benefits of this taxonomy are significant.  
 Fourth, the exploration of divisive clustering (k-means) was left inconclusive because I did not 
examine an adequate range of solutions. Because k-means and the average linkage algorithm 
(agglomerative clustering) both use means-based calculations, it is possible that the 3-cluster solutions 
for each approach would have been pragmatically identical. This was left untested. Overall, the 
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consistent and robust results identified using all other methodological permutations provide ample 
reliability. Namely, the variables regarding incorporation type (Charitable and the items from the 990 
Filing Status Construct) and faith always drove the development of the first tier clusters. 
 Fifth, the operational definition of the variable Chaptered may have been too narrow. It 
effectively only applied to Charitable organizations. While I made the decision to not consider 
congregations as “chapters” of their respective religions/denominations (i.e., a Methodist church would 
not be considered a “chapter” of a Methodist convention), there were other religious groups that may 
have been worthy of consideration as chapters (e.g., the eleven occurrences of Mennonite Disaster 
Services). Further analysis would be needed to assess this. 
 Sixth, the parsimonious and polythetic results were produced using a different unit of analysis. 
On a pragmatic basis, the main effect was that I could not directly compare the error rates for each set 
of results. Subsequent research should redo the polythetic results using the modified unit of analysis 
with adjusted dominant traits.  
 Seventh, the adjusted dominant trait process itself, while needed, led to results that might be 
misleading when compared to the raw, unadjusted values. Specifically, the analysis of strictly-defined 
and positively-defined traits used the adjusted dominant values. Secondary analyses should be 
conducted to calculate the unadjusted trait values and compare them to the adjusted value variable 
profiles. This comparison may lead to marginal improvements in the taxonomic classifications, but it is 
unlikely to modify the overall shape or structure of the taxonomy in a significant manner. 
 Eighth, I will revisit a specific and important choice made when developing the polythetic 
methods. Each set of quantitative results (corresponding to various model permutations) was literally 
statistically valid and defensible in its own right. I needed a means for choosing the best-fit set of results 
out of many. Remember the example of Habitat for Humanity, which clustered five different ways 
according to five different model permutations. I therefore developed the fit metrics from the 
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typological framework that I developed. The Descriptive Tags, originally intended for indexing purposes, 
would play a major role in the polythetic methods, and they would go on to become the new unit of 
analysis for the parsimonious methods. Using my typological framework as a process for evaluating the 
quantitative results was pragmatically necessary, but it also proved essential for meaning-in-context. 
The real question is whether or not the basic shape and structure of the taxonomy would have changed 
had I used a different approach. I am confident that the answer is “no” because the first tier clusters 
were almost universally based on the same considerations (incorporation type and faith). All other 
marginal difference between the models were based on the functional and financial/resource questions. 
 As a final point, the variable Self-Discloses Financial Information was a proxy variable meant to 
indirectly gauge an organization’s governance. As a proxy variable, follow-on research should further 
develop and solidify the construct of governance for this population. Furthermore, the general concept 
of governance is arguably closely aligned with the structural/operational domain, but the variable in 
question was assigned to the financial/resource domain. Regardless, I can conclude that the general 
construct of governance is worthy of further development with regard to the purpose of the taxonomy.  
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11.6 Final Thoughts 
 
 Recall from Chapter 2 that collective social capital has far-reaching implications. Individuals or 
organizations who participate in collective social capital endeavors are helping themselves, each other, 
and the broader community (regardless of the individual social capital available to any unique member 
of the community). VOADs are implicitly a deliberate attempt to create, expand, and share the benefits 
of collective social capital. Whether or not they do so in an informed manner is irrelevant.  
 The taxonomy’s highest value would be gained by explicitly applying it to research questions 
that explore collective social capital and social network theory. While these were among my motivations 
at the outset of the research, the mechanics of how to create a taxonomy took precedence over the 
original vision. Although I had to set my interest in the social theory topics aside (largely due to the type 
and nature available from the data sources), the ultimate product is ready for use to investigate social 
capital and social network theory.  

The degree to which VOADs have affected post-disaster outcomes is also largely undeveloped by 
the extant literature. Their impact remains largely un-quantified. However, the taxonomy is a tool that 
can help move investigations regarding impact forward, and it can also do so in a way that ties impact 
and outcomes back to social capital and social networks. This is how we can move the topic of 
organizational classification from theoretically “interesting” to essential. If the whole is truly greater 
than the sum of its parts, then the taxonomy is the mechanism that can support such calculations. It is 
not a product or an end unto itself. The taxonomy is just the beginning.  
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Appendix A – Supplementary Data On-Hand for VOADs 
 

The data collection instrument used for community organizations active in disasters (i.e., VOAD 
members) also collected information about the VOADs themselves. As a reminder, only 57 (35.4%) of 
the 161 VOADs identified were eligible for use in building the study population, which used a sample of 
28 of the VOADs (49.1% of the eligible population and 17.4% of the total population). Remember that 63 
(39.1%) of the VOADs identified in the study population either did not have a working website or did not 
provide membership lists on their website. 

A subset of questions from the data collection instrument (Appendix C) was specific to only 
VOADs, and another subset of questions could be used for either VOADs of VOAD member 
organizations. These data were retained and is available for analysis (full data is available for the eligible 
population of VOADs; partial data is available for the total population of VOADs). In fact, partial analysis 
and results are presented in Appendix B. The following key data points were collected for the VOADs.  
 - Name of VOAD [text]   - Website [text]    - Is the website working/active? [y/n]   - Is it a “CommunityOS” template website? [y/n]     (this was a common, shared template used by many VOAD websites)   - Number of member organizations provided on website [continuous] 
   - Does the VOAD have at least 10 member organizations listed? [y/n]   - Does the VOAD have 30 or more member organizations listed? [y/n]   - Is the VOAD incorporated as a charitable organization? [y/n] 
   - If yes, does it have an NTEE code? [y/n]   - If yes, what is the NTEE code? [three digit text]   - If yes, what was its revenue filing status for 2012? [categorical]  - If available from the VOAD’s website, Charity Navigator, or GuideStar, what was the organization’s revenue for 2013?  
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 - Copy/paste the organization’s mission statement, if present [text]   - Does the website specify preparedness programs, services, and activities? [y/n]   - Does the website specify response programs services, and activities? [y/n]   - Does the website specify recovery programs, services, and activities? [y/n]   - Copy/type all specified programs, services, and activities [text]   - What geographic area best corresponds to the VOAD’s service area? [ordinal] 
   - Is it a State-level VOAD? [y/n]   - If available, what is the population of the specified service area? [continuous]   (collected from 2010 census data; only used for discretely identified states    and counties; not immediately useful for “regional” VOADs were named)   - Does the VOAD identify specific leading organizations and/or psoitions? [y/n]   (examples: president, secretary, treasurer, committee chair, etc.) 
   - If yes, list the organizations identified [text]  - Does the VOAD website promote, mention, or encourage participation in any government- sponsored volunteer programs (e.g., CERT or MRC)? [y/n]  - Does the website provide the organization’s IRS Form 990 or other comprehensive financial information (e.g., an annual report or a budgetary statement)? [y/n]  - Does the website provide clear and unambiguous information about the VOAD’s sources of funding (e.g., grants, contracts, or donors)? [y/n]  - Does the website identify a fiscal sponsor for the VOAD? [y/n]  (this is only relevant for VOADs that are not incorporated as charitable organizations)  - Does the website provide any clear and unambiguous information regarding whether or not the VOAD provides or administers grants or financial assistance to other organizations? [y/n]  - Does the website list or provide links to its member and partner organizations (to include government agencies and departments)? [y/n]  - Does the website identify and/or direct visitors to any of the following social media platforms? [categorical, select all that apply]  - Are there any clear, unambiguous indications that this website has been updated or used in 2014? [y/n]  (sources: blog posts, document upload dates, meeting minutes/notes, calendars indicating upcoming events, etc.)  
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Appendix B – Partial Analysis and Results of VOAD Data 
 
 The following results and analysis were first prepared for a conference paper submitted to the 
3rd International Conference of Urban Disaster Reduction in conjunction with a breakout session 
presentation (Stajura 2014). The original paper was not published, but it may have been posted online in 
conjunction with conference information (an internet search has confirmed that the original conference 
paper is not currently available online). An edited version of the original conference paper is therefore 
provided here. It provides partial results and analysis of the data specific to VOADs (i.e., derived from 
the data points in Appendix A).  

The purpose of including this data is twofold. First, it provides more information about the 
population of VOADs that is useful for understanding how the study population of member 
organizations was built. Second, it demonstrates one way that the supplementary data regarding VOADs 
can be used for follow-on and supplementary research.  
 

Establishing the population of Voluntary Organizations Active in Disasters: A prerequisite for quantitative classification and analysis   
Adapted from Stajura (2014), an unpublished conference paper.   

 Voluntary Organizations Active in Disasters (VOADs) organize their members, community- and 
faith-based organizations (CBOs/FBOs), to facilitate their collective contribution to disaster response and 
recovery. Organized loosely under the National VOAD, they are unified by the goals of cooperation, 
communication, coordination, and collaboration. Their main roles are networking and coordinating. 
However, there is less clarity for more practical issues, such as their composition and structure, level of 
incorporation (if any), their levels of activity, etc.  
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 This paper summarizes 50 state and 112 local/regional VOADs. Data were collected via a 35-item 
content analysis survey of their websites, including data from other trusted third-party sources (e.g., 
GuideStar and Charity Navigator) regarding their functional, structural/operational, and financial 
characteristics. These data were collected as a preliminary step towards collecting and analyzing data on 
their 2,248 member organizations.  
 Most VOAD member organizations exist for purposes other than disasters. However, in a 
disaster, they possess the will and/or capacity to contribute to a community’s needs. VOADs exist for 
three principle reasons: (1) to convene and coordinate the efforts of these CBOs/FBOs; (2) to provide 
these organizations with expertise and guidance specific to disasters; and (3) to serve as a liaison 
between this population and government agencies responsible for managing emergencies and disasters.  
VOADs and their state and local government partners realize that CBOs/FBOs offer tremendous capacity 
to contribute to community disaster issues, and the healthy functioning of a VOAD plays a critical role in 
harnessing that capacity. At a fundamental level, VOADs are a practical exercise in creating collective 
social capital to be shared among the member organizations and for the benefit of the geographic 
communities that they serve. 
 Emergency management policy makers, practitioners, and researchers have long recognized 
that the unmanaged participation of these CBOs/FBOs can create many challenges. In light of that, 
VOADs provide a mechanism for bringing these organizations and their activities into the fold. This is a 
sound theory, but for the fact that VOADs are poorly understood, unevenly implemented and managed, 
and often under-resourced. There is no comprehensive or systematic understanding of how the VOAD 
model has proliferated or is being implemented. Most interested parties understand the model and how 
it should work; few have sought to evaluate how it is actually working. This research offers a first step 
towards resolving that issue. 
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Methods 
 This study began with establishing the population of VOADs. The National VOAD website lists 
state-level VOADs, and local VOADs were identified through state VOAD websites. This method 
produced a population of 50 state-level VOADs and 112 local (county or regional) VOADs. 
 Each VOAD’s website was then visited for three purposes.  First, it was important to establish if a 
VOAD even had a working website and when it was last used or updated. Second, each VOAD’s list of 
member organizations was recorded (if a list was provided) to establish the population of CBOs/FBOs 
active in disasters. Third, the content analysis survey was applied to each VOAD website for the purpose 
of collecting quantitative data. The survey was divided into five domains of questions: 
structural/operational, functional, socioeconomic/demographic, financial, and social. Most questions 
were dichotomous or categorical, with the addition of several questions that called for text-based 
answers (e.g., the mission statement or list of services provided).  
 
Results 
 Tables B1 and B2 provide basic summary statistics regarding VOAD websites and the number of 
member organizations reported on those websites. 
  Table B1. State VOAD Membership  

n (VOADs) % Member Organizations % VOAD Description 
4 8% 0 0% Website, but no member list 

20 40% 61 6.73% 1-9 member organizations  
8 16% 97 10.69% 10-19 member organizations  

18 36% 749 82.58% 20+ member organizations  
50 100% 907 100%  
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Table B2. Local VOAD Membership  
n (VOADs) % Member Organizations % VOAD Description 

38 33.93% 0 0% No website 
19 16.96% 0 0% Website, but no member list 
21 18.75% 115 8.58% 1-9 member organizations listed 
9 8.04% 128 9.55% 10-19 member organizations listed 

25 22.32% 1,098 81.88% 20+ member organizations listed 
112 100% 1,341 100%  

  There is significant variation in the size and composition of VOADs at both the state and local levels. 
Combined, 40% of state and local VOADs either do not have a website at all or do not provide a list of 
the VOAD’s member organizations. Combined, 27% of state and local VOADs account for 82% of all 
CBO/FBO member organizations.  
 Table B3 presents identifies the incorporation status of the VOADs. These data were 
crosschecked against the Charity Navigator and GuideStar databases. Table B4 presents information 
about whether their websites were updated with new information in 2014.  
 Table B3. State and Local VOAD Incorporation Status  

Level n (Incorporated) % 
State 9 (of 50) 18.00% 
Local 16 (of 112) 14.29% 

 25 (of 162) 15.43% 
  Table B4. State and Local VOAD Website Use  

Level n (Updated Website) % 
State 25 (of 50) 50.00% 
Local 35 (of 74) 47.30% 

 60 (of 124) 48.39% 
  Only a small percentage of VOADs are incorporated, and 13 of the 25 incorporated VOADs had 

insufficient financial activity in 2012 to require reporting their revenue to the IRS (they filed IRS Forms 
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990-N). Furthermore, four of the local VOADs are actually managed or sponsored by local chapters of 
the United Way, meaning that the IRS Forms 990 were for all United Way revenue (and not specific to 
the VOADs that they housed). The real question is whether or not the act of incorporating suggests 
organizational maturation that might carry over to the principal activities of a VOAD.  
 The issue of website currency was noteworthy. First, only 77% of state and local VOADs even 
have working websites. Of those that do, less than half have been updated or modified in 2014. This 
suggests a high number of dormant VOADs (assuming that they still exist at all, and assuming that 
activity can be inferred from website updates). Furthermore, the high rate of inactive websites (those 
which were not updated at any point in 2014) raises concerns about the validity and currency of their 
membership lists.  
 Table B5 compares the membership of incorporated VOADs to unincorporated VOADS. 
Remember that there is a low number of incorporated VOADs (n=25). The denominator for percentage 
calculations is the number of VOADs with membership lists. 
 

Table B5. Comparing Incorporated and Unincorporated VOAD Membership  
VOAD Category n (VOADs) % Members % Orgs/VOAD 

State – Incorporated 9 18% 332 36.60% 36.89 
State - Unincorporated (with member lists) 37 74% 575 63.40% 15.54 
Local – Incorporated 16 14% 431 32.25% 26.94 
Local - Unincorporated (with member lists) 38 86% 893 67.45% 23.50 

   Table B6 compares the website currency of incorporated VOADs to unincorporated VOADs. The 
denominator for percentage calculations is the number of VOADs with functional websites. 
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Table B6. Comparing Incorporated and Unincorporated Website Currency  
VOAD Category n (Website Updated) % 

State – Incorporated 8 (of 9) 88.89% 
State - Unincorporated (with website) 17 (of 41) 41.46% 
Local – Incorporated 9 (of 16) 56.25% 
Local - Unincorporated (with website) 26 (of 58) 44.83% 

  
The data demonstrate that incorporated VOADs have both more members and more current websites 
than their unincorporated counterparts. The differences between incorporated and unincorporated 
VOADs were more pronounced for state VOADs.  
 
Discussion 
 The following subsections provide an abbreviated discussion of key findings with respect to 
VOAD membership, website activity, and incorporation status. 
 Membership and Activity Variation. The data clearly indicate that there is wide variation of both 
membership and website activity levels among VOADs. Some VOADs have robust membership, 
accounting for a highly disproportionate percentage of the total number of member organizations of all 
VOADs, whereas many other VOADs seem to exist only on paper. This is further supported by the high 
number of VOADs with no websites or with websites that have not been modified or updated during 
2014. Some VOADs seem to be very active and healthy, but many others clearly do not. 
 Effects of Incorporation. Incorporated VOADs have more members and more current websites 
than unincorporated VOADs. The act of incorporating a VOAD seems to be indicative of a more 
organized effort put into establishing it. In other words, the individuals and organizations driving the 
VOAD are perhaps more serious and focused on developing the VOAD into a fully-functioning and 
autonomous entity.  
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 The exception, of course, deals with the four local VOADs that were housed by the local United 
Way (although the United Way has successfully incubated other nonprofit organizations that later 
became independent). It is also possible that incorporated VOADs are better supported by more active 
and dedicated staff, whereas most VOADs are staffed on a part-time basis by full time employees who 
work for CBOs/FBOs (usually key VOAD member organizations). In other words, VOAD management 
responsibilities are often an additional duty for individuals who already have full-time employment. 
Other implications and circumstances surrounding the issue of incorporation have yet to be studied. 
 
Conclusion 
 This research is part of a larger work in progress. To better understand VOADs and their 
CBO/FBO members, the first step is to define and quantify basic elements of the organizational 
population. After completing the VOAD survey data analysis, subsequent research will apply the content 
analysis survey to the 2,248 member organizations affiliated with these VOADs. Developing a taxonomy 
requires quantitative methods to replace the status quo, which is a simple typology of CBOs and FBOs 
(faith-based versus not faith-based) without consideration of their structural/operational, function, 
socioeconomic/demographic, financial, or social characteristics. This research represents a step in that 
process. Once the taxonomy is complete, researchers, policy makers and practitioners, and 
representatives of VOADs/CBOs/FBOs will have an easy-to-use research tool that offers distinct 
pragmatic advantages with regard to improving the capacity, capabilities, and activity of this population.  
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Appendix C – Data Collection Instrument 
 

All research assistants were trained using the full, expanded data collection instrument provided 
here. Data entry was performed using a Google Form. The Google Form used truncated questions and a 
slightly different format, but all research assistants had a printed copy of the full and complete data 
collection instrument (with full-text instructions and explanations) with them while collecting data.  
 Administrative and Screening Questions (response categories omitted for brevity)  a. What is the name of the person completing the survey for this organization?  b. What is the full name of the organization? [include place-name designators]  c. Is this organization a VOAD?  d. If this is a VOAD, then how many member organizations does it have?  e. If this is a VOAD, then is it a state or local VOAD?  f. If this is not a VOAD, then to which VOAD does this organization belong?   g. Does this organization have an active, functioning website?  h. What website used for collecting data on this organization?  i. If this is a VOAD, then is this a “CommunityOS” website? [n/a for member organizations]   Substantive Questions  Q1.  According to clearly identified and unambiguous information available from the website, is the organization faith-based (e.g., actually a religious institution or a nonprofit organization whose actions are inspired by faith)?  [structural/operational domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available     
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Q2. According to clearly indentified and unambiguous information available from the website, which category best describes this organization? [structural/operational domain]   1 = FBO congregation (a brick-and-mortar house of worship)  2 = FBO collective (multi-congregational, meta-congregational, or interfaith)  3 = FBO “other” (faith-based, but not a congregation or collective)  0 = not faith-based 8 = not sure/unclear 9 = no answer available    Q3.  According to clearly identified and unambiguous information from the website or a trusted, third-party source (e.g., Charity Navigator), what is the incorporation status of the organization?  [structural/operational domain]  1 = incorporated as charitable 2 = incorporated as religious 0 = unincorporated 8 = not sure/unclear 9 = no answer available    Q4. Does the organization have an NTEE Code (check Charity Navigator and GuideStar)? [structural/operational domain]   1 = yes  0 = no or n/a   Q5. If yes to Q4, enter the three digit NTEE Code. [structural/operational domain]   [text]  0 = n/a   Q6. What was the organization’s revenue filing status with the IRS in 2013? [structural/operational domain] Sources: organization’s website, Charity Navigator, or GuideStar  0 = it is not incorporated as a legal entity 1 = it was exempt from filing an IRS Form 990 because of its faith-based status 2 = it was required to file an IRS Form 990-N (no revenue) 3 = it was required to file an IRS Form 990-EZ (low revenue) 4 = it was required to file an IRS Form 990 8 = not sure/unclear 9 = no answer available    
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Q7. What was the organization’s revenue (if available) for 2013? [financial/resource domain]         Sources: IRS Form 990 if available (from any source); annual report or otherwise self-reported   [enter continuous value]  0 = no revenue value available   Q8.  According to clearly identified and unambiguous information from the website, is the organization a local chapter/branch/subsidiary of a larger organization?   Example: “The Salvation Army of _____________ [place name].” [structural/operational domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q9. If required to file an IRS Form 990 (any variant) [Q6], does that report account for the financial activity of all organizational chapters/branches/subsidiaries, or does each subordinate entity file its own separate and independent IRS Form 990? [structural/operational domain]    1 = consolidated IRS Form 990 for all chapters/branches 2 = chapters/branches file separate/independent IRS Forms 990 3 = The organization has no chapters/branches 0 = n/a – not required to file an IRS Form 990 8 = not sure/Unclear 9 = no answer available   Q10.  Does the organization’s website explicitly and unambiguously mention disaster services, activities, or programs?  References to disaster work can be found in the organization’s mission statement, purpose, “about us” section, or on web tabs/pages that list services, activities, and programs.  [functional domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available      
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Q11.  To what degree (if any) is the topic of disasters related to the organization’s mission statement? [functional domain]  2 = mission is exclusive to disasters (it is why the organization exists) 1 = mission includes disasters (it is part of a broader mission) 0 = disasters absent from mission statement 8 = not sure/unclear 9 = no answer available    Q12.  Copy/paste the organization’s mission statement from the website.  [functional domain]   [text, copy/paste]   Q13. According to specified activities, programs, and services listed on the organization’s website, does the organization offer or perform disaster preparedness activities/programs/services?  See definition.  [functional domain]  Preparedness activities/programs/services focus on enabling people and organizations to react if a disaster were to occur.  Examples of common preparedness activities include disaster education and training, collecting and managing disaster equipment and supplies, and developing disaster plans and relationships in anticipation of a disaster.    1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q14. According to specified activities, programs, and services listed on the organization’s website, does the organization offer or perform disaster response activities/programs/services?  See definition.  [functional domain]  Response activities/programs/services focus on lifesaving activities and the short term humanitarian needs of those affected by a disaster that has occurred.  Examples of common response activities include disaster assessment, search and rescue, medical triage, transport, and care, sheltering, feeding, and psychological support services.    1 = yes 0 = no 8 = not sure/unclear 9 = no answer available      
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Q15. According to specified activities, programs, and services listed on the organization’s website, does the organization offer or perform disaster recovery activities/programs/services?  See definition.  [functional domain]    Recovery activities/programs/services focus on post-disaster clean-up, rebuilding, longer term housing, financial assistance, client case management, and other needs of individuals and communities who have been affected by a disaster.     1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q16.  According to clear and unambiguous information from the website, does the organization provide "single function" or "multi-function" disaster services?  Are these specified for or transferable to disasters? In other words, how many services or types of services do they offer directly for or transferable to disasters?  [functional domain]   0 = no disaster services (specified or transferable)  1 = single function, disaster-specific  2 = single function, transferable  3 = multi-function, disaster-specific  4 = multi-function, transferable  8 = not sure/unclear  9 = no answer available   Q17.  Based on clear and unambiguous information from the website, does the organization provide disaster client casework services (i.e., a social worker/case manager who counsels and advises individuals and families affected by disasters over a period of time after the disaster)?    [functional domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q18. Enter any/all specific disaster services/programs/activities explicitly identified on the organization’s website [functional domain]   [“open-ended”; separate each service/program/activity by a semi-colon; 8=not sure/unclear; 9=no answer available] [the counts of different services/programs/activities might be used later]     
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Q19. Does the organization’s website specify a geographical/jurisdictional area for its services?  [structural/operational domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q20. If yes to Q19, then which category best matches the organization’s service area?  [structural/operational domain]  0 = n/a 1 = smaller than county-sized 2 = county- or multi-county 3 = state- or multi-state 4 = national 5 = international 8 = not sure/unclear 9 = no answer available   Q21.  Go to the state/local VOAD’s website.  Is this organization listed as a leading member of that VOAD (i.e., is it listed as filling a board seat or committee chair position for the VOAD)? [social, structural/operational, and functional domains]  1 = yes 0 = no 8 = not sure/unclear 9 = the state/local VOAD does not list or identify leading members   Q22. Based on any clear and unambiguous indicators in the website, is the organization’s membership (i.e., their staff or volunteers) drawn from a specific subpopulation based on demographic or socioeconomic characteristics or identity?  [demographic/socioeconomic domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q23.  If yes to Q22, specify the demographic/socioeconomic characteristics of the group(s) (e.g., “Lutherans”, “Asian Americans”, etc.).  [demographic/socioeconomic domain]  [text; 0 = n/a]   
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Q24. Does the organization exist for the purpose of serving the needs of vulnerable, at-risk, or hard-to-reach populations (e.g., minority populations, persons with disabilities, the homeless, or any other vulnerable group)?  [demographic/socioeconomic domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q25. If no to Q19, then does the organization provide services to meet the needs of vulnerable, at-risk, or hard-to-reach populations (e.g., minority populations, persons with disabilities, the homeless, or any other vulnerable group)?  [demographic/socioeconomic domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q26. If yes to Q24 or Q25, specify the demographic characteristics of the group(s).  [demographic/socioeconomic domain]  [open ended; 0 = n/a]   Q27.  Based on information from the website, is the organization a local entity of a government-sponsored program like CERT or MRC?  [functional and structural/operational domains]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q28.  If yes, is that program locally administered by a CBO/FBO or by a local government agency (e.g., fire, police, or public health)?   [functional, structural/operational, and social domains]  0 = n/a 1 = CBO/FBO 2 = local government 8 = not sure/unclear 9 = no answer available     
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Q29. Does the organizational website promote or encourage training from or participation with a government-sponsored volunteer program like CERT or MRC? [functional and structural/operational domains]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q30. Does the website provide the organization’s financial reports or information? [financial domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q31. Does the website identify or provide information about the sources of the organization’s funding?  [financial and social domains]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available    Q32. Does the website indicate if the organization administers financial assistance or in-kind donations/services to individuals/families or other organizations?  [financial, functional, and social domains]   0 = no  1 = yes – financial assistance to individuals/families  2 = yes – in-kind assistance to individuals/families  3 = yes – financial assistance to organizations  4 = yes – in-kind assistance to organizations  8 = not sure/unclear  9 = no answer available   Q33. Does the organization’s website list or provide links to its community partner organizations (including local government agencies)?  [social domain]  1 = yes 0 = no 8 = not sure/unclear 9 = no answer available  



345  

Q34. Does the organization’s website direct you to a social networking site for the organization (e.g., Facebook, Twitter, Youtube, etc.)?  [social domain] Select all that apply.  0 = no 1 = Facebook 2 = Twitter 3 = YouTube 4 = Instagram 5 = LinkedIn 6 = other 8 = not sure/unclear 9 = no answer available   35. Can you identify if the website was used or updated at any time in 2014. Look at the dates of posts, a calendar (see if it indicates new/upcoming events), or other indicators or when it was last used.   1 = yes 0 = no 8 = not sure/unclear 9 = no answer available     
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Appendix D – Supplement to Measures (Chapter 4) 
 
 This appendix supplements of supports specific portions of Chapter 4. It largely focuses on 
questions from the data collection instrument that were not used for variables in the cluster analyses. It 
also includes expanded discussion, where relevant. In all cases, the section headers orient the reader to 
specific related portions of Chapter 4. The following list summarizes the content of Appendix D: 
 

 Section D1 Supplements the Structural/Operational Domain (Section 4.2) 
Subsections cover unavailable data (with respect to the data sources), additional discussion about organizational service area, and questions/discussion regarding government-sponsored volunteer programs.  

 Section D2 Supplements the Functional Domain (Section 4.3) 
The emphasis is on questions that provided no utility for use as variables. This includes a detailed analysis of data for NTEE codes, presentation and discussion of failed transformations, and failed or discarded questions.   

 Section D3 Supplements the Financial/Resource (Section 4.4) 
Topics include extended discussion about the problems using and applying revenue for this population, detailed explanation about how the four ordinal revenue categories (which became variables) were created, and discussion of failed or discarded questions.  

 Section D4 Supplements the Socioeconomic/Demographic Domain (Section 4.5) 
The data sources did not provide adequate information regarding these questions.  

 
 Section D5 Supplements the Social Domain (Section 4.6) 

The data sources did not provide adequate information regarding these questions.  
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D1. Supplementary Content for the Structural/Operational Domain (Section 4.2) 
 
 This section covers three topics: unavailable data, extended discussion for organizational service 
area, and government-sponsored volunteer programs. 
 
D1.1 Assessment of Data Sources (Structural/Operational Domain) 
 
 There were several structural/operational questions that I would have liked to have answered, 
but these proved infeasible across the population. For example, I would have liked to document the 
number of full-time staff working at any particular organization (or chapter of an organization). I would 
have liked to have documented the number of volunteer hours provided to any particular organization 
(or chapter of an organization). While this type of data was available on some organizational websites or 
IRS paperwork, I could not use it. This is because well more than half of the records in my dataset would 
have had missing data for these questions. I could only use data points which were available for all (or 
nearly all) of the organizations in the dataset.  
 
D1.2 Supplemental Discussion Regarding Service Area 
 
 Organizational service area was an important consideration for singleton (n=1) organizations 
with the trait 990 – No Chapters. These were largely grouped together into functionally-defined 
Descriptive Tags. It was also useful for chaptered organizations with the trait 990 – Independent. 
Organizations with either of these traits were distinguished by having high proportions of unique data 
sources within each Descriptive Tag. The following discussion focuses on service area considerations for 
other organizations. 
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 For organizations with the trait 990 – Consolidated, service area was not always a useful 
consideration. The American Red Cross is the prime example. While each American Red Cross chapter 
primarily serves a specific geographic area (e.g., the American Red Cross of Central Texas or the 
American Red Cross of Northern New Jersey), the national structure and operational capacity of the 
American Red Cross is designed for nationwide response and resource sharing. If a large earthquake 
were to occur in Seattle, American Red Cross volunteers, supplies, equipment, and dollars would be 
rapidly mobilized across the nation; that is by design. This is not to say that independently-chaptered 
organizations like Catholic Charities or the United Way would not seek to do the same; the difference is 
that the structural/operational aspects of these organizations are not optimized to react the same way 
as they are for organizations like the American Red Cross. Thus, the American Red Cross (n=28) is coded 
as having a national service area, but independently-chaptered organizations are not.  
 With regard to religious organizations, most congregations (individual brick-and-mortar places 
of worship) served areas smaller than a county, whereas collectives (e.g., conventions, presbyteries, 
dioceses, synods, etc.) served larger geographic areas. For the Salvation Army, the disaster services units 
often covered multi-county regions or states. For example, The Salvation Army Southern California 
Division disaster services area includes Orange, Los Angeles, Ventura, Santa Barbara, and San Luis 
Obispo counties. For each organization, evidence to support the appropriate answer was provided on 
the organization’s website.  
 Regarding international organizations, it seemed curious as to why international development 
and relief organizations (which primarily focus their efforts on developing countries) might join a State 
or Local VOAD. While largely anecdotal, the explanation seems to be provided by specific instances of 
disaster response. For example, many international development and relief agencies participated in the 
collective response to Hurricane Katrina (as well as other disasters). It seems they learned that 
membership in State and Local VOADs facilitates their disaster response and recovery participation. If 
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they want to be in a position to participate in domestic disaster relief efforts that they normally perform 
overseas, then VOADs are the appropriate conduit for their efforts. In other cases, the headquarters, 
volunteer base, or donor base of a particular international non-governmental organization might have 
strong ties to its Local or State VOAD. 
 
D1.3 Government-Sponsored Volunteer Programs 

 
A special class of ubiquitous, locally-managed disaster volunteer programs must be considered 

along with the universe of community organizations active in disasters. The most well-known are 
Community Emergency Response Teams (CERT) and the Medical Reserve Corps (MRC), which are 
primarily managed by local government agencies. There are also variants of these programs and a 
variety of lesser-known programs. These groups pose methodological challenges, but no serious 
discussion of community disaster organizations can ignore them.  
 CERT, managed under FEMA, provides standardized training to lay disaster responders. Most 
local CERT programs across the nation (n=2,368) actively maintain a pool of trained volunteers (Citizen 
Corps CERT website). These programs are meant to increase local disaster response capacity. They are 
usually administered by local fire service or law enforcement agencies. Some local community 
organizations, however, are authorized to manage CERT programs. For example, the American Red Cross 
started the CERT program in a Northern California county, and the Salvation Army manages the CERT 
program for a county in western New York. The size and activity of CERT programs varies widely, but the 
clear issue is that it is not an incorporated organization in its own right. As a result, CERT presence and 
activity may not be apparent in the study population (i.e., they might be difficult to identify).  
 The Office of the Surgeon General oversees the MRC program, which has 981 locally-
administered units (MRC Website). The MRC volunteer base is primarily comprised of licensed/certified 
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health care providers of all levels. They generally train to support local health services and public health 
agencies for a wide range of disaster scenarios that require a surge capacity for health care providers. 
Most MRC units are administered by local public health departments or emergency medical services 
agencies. This is not always the case, though. One MRC unit in rural North Carolina that covers a 19-
county region is managed by a church. MRC units express a range of activity and involvement. Like CERT, 
they are not incorporated organizations, but they are still a part of the local organizational ecology. The 
challenge may be identifying them in the study population.  
 There are other lesser-known organizations and programs like these. Examples include local 
volunteer search-and-rescue teams, lay crisis-counseling volunteer programs, etc. These are often latent 
in the universe of community organizations active in disasters. Follow on research might attempt an 
effort to account for their presence and role.  
 
Questions Regarding Government Sponsored Volunteer Programs 
 A series of three questions on the data collection instrument asked about government-
sponsored programs like CERT or MRC. In the end, this only applied to 6 of 660 (0.91%) organizations in 
the dataset. These questions were therefore dropped from the analyses because they represented a 
virtual constant value (0,1). To repeat a point made earlier, it is possible that other similar programs may 
have been present within the population, but they were only retained for the study if they were 
specifically named as VOAD member organizations.  
 
  



351  

D2. Supplementary Content for the Functional Domain (Section 4.3) 
 
 This section includes four topics: NTEE codes, website content and mission statements, disaster 
phase activity, and the type/nature of delivered aid. Emphasis is on questions that did not advance to 
become variables for the analyses. As stated in Chapter 4, most functional domain questions failed. This 
was largely due to data with little or no utility, poor data quality, or poor question design. The section 
also discusses attempts to retain data by transformation, where relevant. 
 
D2.1 NTEE Codes 
 
 NTEE is an IRS acronym for National Taxonomy of Exempt Entities. Presumptively, all 
incorporated nonprofit organizations (both charitable and religious) are assigned a three-digit 
alphanumeric code that categorizes the organizations by function or service. The code starts with a 
letter that is designated as the “Major Code” (i.e., a main category).  

If I want reliable information regarding core organizational functions, then the NTEE codes are a 
logical place to start (in theory). The reality is far different (a fact validated by other researchers who 
attempted to use NTEE codes, as discussed in Chapter 2). I was still required to make a good-faith effort 
to use this data point in my own research before trying other techniques.  

In practice, I learned three key facts that made NTEE codes effectively useless for my analytical 
needs. First, more than half of the organizations in my dataset did not have an NTEE code. Second, there 
was a severe imbalance between charitable and religious organizations (most religious organizations did 
not have an NTEE code). Third, the NTEE codes assigned to an organization can be highly unreliable or 
misleading when we consider that the NTEE code is supposed to correspond to what any given 
organization does (in a broad sense). I will now document what I learned regarding my investigation into 
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NTEE codes for this specific study population, but the conclusion is already evident. Still, this process 
was necessary. 
 First, over half of the organizations in the study population did not have an NTEE code 
documented in either Charity Navigator or Guidestar (these organizations draw their data directly from 
the IRS database, which is populated by data provided by the individual organizations). The 
organizations are supposed to nominate themselves for an NTEE code at the time that they file 
incorporation paperwork. My first reaction was that perhaps there was variation among charitable and 
religious organizations. I discovered such variation, as shown in Table D1, but the results still left the 
NTEE data unusable.  
 

Table D1: NTEE Codes for Charitable and Religious Organizations 
Organizational Type n (with NTEE) n (Total) % 

Charitable (not faith-based) 220 273 80.6% 
Charitable (faith-based) 76 153 49.7% 

Religious (congregations and collectives) 28 206 13.6% 
Unincorporated (NTEE not applicable) 0 28 n/a 

Total 324 660 49.1% 
 
Considering the number of missing values in even the best of those categories, the NTEE data had to be 
set aside. To be useful for hierarchical cluster analysis, a high percentage of missing values is not 
acceptable. Furthermore, attempts to impute missing data proved very problematic with NTEE codes.  

For chaptered organizations, there was an opportunity to systematically fill in some of the 
missing values with a reasonable degree of validity. For example, there were eight different Habitat for 
Humanity chapters in the dataset. Four of these had an NTEE code of L20 (L20 = Housing Development, 
Construction, Management organizations). The other four organizations did not have an NTEE code. It 
might be reasonable to assume that these organizations should have a code of L20, as well. Each Habitat 
for Humanity chapter is independently incorporated and autonomous, and the chapters file separate IRS 
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Forms 990. Similarly, 12 of the 21 United Way chapters had an NTEE code of T70 (T70 = Fundraising 
Organizations that Cross Categories). I could fill in the missing United Way NTEE codes with a value of 
T70 and be reasonably confident that it was an appropriate step. Both Habitat for Humanity and the 
United Way are independently incorporated chapters of larger national organizations. The problem was 
that chaptered organizations only comprised 34.2% of my dataset, and only 16.2% of the dataset was 
comprised of independently-incorporated chaptered organizations. 

The main problems (with regard to missing values and the opportunity to impute missing values) 
were with un-chaptered and religious organizations. For example, I identified thirteen charitable 
organizations that primarily served persons with disabilities. Among these thirteen organizations, I 
identified nine distinct NTEE codes (belonging to six separate Major Code categories). It would be 
virtually impossible to reasonably impute missing codes for organizations like these.  

Furthermore, such efforts to manipulate the IRS data provided through Charity Navigator and 
Guidestar would violate the spirit of the research methods. It was not a straightforward process 
considering the variety of organizations in the dataset. Any researcher attempting to independently 
access NTEE data to replicate or expand the research in this dissertation would have to precisely 
replicate the missing data, which is over half of the dataset. Since my attempt to use NTEE data 
validated the experience of earlier researchers, I reached the same conclusion that they had. NTEE data 
is not useful for the quantitative analysis of nonprofit organizations in my study population.  
 As a final caution, there is concern that not all NTEE codes are an appropriate descriptor of the 
organization to which they are assigned. The earlier example of L20 for Habitat for Humanity shows face 
value congruence between the code and what the organization does; there is no issue with this 
example. However, other organizations exhibit a less clear linkage.  

One stunning example is Emergency Network Los Angeles (ENLA), the VOAD organization for Los 
Angeles County (i.e., not a VOAD member organization, but the VOAD itself). Its NTEE code is E62, which 
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corresponds to Emergency Medical Services and Transport organizations. That code is commonly used 
by nonprofit ambulance services; ENLA does not provide this service (and it never has). The NTEE code 
makes no sense for this organization. Consider that NTEE code M20 is used for Disaster Preparedness 
and Relief Services. M20, along with a number of other NTEE codes, would logically serve as a better 
substitute than E62 to classify ENLA. However, since ENLA was originally incorporated using an NTEE 
code that corresponds to ambulance service providers, it will likely keep that code forever.  

As another example, the American Red Cross is classified under the major NTEE code “P” 
(Human Services) rather than “M” (Public Safety, Disaster Preparedness, and Relief). They chose that 
code for a reason, but it is not helpful for researchers attempting to study organizational functions. This 
is another reason why NTEE codes are unreliable for quantitative research.  
 In spite of the concerns expressed about the utility of NTEE codes for quantitative analysis, 
further examination of the NTEE codes provided useful (albeit incomplete) insights about the 
population. These insights can generally characterize the population in very broad strokes. Recall from 
Table D1 (above) that 296 of the 324 (91.4%) NTEE codes in the following table apply to charitable 
organizations (both faith-based and not faith-based). There are 426 charitable organizations in the study 
population, so Table D2 accounts for 69.5% of them.    
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Table D2: NTEE Codes for Charitable Organizations 
Major Code Sector Unique NTEE Codes in the Sector n (Organizations) % (of 324) 

A Arts, Culture, and Humanities 4 (A34, A68, A80, A99) 10 3.1% 
B Education 4 (B11, B42, B43, B82) 4 1.2% 
C Environment  1 (C99) 1 0.3% 
D Animal-Related 2 (D20, D99) 17 5.2% 

E Health Care 10 (E00, E01, E11, E22, E30,  E31, E39, E60, E62, E99) 13 4.0% 
F Mental Health and Crisis  Intervention 7 (F00, F11, F20, F30, F40, F60, F80) 8 2.5% 
G Diseases, Disorders, and  Medical Disciplines 3 (G12, G20, G83) 3 0.9% 
H Medical Research 2  (H50, H83) 2 0.6% 
I Crime and Legal-Related 2 (I72, I80) 3 0.9% 
J Employment 2 (J32, J33) 2 0.6% 
K Food, Agriculture, and Nutrition 6 (K11, K30, K31, K33, K36, K99) 25 7.7% 
L Housing and Shelter 5 (L20, L21, L22, L41, L80) 13 4.0% 
M Public Safety, Disaster  Preparedness, and Relief 5 (M03, M20, M23, M29, M41) 37 11.4% 
N Recreation and Sports 1 (N20) 1 0.3% 
O Youth Development 2 (O02, O42) 3 0.9% 

P Human Services 
18 (P02, P20, P21, P30, P33, P40, P46,  P50, P58, P60, P70, P75, P80, P81,  P82, P84, P85, P99) 

93 28.7% 

Q International, Foreign Affairs,  and National Security 4 (Q12, Q19, Q30, Q33)  38 11.7% 
S Community Improvement  and Capacity Building 3 (S20, S80, S82) 4 1.2% 
T Philanthropy, Voluntarism,  and Grantmaking  6  (T12, T20, T30, T31, T40, T70) 29 9.0% 
X Religion-Related 5 (X03, X11, X20, X21, X99) 14 4.3% 
Z Unknown, Unclassified 1 (Z99) 4 1.2% 

 



356  

Bear in mind that these NTEE codes represent less than half of the organizations in the dataset. 
Also, remember that the purpose of a VOAD is to bring together community- and faith-based 
organizations at the state or local levels for the purpose of coordinating disaster preparedness, 
response, and recovery. Only 11.4% of the 324 VOAD members with NTEE codes begin with the letter M 
(Public Safety, Disaster Preparedness, and Relief). With 21 Major Codes (the letter) represented in the 
dataset, this makes these organizations the third most common type of organization. Human services 
organizations (Major Code = P) are most common, at 28.7% of the dataset. Furthermore, only three of 
the 21 Major Codes are over 10%, accounting for a combined 51.9% of the 324 organizations with NTEE 
codes. This reinforces the fact that most VOAD member organizations exist for purposes other than 
disasters, but they convene with VOADs to contribute to disaster response and recovery efforts.  
 I had also developed an indexing variable called “Descriptive Tag” for each organization in the 
dataset (see Section 4.7). When I began, I had established 38 descriptive tags for the population (this 
was later revised and expanded to 47). I used this variable to group similar organizations. For example, 
each of the 30 food banks was assigned the Descriptive Tag “Food Bank”. Each of the 28 American Red 
Cross chapters was assigned the Descriptive Tag “ARC”.  
 When comparing the NTEE codes in Table D2 to the Descriptive Tags, there were some 
interesting congruencies. For example, I assigned the “Animal Services” tag to 25 organizations; there 
are 17 organizations in the table above with Major Code D (Animal-Related). I assigned “Food Bank” tags 
to 30 organizations; there are 25 NTEE organizations with Major Code K (Food, Agriculture, and 
Nutrition). The discrepancies can be largely attributed to either missing NTEE codes or to organizations 
with different NTEE codes that do not describe the organizations’ services at face value. The exact 
magnitude attributable to these issues across the entire population is unclear, but we can test these two 
examples. Table D3 presents the NTEE codes for the 25 organizations tagged “Animal Services”. Table D4 
presents the NTEE codes for the 30 organizations tagged “Food Bank”. 
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Table D3: NTEE Codes of the Animal Services Organizations 

NTEE Major Code Sector n %  (out of 25) 
D Animal-Related 17 68.0% 
M Public Safety, Disaster Preparedness, and Relief 4 16.0% 
P Human Services 1 4.0% 

Missing n/a 3 12.0% 
  25 100% 

 
  

Table D4: NTEE Codes of the Food Banks 
NTEE Major Code Sector n %  (out of 30) 

K Food, Agriculture, and Nutrition 21 70.0% 
S Community Improvement and Capacity Building 1 3.3% 

Missing n/a 8 26.7% 
  30 100% 

 
 In both of these examples, the majority of organizations assigned a descriptive tag of “Animal 
Services” or “Food Bank” also had an NTEE code congruent with those tags. However, sizeable 
minorities for both tags had either missing NTEE codes or NTEE codes that corresponded to other 
functions. The finding that NTEE codes are not useful for quantitatively classifying these organizations 
still holds.  
 In summary, NTEE codes provide for some interesting observations. If they had been complete, 
accurate, and reliable, then the end product of this dissertation might have even been unnecessary. At 
the very least, the taxonomy would have looked very different.  
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D2.2 Website Content and Mission Statement 
 
 This content is supplementary discussion for Section 4.3.3.  

I documented whether or not an organizational website made any mention of disasters (at all). 
This was a dichotomous variable. It made no effort to assess the amount or quality of content. 
Surprisingly, only 425 of 660 (64.4%) of the websites made any mention of disasters. I have already 
noted that most organizations in the study population existed for purposes other than disasters. 
However, VOADs also generally encourage their member organizations to include appropriate disaster 
preparedness, response, and recovery information in their materials.  

Here are some examples. I identified 12 organizations that primarily focused on children’s 
services and issues; none made any mention of disasters on their websites. I identified thirteen disability 
services organizations; only two mentioned disasters on their websites. Of 30 food banks, only 13 made 
any mention of disasters. This variable did not survive the screening criteria (described subsequently in 
Chapter 5) to be used for the cluster analyses, but it still provides interesting insight regarding the 
population of VOAD member organizations. Over one-third of VOAD member organizations make no 
mention of disasters on their websites.  
 
D2.3 Disaster Phase Activity 
 
 This content is supplementary discussion for Section 4.3.3. The following discussion explains 
why I dropped the preparedness phase from consideration after reviewing the descriptive statistics and 
attempting to use that data in attempted variable combinations. First, an organization cannot 
successfully engage in response or recovery unless it has adequately prepared itself (through training, 
etc.) to participate in these phases. I therefore suspect that even if it were not explicitly indicated on the 
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website, it can be implicitly assumed that any organization engaged in response or recovery must have 
gone through some degree of preparedness.  
 There are other issues regarding preparedness, though. First, the data collection instrument did 
not document the audience or recipient of an organization’s preparedness activities, programs, and 
services. Such actions could be oriented internally or externally. For example, many organizations 
develop business continuity plans to facilitate their ability to function during and after a disaster. This is 
an inwardly-oriented preparedness activity that may be focused only on the organization’s staff, or it 
may indirectly be for the benefit of the organization’s clients if they provide services that will be needed 
during or after a disaster (example: if the organization plans to provide feeding services to a community 
after a disaster, then their preparedness activities must account for their internal staff and volunteers to 
be able to deliver these services).  

As a different example, some organizations provide disaster preparedness presentations in their 
communities (these are often oriented towards individual/household level preparedness). This is an 
externally-oriented preparedness activity. Furthermore, evidence of passive disaster preparedness 
existed on the websites. If an organization posted information about disaster preparedness kits on its 
website, did that truly constitute a preparedness activity? The overall point is that the topic of 
preparedness is more complex than it seems at face value.  
 Other preparedness activities might include establishing formal agreements with partner 
organizations or stockpiling supplies. Are the supplies intended for use by the organization’s staff, or are 
they being stockpiled with the intent that they be distributed to members of the community? The data 
collection instrument was not designed to pick up on such nuances. It was not able to assess the quality 
or degree of such activities, either.  

Finally, there was one more logical hurdle. By becoming VOAD members, every organization in 
the study population had already engaged in a discrete preparedness activity (whether it was 
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documented on the website or not). All VOAD-sponsored meetings, training sessions, information 
sharing, and other collaborations are implicitly a form of preparedness. However, as with any other 
preparedness activity, there was no way to evaluate the degree to which these behaviors translated to 
actual preparedness.  
 Due to this series of questions and concerns, I decided to drop preparedness from consideration 
as a variable that would be used in the analyses and focus my attention on response and recovery. The 
main reason for this was that response and recovery activities, programs, and services were for the most 
part externally-oriented (i.e., these behaviors were for the benefit of the community). If an organization 
were to provide disaster sheltering, then it was for the benefit of others (not their own staff). Also, these 
were more “active” behaviors that were more readily identifiable than some preparedness behaviors.  
 The following content explores attempted variable combinations using the disaster phase data. 
Before deciding to drop preparedness from consideration, I had gone through several combinations and 
transformations of the three dichotomous disaster phase variables (preparedness, response, and 
recovery). In other words, I only dropped preparedness from consideration after making several 
attempts to use that data. I also wanted to see what combinations of phases were evident in the 
website content of the study population. Table D5 presents one of these transformations.  
 

Table D5: Disaster Phase Summary Statistics (Transformation 1) 
Disaster Phase Combinations n % 

Preparedness Response Recovery 217 32.9% 
Preparedness   35 5.3% 
Preparedness Response  31 4.7% 
Preparedness  Recovery 33 5.0% 

 Response  18 2.7% 
 Response Recovery 64 9.7% 
  Recovery 90 13.6% 

None of the Above 172 26.1% 
Total 660 100% 
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The original three variables could produce eight possible combinations. Almost a full third of 
organizations in the dataset provided evidence of activity in all three disaster phases. Roughly one-
fourth provided no evidence on their websites of disaster activity (specified or transferable). When 
looking at organizations oriented solely towards one disaster phase, note that 13.6% of organizations in 
the dataset were exclusively oriented towards disaster recovery. The main reason I did not use this set 
of combined variables was that five of the eight response categories have very low n-values (less than 
10% of the study population). When performing preliminary analyses, only the categories with higher n-
values were noteworthy. 
 Because of this, I attempted a different transformation that simply counted the number of 
phases in which any organization might be involved. Table D6 presents these data.  
 

Table D6: Disaster Phase Summary Statistics (Transformation 2) 
Disaster Phase Combinations n % 

Three Phases 217 32.9% 
Two Phases 128 19.4% 
One Phase 143 21.7% 
No Phases 172 26.1% 

Total 660 100% 
 
This transformation produced four categories with n-values that were much more suitable for analysis. 
However, I also lost the degree of fidelity offered by the eight-category transformation. If an 
organization provided evidence of being involved in two disaster phases, I had no way of determining 
which two phases were involved.  
 The following content discusses attempted variable combinations and transformations 
regarding the specificity and transferability of organizational functions with respect to disasters. One 
poorly designed question attempted to collect data It should have been at least two questions, but it 
was also complicated by poor data quality from the sources.  
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 This question required substantial time following the initial data collection. First, I had to re-visit 
approximately one-third of the websites to verify (and if required correct) the original data. Even having 
applied my best judgment, it was clear that there was too much interpretability regarding whether or 
not certain organizations’ behaviors were transferable to or unrelated to disasters. Furthermore, I noted 
that many multi-service organizations had a mix of activities that could easily be sorted among the three 
possibilities of specified, transferable, or unrelated disasters. I also noted that even among narrow-
focus, single-issue organizations, there were often multiple complementary services.  
 I attempted recoding the variable several ways. First, I teased out the results of the original 
variable into the two variables which should have been present from the start. Tables D7 and D8 present 
the results. 

 
Table D7: Single v. Multi-Service Summary Statistics 

 n % 
Single-Service 160 24.2% 
Multi-Service 378 57.3% 

No Related Services 122 18.5% 
Total 660 100% 

 
Table D8: Specified v. Transferable Service Summary Statistics 

 n % 
Specified 357 54.1% 

Transferable 181 27.4% 
No Related Services 122 18.5% 

Total 660 100% 
 

Having done this, I continued with preliminary analyses (using both the original variable and the 
transformed variables). I discovered that these variables would not be appropriate for use in the cluster 
analyses for several reasons (i.e., poor question design, high correlations with other variables, etc.) I 
then attempted another transformation of the variable to retain the data in the model; this 



363  

transformation was based on the assumption that there might be no meaningful difference between the 
categories “Transferable” and “No Related Services”. This revision is presented in Table D9.  
 

Table D9: Disaster Function Summary Statistics (Transformed) 
 n % 

Single-Function / Specified 82 12.4% 
Multi-Function / Specified 275 41.7% 

Transferable 303 45.9% 
Total 660 100% 

 
I performed the preliminary analyses again with this new variable. The same problems were evident. 

A separate text-response question documented the actual programs, services, and activities 
provided by the organization. The purpose for doing this was to allow for secondary qualitative analysis 
at a later point in time (i.e., this was not required to achieve the dissertation’s research aims). Text-
based answers were recorded for 455 of 660 (68.9%) of the organizations in the study population. 
Preliminary evaluation of the text-based data supports the observations of Salamon and Anheier (1992a 
and 1992b) that organizations use inconsistent and imprecise language to identify or define their 
programs, services, and activities. This was one of the major reasons why they determined that 
functional data was not useful for classifying nonprofit organizations. My experience reflects theirs.  
 
D2.4 Type and Nature of Aid 
 
 The data collection instrument asked a question regarding whether or not organizations in the 
study population provided material assistance (financial or in-kind donations) according to information 
on their websites. However, as with the previous question, this one was flawed by design. It was a 
categorical question with four valid response categories that should have actually been designed as two 
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separate questions. Furthermore, as with the previous question about the number and applicability of 
services, this question proved difficult to answer based on information from organizational websites.  
 First, the question did not distinguish between direct financial aid, in-kind donated goods, and 
donated services, but it should have. I will provide some examples specific to the study population. 
Some organizations, such as Tzu Chi, have provided pre-paid cash cards to disaster victims. This is direct 
financial aid. Some organizations collect, manage, and distribute donated goods. For example, the 
Salvation Army and other organizations operate thrift stores. Disaster victims may be eligible to receive 
vouchers that allow them to replace clothing and household goods with items in these thrift stores. 
Organizations like the American Red Cross provide food (whether to individual families or in large 
groups at disaster shelters). Organizations like Team Rubicon and NECHAMA send teams to help clean 
up disaster debris and conduct repairs on damaged properties (this is an example of a donated service). 
Also, amateur radio clubs donate their services as ham radio operators in disaster zones where 
additional communications resources are needed.  
 The second level of the question asked about whether the donations were provided to 
individual families/households or to other organizations. For example, many food banks directly provide 
food to needy families, but they also provide food to client organizations. Organizations like the United 
Way do not provide grants to families/households, but they are a major source of funding for 
community organizations that provide direct services. Amateur radio operators generally provide 
communications for organizations.  
 This question had at least two dimensions (type of assistance and recipient of assistance), and 
each of these was a complex issue that could not be fully addressed by the question used on the data 
collection instrument. This was made more difficult by the availability and reliability of data. Data 
collection was limited to information available on each organization’s website or through a trusted, 
third-party source like Charity Navigator. However, many organizations provide aid that is not captured.  
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For example, Stajura (2010) reported that the Sayre Fire Long Term Recovery Group was 
attempting to manage and document the aid provided to victims of the 2008 Sayre Fire in Los Angeles. 
One of their efforts was to ensure the equitable distribution of resources to families based on need. This 
involved avoiding the duplication of aid, in which two organizations might independently provide the 
same resource to a family/household. During the course of their work, they discovered that local 
churches affiliated with the long term recovery group had been directly distributing aid to families, but 
there had been no accounting of this aid. In reality, this sort of assistance is both common and very 
difficult to identify. Thus, a great deal of direct aid is often unaccounted for.  
 The ultimate point is that this question was flawed from the beginning. Even if the question 
used on the data collection instrument was not flawed, the utility and reliability of information available 
in this study’s data sources could not fully support the purpose of the question. Finally, it can be argued 
that the overwhelming majority of VOAD member organizations provide some form of material 
assistance (whether directly or indirectly) to disaster victims. That would make this question a moot 
point, and the real issue would turn to quantifying and monetizing the value and types of aid given. This 
question (and the research methods of this dissertation) could not adequately address that topic.  
 Due to quality control issues with the data collection for this question, it was ultimately 
reframed as a simple dichotomous variable: did the organization being surveyed give anything (money, 
goods, or services) to anyone (household/family or another organization). Based on information 
provided on the organizational websites, I determined that 427 of 660 (64.7%) of organizations in the 
study population provided some sort of material aid. However, the level of detail within the original 
response categories was lost. Furthermore, upon preliminary analysis of correlations and my initial 
round of cluster analyses, I determined that this variable added no value to the classificatory process. 
The question was therefore removed from consideration.  
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D3. Supplementary Content for the Financial/Resource Domain (Section 4.4) 
 
 This section presents data and expanded discussion regarding organizational revenue. It also 
explains how the four ordinal revenue categories were developed. This involved developing an ad hoc 
imputation method for religious organizations with unavailable revenue data. Finally, this section 
discusses questions from this domain that did not advance to become variables.  
 
D3.1 Evaluating Revenue Averages and Ranges 
 

While very large and very well-funded organizations compel attention, I conducted an 
experiment regarding the revenue of the other charitable organizations in the dataset. I removed 
revenue values for the American Red Cross (n=28), the United Way (n=21), The Salvation Army (n=23), 
Catholic Charities (n=19), Feeding America (n=2, revenue = $1.94 billion), and all religious (reporting 
exempt) organizations.  

The mean revenue of all remaining organizations (with duplicate values removed) was $30 
million. This was driven by a handful of high revenue international organizations such as World Vision 
(revenue = $980.97 million), Save the Children (revenue = $576.5 million), and Samaritan’s Purse 
(revenue = $376.1 million); keep in mind that these international organizations devote the 
overwhelming majority of their funding to programs in developing nations.  

In comparison to the mean revenue of $30 million, the median revenue for all remaining 
organizations (with duplicate values removed) was only $1.7 million. The point I am making is that while 
the population of VOAD member organizations is clearly dominated by well-funded organizations that 
are represented in multiple VOADs, there are also many small organizations that operate on a 
comparatively shoestring budget. After removing the financially dominant organizations, the median 
revenue for the remaining VOAD member organizations was a mere $1.7 million.  
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The dataset also had 71 organizations with a revenue value of $0 for 2013. Most of these were, 
in fact, organizations with no revenue. However, 28 of them were unincorporated entities for which 
there was no way of determining the revenue within the dissertation’s methods (e.g., the Olathe Fire 
Department’s CERT program, a member of the Kansas VOAD). I removed all $0 revenue values from the 
dataset and recalculated the mean and median organizational revenues cited in the previous paragraph. 
As before, I also removed revenue values for the American Red Cross (n=28), the United Way (n=21), 
The Salvation Army (n=23), Catholic Charities (n=19), Feeding America (revenue = $1.94 billion), and all 
religious (reporting exempt) organizations. I also removed all duplicated revenue values (i.e., 
organizations that had their revenue repeated more than once in the dataset).  

Having removed all of these special cases, the dataset had 207 unique revenue values remaining 
(all charitable organizations). The mean revenue was now $40 million per organization, up from $30 
million (still dominated by a small handful of well-funded organizations). The median revenue was now 
$4.4 million per organization, up from $1.7 million. In other words, the difference between well-funded 
organizations and poorly-funded organizations was still striking and meaningful.  

I will now assess the “within group” revenues of three organizational subsets to provide a 
comparison to the rest of the population. There were 19 Catholic Charities organizations represented 
among the 28 VOADs, but in three instances, the VOAD member was identified as Catholic Charities 
USA, the national parent organization, rather than a chapter (I can only opine that there were no local 
chapters in these specific areas). For the 16 distinct chapters, the mean revenue was $19.4 million, with 
a median revenue of $15.2 million (range was $2.3-$104.3 million). The 21 United Way chapters had a 
mean revenue of $15.7 million, with a median revenue of $13.0 million (range was $1.6-$93.7 million). 
There were 30 organizations identified as food banks, but two of these instances were Feeding America 
(i.e., not a local/regional food bank) and one had a reported revenue of $0 (i.e., I omitted these three 



368  

outliers). For the 27 remaining revenue values, the mean revenue was $40 million per food bank, with a 
median revenue of $37.4 million (range was $0.005-$133.8 million).  

I highlight these large revenue ranges (and other idiosyncrasies) for organizational subsets 
because they suggest that revenue might not prove useful for the classificatory process even though we 
can easily comprehend that there is a meaningful difference between high- and low-revenue 
organizations. For example, each of the three organizational examples in the previous paragraph has 
revenue ranges that stretch from virtually nothing to over $100 million. In comparison, the American 
Red Cross revenue of $3.4 billion is pragmatically indivisible when we consider the nuances of revenue 
reporting that pertain to these organizations, even though we know that the United Way and Catholic 
Charities have aggregated nationwide revenues higher than that of the American Red Cross.  

It is worth taking some time to review and highlight some observations from the preliminary 
analysis of revenue. First, the distinction between how revenue is reported for consolidated versus 
independently-incorporated chapters is problematic. It is not clear that there is one “best” way to 
address this issue (the technique of a population-based proportional transformation of revenue did not 
work). Second, the median revenue of organizations in the dataset (after omitting special cases) is 
astoundingly low in comparison to the mean revenue. This suggests that there is a stark and meaningful 
divide between well-funded and poorly-funded VOAD member organizations. Third, when looking within 
specific subsets of the study population (e.g., Catholic Charities chapters or food banks), there is large 
within-group variation for organizational revenue. I have not yet even addressed the problems posed by 
religious organizations which did not self-disclose their revenue (again, it was not required of these 
organizations). The collective point of these observations is that even though organizational revenue is 
clearly an important issue, it was not clear to what degree it would be useful (if at all) with regard to 
organizational classification.  
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D3.2 Revenue for Religious Organizations 
 

I will now move on to the topic of religious organizations. Up front, my dataset had a significant 
proportion of missing revenue values because religious organizations were not required to disclose 
revenue. I developed an ad hoc method to impute the missing data for revenue rather than discarding 
these data (the alternative would have been to discard revenue entirely). I chose this course of action 
because I deemed it more feasible for continuous data (in comparison to the problem mentioned earlier 
with missing NTEE codes); I also considered the topic of revenue too important to drop without further 
attempts to work with the available data.  

To review, revenue for religious organizations (congregations and collectives) was only available 
if the organizations chose to disclose it on their websites (usually in the form of an annual report 
available as a .pdf file). Only 68 of 206, or 33.0%, of these organizations disclosed their revenue. 
However, there was another distinction when separating congregations and collectives.  

Of the 127 organizations coded as religious collectives, only 65 (51.2%) self-reported their 
revenue. The mean revenue of these organizations was $21.9 million. In comparison, only 3 of 79, or 
3.8%, of the religious congregations self-reported their revenue. The mean revenue of these 
organizations was $5.5 million. First, I had to acknowledge the large discrepancies between these two 
groups. Then I had to understand it.  

A religious congregation is typically conceived of as a brick-and-mortar house of worship whose 
members are drawn from a relatively small geographic area. One of their primary fundraising methods is 
through weekly tithes collected from the congregants. They manage their revenue as they see fit. 
Publically reporting their revenue is not required or in their interest.  

In comparison, most religious collectives (e.g., dioceses, conventions, synods, presbyteries, and 
The Salvation Army) represent larger geographic areas that include many congregations. One of their 
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principal sources of revenue is a derivative tithe placed on these congregations. They are not required to 
disclose their revenue, yet more than half of them do. Why?  

My pragmatic interpretation is that collectives disclose their financial information as a function 
of organizational transparency and stakeholder accountability. Individual congregants and congregations 
want to know what happens with the funding that they provide to their larger collective group. For one 
or more of several potential reasons, the higher level administrators of the religious collectives have 
made the decision to publish the financial information in response to the interest expressed by 
congregants, congregations, and others. Collectives have more stakeholders (and more revenue) than 
individual congregations. Furthermore, religious collectives are second-order recipients of revenue 
collected from tithing (i.e., they are further removed from the donors). These factors may increase the 
need or demand for transparency and accountability.  
 
D3.3 Ad Hoc Imputation of Missing Revenue Values 
 

These factors (at least in part) account for why 51.2% of religious collectives disclosed their 
revenue but only 3.8% of congregations did so. At this point, I had to determine the best method to 
solve the problem posed by 138 missing revenue values in my dataset (this was 20.9% of the entire 
study population). After experimenting with different techniques, I developed a two-step solution for ad 
hoc imputation.  

The basis of this technique was to acknowledge that, on average, collectives had higher revenue 
than congregations. For the 62 religious collectives missing revenue data, I entered a value of $21.9 
million (this was the average revenue of the 65 religious collectives which had disclosed their revenue). I 
then did the same for congregations. I entered a value of $5.5 million for all congregations with missing 
revenue data. However, I acknowledge that $5.5 million was based on the mean value of only three 
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organizations. This was clearly problematic from a mathematical point of view, but the overall logic that 
collectives have more revenue than congregations was sound. This led to the second step in my process.  

I created a revenue distribution histogram for all organizations in the dataset. Using the actual 
distribution of revenue values as a basis for creating cut-off points, I created four ordinal categories for 
revenue. I calculated and re-calculated these distributions and cut-off points several ways (i.e., with and 
without duplicate values, with and without the imputed values for religious organizations, etc.). I 
determined that there were four stable ordinal categories which used revenue cut-off points that had 
salience with respect to my needs (i.e., organizational classification). The results of this effort are 
presented in the next section along with information about three other variables from the data 
collection instrument that relate to organizational revenue.  
 
D3.4 Repeated Organizations, Repeated Revenue Values 
 

There were 142 organizations with very low revenue. Among these 142 organizations, there 
were approximately 114 unique, unaffiliated organizations (i.e., they were not chapters of branches of 
larger organizations). For example, there were six instances of Mennonite Disaster Services groups 
(there were 11 Mennonite Disaster Services groups in the entire dataset). There were also numerous 
local chapters of various amateur radio organizations (e.g., REACT and ARRL). Four of the six St. Vincent 
de Paul Society organizations were in this revenue range, too. Aside from these exceptions, 80.3% of the 
organizations in the very low revenue category were unique. While not chapters of larger organizations, 
many of the independent (un-chaptered and unaffiliated) organizations in this category were similarly-
themed or grouped. For example, there were six small, local, and unaffiliated mental health services 
organizations (out of the 15 mental health organizations in the dataset).  
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The low revenue category (n=204) had about 158 unique organizations. For example, this 
revenue category included all 13 occurrences of Adventist Community Services, all four occurrences of 
Team Rubicon, and other chaptered or affiliated groups. Among these were 9 of the 21 United Way 
chapters and 6 of the 19 Catholic Charities chapters. All of the religious congregations which had not 
disclosed their revenue were also placed into this category. Adding it all up, about 77.5% of the 
organizations in the low revenue category were unique (acknowledging that different churches 
belonging to the same religion/denomination were counted as being distinct and independent).  

The mid revenue category (n=183) had about 115 unique organizations. This category included 
11 of the United Way chapters, all five instances of the Tzu Chi Buddhist Foundation, 12 of the Catholic 
Charities chapters, and other instances of chaptered or recurrent organizations. All religious 
collaboratives which had not disclosed their revenue were assigned to this category. Adding it all up, 
approximately 62.8% of the organizations in the mid revenue category were unique. Remember, 
however, that while chapters of organizations like the United Way and Catholic Charities were 
independently incorporated, I am referring to them here as being part of a larger entity.  

That brings us to the high revenue organizations (n=131). There are only 51 unique 
organizations within this category (38.9%). As mentioned earlier, all American Red Cross and Salvation 
Army chapters (combined n=51) are in the high revenue category. This category also has one United 
Way chapter and one Catholic Charities chapter. Many of the large, well-established international relief 
and development organizations are in this category, as are several of the food banks. I summarize the 
percentages from each category that represent unique organizations within each category in Table D10.  
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Table D10: Analysis of Unique Organizations in Each Revenue Category 
Revenue Category % of unique organizations in this category 

Very Low (< $1,000,000) 80.3% 
Low ($1 - $10 million) 77.5% 

Mid ($10 - $50 million) 62.8% 
High (> $50 million) 38.9% 

 
Observe how there is a smaller percentage of unique organizations within each category as the revenue 
increases. This is partially a function of large, chaptered organizations which report their finances using 
consolidated IRS Forms 990, but it also highlights the stark divide between the smaller number of well-
funded organizations in relation to the larger number of poorly-funded organizations within the study 
population. I will also once more highlight that chapters of the United Way and Catholic Charities are 
distributed across three revenue categories (low, mid, and high). This demonstrates a high degree of 
within group variation among chapters even though each of these organizations has a very high 
aggregated national revenue. The primary difference is how the revenue is managed by the organization 
and reported to the IRS.  
 Using the processes described above, I populated an ordinal revenue value for every 
organization in the dataset. I will now move on to discuss other financial domain questions.  
 
D3.5 Variants of the IRS Form 990 
 

The data collection instrument had a categorical question regarding a more specific, revenue-
based IRS Form 990 reporting requirement for each organization. The categories are provided here: 
 - IRS Form 990 (gross receipts over $200,000 in revenue or total assets over $500,000)  - IRS Form 990-EZ (gross receipts under $200,000 in revenue and total assets under $500,000)  - IRS Form 990-N (gross receipts under $50,000 in revenue)  - Exempt (religious organization)  - N/A – Not incorporated  
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After preliminary analysis, this question was dropped. Too many of the organizations (n=208) from the 
study population were exempt from filing because they were religious. The exempt status was 
tantamount to a missing value since I would be unable to rank it ordinally along with the other three 
categories. Were I to use this question, I could only apply it to the charitable organizations when 
conducting my analyses. The method that I outlined above was better because the final ordinal 
categories allowed me to analyze the religious organizations alongside the charitable organizations with 
respect to revenue (after applying the ad hoc imputation method).  

When considering that the overwhelming majority of charitable organizations (382 of 426, or 
89.7%) that had to file with the IRS generated more than $500,000 in revenue for 2013, there was no 
means by which I could further distinguish between the revenue categories (low, mid, high) as a 
function of the specific version of the IRS Form 990. The data from this question added no value.  
 
D3.6 Proxies for Organizational Transparency 
 

Remember that charitable organizations were required to file financial information with the IRS, 
and that information was accessible through Charity Navigator or Guidestar regardless of whether or 
not the organization provided access to the data for its website visitors. On the other hand, the financial 
data for religious organizations was only available if the organization proactively made it available. 

If an organization self-disclosed financial information (rather than requiring someone to access 
the information through a third party), then that is an indicator of organizational transparency. 
Organizational transparency is one of several indicators of organizational governance. These additional 
financial questions therefore indirectly gauged whether or not an organization was well-governed. By 
that, I mean that a well-governed organization is more likely to be perceived as more professionally 
managed and operated. Another way to look at this is that I was trying to distinguish between 
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professionalized, mature, and well-developed organizations and small, developing organizations. As 
previously noted, there are structural/operational aspects to these questions.  

I hypothesize that larger and better-funded organizations are more likely to participate in good 
governance practices. By that I mean larger organizations may be more likely to employ their own 
accountants and financial personnel as part of their full-time staff, etc. While further exploring this 
hypothesis is beyond the scope of the dissertation, this example highlights the potential value of the 
taxonomy as a tool for hypothesis generation and testing within the population. Of course, I would have 
to segregate the charitable and religious organizations because religious organizations have no legal 
expectation of transparency placed on them.  

Most of the organizations that identified sources of funding did not provide dollar amounts or 
identify specific programs, services, and activities that were supported by specific donors. Furthermore, 
there was no way to reliably determine what proportion of the organization’s funding came from any 
particular source. Finally, there was no guarantee that all donors and funding sources were identified. 
 
D4. Supplementary Content for the Socioeconomic/Demographic Domain (Section 4.5) 
 
 This section focuses on issues associated with data from the socioeconomic domain that made 
these data effectively useless for classificatory purposes.  
 
D4.1 Group Identity 
 

A total of 374 out of 660, or 56.7%, of the organizations in the dataset clearly identified that 
their members belong to a specific identify group. The dataset documents text-based answers that 
identify 369 of these groups. However, there was a specific problem related to the data collection 
instructions that left these results unusable. 
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 First, recall that there were 359 faith-based organizations in the study population. Based on the 
data collection instructions, every single specifically-identified religion or denomination used to 
characterize an organization was counted as a “yes” for this dichotomous question. This variable was 
therefore highly correlated with whether or not an organization was faith-based, so I had to discard it.  

My intent (and hope) had been to identify examples of other identity-based organizations that I 
had previously encountered during my formative research (e.g., the Chinese Information and Service 
Center or Healthy African American Families). In fact, I identified fewer than 20 organizations like these 
in the study population. Since the n-value of these specific organizations was so small, it would not help 
in the classificatory process. The text-based data was retained for the purpose of subsequent key term 
analysis, if desired (it is not critical to the research aims of the dissertation).  
 
D4.2 Self-Defined Terms 
 
 A text-based question collected data regarding specific populations served (e.g., the disabled, 
the elderly, veterans, etc.). As noted earlier, these text-based answers would require substantial 
secondary analysis to be useful because of the myriad terms chosen by the organizations to identify the 
populations that they served. As this additional analysis was not necessary to complete the 
dissertation’s research questions, it has not yet been completed. 
 
D4.3 Issues with Data Collection 
 
 There were other problems, though, regarding the training and comprehension of the data 
collection research assistants. In spite of training and retraining, they demonstrated difficulty 
distinguishing between an organization that exists to serve a particular population and an organization 
that serves particular populations separate from its primary purpose. While potentially embarrassing, 
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one research assistant also indicated that an animal services organization existed to serve the 
subpopulation of “animals” as part of its purpose. This dissertation does not address the animal 
kingdom’s needs, but I respect that organization’s purpose. This was one of several issues. In many 
cases, the research assistants answered both of the original questions with “yes” answers even though 
that violated their instructions (the questions were not intended to have overlap).  
 
D5. Supplementary Content for the Social Domain (Section 4.6) 
 
 The goal was to identify information provided on organizational websites that spoke to their 
social interactions and engagement with other organizations. I hoped to easily and meaningfully identify 
whether some organizations were more “social” than others. This proved infeasible and ineffective, but 
it is worth providing more information about the reasons that I investigated this domain. After all, the 
entire exercise of VOAD membership and collaboration is fundamentally social.  
 First, VOAD member organizations interact on many levels. They attend training together. They 
create and implement plans together. They share information, resources, and expertise. Second, VOAD 
member organizations are part of other networks. These networks can be defined by the communities 
in which they operate or serve. Sometimes these networks are functional. For example, not all homeless 
services organizations join VOADs, but those who do can serve as network bridges to other homeless 
services organizations in the area that are not part of a VOAD. As another example, each chaptered 
organization has ties to other out-of-area chapters (e.g., one American Red Cross chapter can assist 
another). I could go on, but the explicit point is that VOAD member organizations are part of both the 
VOAD’s social network and other social networks, and I hoped to identify and document data regarding 
this social activity using my data sources and collection methods.  
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D5.1 Assessment of Data Sources (Social Domain) 
 
 The effort failed for a few reasons, but it is important to explain why. First, the data were limited 
to information published on the organizational websites. Furthermore, I was trying to collect basic, 
widely-available data about the organizations. In other words, the data I would hope to find for the 
social domain was not within the capacity of the data collection instrument and the data sources.  
 Investigating the social domain would require focused follow-on research. Specifically, this 
would best be pursued by sociometric data collection tools that investigated one VOAD at a time. In this 
manner, the social networks and interactions of individual VOADs and their member organizations could 
be studied and then aggregated (as more studies were completed). While beyond the scope of the 
dissertation’s research aims, this type of research is greatly facilitated and enhanced by the taxonomy. It 
will provide a framework for understanding the population and pursuing new lines of research. As things 
were, the social domain was beyond the capacity of my data collection methods and instrument.  
 Here is what was available. Many websites provided links to or even feeds from social 
networking sites, such as Facebook or Twitter. I documented the presence of social networking site 
information, but this did not speak to the dissertation’s needs. For example, this data would be useful if 
I could find evidence of one organization referencing a collaboration or interaction with a partner 
organization (examples: “Enjoying this disaster training session hosted by @county_voad” or “Delivered 
20 cases of donated water to our partners operating the disaster shelter #wildfirerecovery”).  

Unless I could find evidence of intergroup interaction on the social media platforms, all I could 
do was document the use of such platforms. However, the data collection instrument was not designed 
to assess topics such as the frequency or content of an organization’s social media usage; that would 
require a different study. Thus, the social media data that I was able to collect served no value because I 
could not use it to gauge an organization’s intergroup social interaction or engagement.  
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 One other relevant data point was readily available on many organizational websites. I could 
document whether or not an organization named or acknowledged its partner organizations. Some 
organizations provided lists and/or links for their partner organizations (whether related to disaster 
issues or not). Some organizations provided details about these partnerships, but most of them simply 
provided the names of their partner organizations. In rare cases, some websites would highlight specific 
organizational partnerships in the form of newsletters or a “Partner of the Month” webpage to highlight 
instances of intergroup collaboration. However, the depth and quality of the information provided from 
the data sources was very uneven and far less reliable/verifiable than other data points that I needed 
(e.g., does the organization post its IRS Form 990 or annual revenue information?).  
 It would be pragmatically impossible to evaluate the motivation for any organization to 
acknowledge its partners. In some cases, it might be a genuine expression of partnership and 
collaboration. In other cases, one organization might be attempting to establish social proof for itself. 
There are other potential motivations, and they are only of speculative (and not classificatory) value.  
 Very few VOAD member organizations indicated on their websites that they were members of a 
VOAD. Organizations often identified partner organizations or networks, but fewer than 50 
acknowledged their VOAD membership. This was even true for organizations that held leadership 
positions within the VOAD (this data is available for follow-on research). Examples include leadership 
positions like board president, treasurer, committee chair, etc.  
 To summarize, I had a salient interest regarding questions in the social domain. However, the 
information available from my data sources and methods did not satisfy that need with respect to the 
purpose of classifying these organizations. The real question is whether or not the organizational 
taxonomy would be left lacking due to inadequate data from the social domain of questions. At this 
point, that question is unanswerable. The pragmatic answer is that since useful social domain data is not 
readily accessible, it is a moot point.   
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D5.2 Questions and Summary Statistics (Social Domain) 
 
 The data collection instrument had two questions that addressed the social domain. One 
question was dichotomous, and the other question was collected as a “select all that apply” categorical 
question. I will start with the latter question. The data collection instrument is in Appendix C. 
 Many organizational websites direct visitors to “like”, “follow”, or otherwise join their digital 
social networking webpages. First, I developed a list of the most common social networking sites that 
recurred on many organizational websites. The list included Facebook, Twitter, YouTube, Instagram, 
LinkedIn, and Other. I then created a categorical variable (which included a response category for 
“None”), and the instructions for the question were to select all responses that applied to the 
organization being evaluated. These data were collected and retained, but they were not analyzed or 
considered for analysis. 
 I removed this variable for several reasons. First, the data collection instrument did not evaluate 
important issues like the frequency or content of social media usage. Second, there was virtually no 
evidence of inter-organizational social interactions on these social media platforms. Third, I realized that 
the data in my possession added no meaningful value to the goal of organizational classification. At the 
most, it let me know whether or not an organization had a web developer or communications staff 
member savvy enough to promote the organization on social media.  
 The other variable would be retained for further consideration, but it did not survive to the 
stage of multivariate analyses. It asked whether or not organizations identified their partner 
organizations on their websites. It was a dichotomous question that did not evaluate the degree or 
quality of the website content. It was therefore of limited value. I identified that 368 of 660 (or 55.8%) of 
organizations in the dataset identified their partner organizations on their own websites.  
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D5.3 Utility of Collected Data (Social Domain) 
 
 Overall, the social domain is clearly salient to the topic of VOAD member organizations, but it 
would not play a significant role in the classificatory process. This is because of the limited information 
available through the data sources and the limitations of the data collection methods. Overall, the 
question of how “social” an organization is with its partners is an interesting one, but different research 
methods would be needed to produce useful information.  
 To continue that point, it is worth a reminder that this study sought to determine whether or 
not this organizational population could be classified in a meaningful manner based on data readily 
available from the individual organizational websites (augmented by Charity Navigator). So, it is not just 
a question of what variables or organizational characteristics are best for classification. The second half 
of the argument is that I am using readily accessible information that is publically available. There is a 
wealth of data I would like to know about the organizations in the study population, but I was limited to 
that which was widely and easily available. 
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Appendix E – Supplement to Polythetic Clustering Methods (Section 6.1) 
 

This appendix provides the detailed and fully-supported explanation of the polythetic clustering 
methods. It expands upon the content of Section 6.1. Where relevant, examples from the data are 
provided to illustrate the methods. 
 
E1. Choosing Hierarchical Cluster Analysis 
 
 As introduced in Chapter 2, the human desire for creating typologies is fundamental. The goal of 
a taxonomy is to apply scientific rigor and a systematic process to classification. Clustering 
methodologies allow for quantitatively-driven, statistically-valid taxonomies (i.e., typologies are often 
created without such rigor).  
 The general field of clustering has several major approaches. Each approach uses different 
quantitative methods and algorithms to identify and distinguish among groups and subgroups within a 
population. Clustering approaches developed within different disciplines for different applications, and 
statisticians also developed new techniques to address different types of data used to characterize or 
define the objects within any given population. For example, only some clustering algorithms are 
suitable for binary data (thus narrowing my range of options).  
 My computational options included connectivity (distance-based) clustering, centroid (vector-
based) clustering, distribution models, density models, etc. There is also “strict” or “hard” clustering, 
where an object can belong to only one group within a population (no overlap). Hierarchical clustering is 
generally hard clustering with tiers of classification and sub-classification. Objects in a population belong 
to a subgroup, which is, in turn, part of a larger group (e.g., tigers and lions are both part of the genus 
panthera, but there are also distinct and separate subspecies within the species panthera leo and 
panthera tigris).  
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In contrast, there is also “overlapping” or “soft” clustering. These approaches allow for objects 
in a population to belong to more than one group or, alternatively, to be characterized as belonging to 
any given group by a calculated degree (e.g., “75% blue and 25% yellow makes blue-green, whereas 75% 
yellow and 25% blue makes yellow-green). Given my polythetic approach, the idea of trait overlap was 
already guaranteed.  
 Refer to Figure 4B in Section 4.2. The subpopulation of faith-based charitable organizations 
highlights one aspect of trait overlap. Also, recall that among 21 chapters of the United Way, annual 
revenue ranged from $1.6 to $93.7 million. In this case, the variation accounted for three of the four 
ordinal revenue categories (i.e., overlap on the dimension of revenue). The idea of characteristic overlap 
was intrinsic to my study population on many issues, and this is why I considered the polythetic 
approach in the first place.  

Organizations would be grouped by overall similarity within their clusters (quantified by 
Euclidean distance) after accounting for all variables. This was a choice, and the results of this polythetic 
clustering approach would later be compared to the parsimonious clustering approach that used only 
one or two variables to create clusters and subclusters. Regardless of whether I was using the polythetic 
or parsimonious approach, one persistent problem would be the number of “close cousins” in the 
population. As a preview of the final polythetic results, a hybrid approach would be needed to account 
for the presence of varied, overlapping traits. That proved to be the only way that I could quantitatively 
identify strict, hierarchical clusters which were salient to the taxonomy’s users yet still acknowledge the 
intrinsic characteristic overlap.  

Thus, the clusters would be strict (every organization is assigned to one and only one cluster), 
but each cluster had a profile that specified its range of traits (fully explicated in the results sections). 
For example, I could quantify that “91% of all organizations in the dataset with Very Low Revenue were 
assigned to this cluster” (the denominator being n=660, the size of the dataset). Alternatively, I could 



384  

identify that “80% of the organizations assigned to this cluster were not faith-based” (the denominator 
being the n-value for that particular cluster). These variable profiles provided insight regarding the 
overall classification scheme while also documenting the inherent variety of organizational types and 
characteristics. This is how I could justify strict clustering for a population that seemed to beg for 
overlapping clustering.  

Clusters would therefore be defined by predominantly-shared characteristics. Given that I had 
six variable constructs and three additional dichotomous variables for the polythetic models, the 
Euclidean distances used to calculate object proximity were based on overall similarity (closeness) 
among objects in a cluster. So, even if only 20% of the organizations in a resulting cluster were faith-
based, these organizations were still more similar (overall) to other organizations in the cluster than 
they were to other faith-based organizations.  
 I selected hierarchical clustering computational methods for a few reasons. First, other 
researchers conducting similar efforts to classify organizations chose hierarchical cluster analysis, and I 
had no sound reason for deviating from that practice (see Chapter 2). Hierarchical cluster analysis 
appeared to be the norm for this research application. Furthermore, as noted before, the hierarchical 
cluster analysis computational models could be built with any number of variables (i.e., I could use this 
approach for both the polythetic and the parsimonious models).  

The related point is that humans, being inclined towards typological thinking, are generally 
comfortable with strict, ordered classification. When it comes to matters of classification, we are less 
comfortable with everything being a shade of gray (even if that is the reality). If I wanted the taxonomy 
to be used (and to be useful), it had to present ordered results that others would find meaningful and 
salient. In doing so, I still found a way to express the degrees of variable overlap. 

Second, the hierarchical approach might be imperfect, but it achieved the goal of providing 
order to a population that in many regards defied strict ordering. Thus, it was a heuristic approach in the 
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sense that it was practical and met the research aims in spite of the fact that it was not a perfect fit. This 
statement begs the question of which approach could possibly be perfect. The reality is that there was 
not one. This was about adjudicating best-fit and (when necessary) tailoring the choices.  

My study is like an attempt to distinguish among lions, tigers, cheetahs, jaguars, bobcats, and 
housecats based solely on binary data about the animals entered into a spreadsheet (i.e., you cannot 
actually look at the animals). They are all close cousins relative to the rest of the animal kingdom, and 
they generally have many shared traits. The reality, though, is that my organizational population exhibits 
a certain degree of inbreeding and crossbreeding. How would I classify a liger (a literal, extant hybrid)?  

Here is why that question is not absurd: distinct examples from my dataset include a Lutheran 
church, a Lutheran synod, Lutheran Social Services, and Lutheran Disaster Response (with varied n-
values for each of these organizations). How would I categorize these organizations relative to a Catholic 
church, a Catholic diocese, and Catholic Charities? I could go on with more examples, but the point is 
clear: there is no perfect way to do it. I merely hoped to find the best way.  

Once settling on hierarchical cluster analysis (in a manner that acknowledged the presence of 
trait overlap), I still faced several subsequent decisions. The next relevant concern regarded 
agglomerative (bottom-up) versus divisive (top-down) approaches to hierarchical clustering 
computation. This is where the first level of experimentation began. The only way to pick the better 
method was to try both.  

However, before addressing that decision, I first want to introduce the means by which I 
compared and evaluated the results of different polythetic models. I needed a measuring stick which I 
could apply to the results of different model permutations. There are somewhat standard, conventional 
bases for comparison of clustering solutions. However, I also needed to develop some tailor-made “fit” 
measures that assessed how well any given model solution conformed to the unique characteristics of 
my study population. The next two sections focus on these topics (the conventional and tailored means 
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for comparing results). Following that, I continue with the decision-making process used to identify the 
best polythetic model permutations.  
 
E2. Conventional Measures to Compares Model Results 
 
 This section will cover certain common statistics and bases of comparison used for evaluating 
and comparing the results of different clustering models. The topics in this section were not specific to 
idiosyncratic features of the study population (those are addressed in Section E3). Because I (literally) 
produced dozens of different polythetic clustering solutions, I do not share all of the preliminary results. 
It is also important to note that each model was worked through to different levels of completion based 
on a triage process used to identify how good the models were (i.e., I would only further develop 
models that showed promise). The measures presented in this section were the foundation for that 
triage process. This section is therefore intended to convey the means I used for evaluating results 
rather than providing all of the results.  
 Every clustering model built in STATA includes coding to indicate a variety of permutations, 
including the linkage algorithm, the (dis)similarity measure, the variables, etc. After the code has been 
processed by the software, the next step is to run the “cluster stop” command. The output from this 
command is a two-column table that shows Calinski-Harabasz Pseudo-F statistics next to the number of 
clusters corresponding to each Pseudo-F value. I will soon further define and explicate the Calinski-
Harabasz Pseudo-F statistic. This is what you need to know right now: (1) each model produces multiple 
clustering solutions that are mathematically valid; (2) the higher the Pseudo-F statistic, the better. I will 
now provide two examples.  

Table E1 shows the output (side by side) from two of the models that I completed. One model 
used single linkage hierarchical clustering with the Gower2 (dis)similarity measure and 21 variables 
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(reference variables excluded). The second model used average linkage hierarchical clustering with the 
Jaccard (dis)similarity measure and 26 variables (reference variables included). The linkage algorithms 
and (dis)similarity measures are explicated in forthcoming sections.  
 Table E1: Early Model Clustering Solutions with Pseudo-F Statistics 

 Calinski-Harabasz Pseudo-F Statistic 
n (clusters) Single Linkage Gower2, 20 var Average Linkage Jaccard, 26 var 

2 - 87.21 
3 5.31 102.01 
4 3.83 93.35 
5 15.26 71.24 
6 - 79.17 
7 - 68.15 
8 - 64.95 
9 8.34 57.09 

10 7.51 52.81 
11 6.94 51.69 
12 - 50.27 
13 - 47.17 
14 - 44.02 
15 - 41.72 

 
The first important observation from this table is that this single linkage model only produced six 
mathematically valid solutions (with corresponding cluster numbers of 3, 4, 5, 9, 10, and 11). This 
means, for example, that there is no 6-cluster solution for this single linkage model. In contrast, the 
average linkage model produced mathematically valid solutions for all cluster n-values. This is a function 
of how the algorithms work.  
 The highest Pseudo-F value for this single linkage model is 15.26 (the 5-cluster solution). In 
comparison, the average linkage model in this table produced a Pseudo-F statistic of 102.01 (the 3-
cluster solution). These are (nominally) the best mathematical clustering solutions for each model, and 
the average linkage model is clearly superior based on the much higher Pseudo-F statistic. In fact, every 
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possible solution produced by the average linkage model had a higher Pseudo-F statistic (range = 41.72-
102.01) than the best model from the single linkage model (max = 15.26). Based solely on these two 
models, I should use the 3-cluster solution from the average linkage model.  
 Briefly, I could have saved myself a great deal of time had I focused purely on Pseudo-F 
statistics. Instead, here is what I did. I would run several models and then more thoroughly compare the 
best solutions from each model regardless of how varied their Pseudo-F statistics might be. I would look 
at the distributions of organizations across the clusters and use other metrics to evaluate them in detail.  

However, I would eventually learn that the comprehensive results of solutions with higher 
Pseudo-F statistics were almost always better than those with low Pseudo-F statistics. I came to a point 
where I realized that I only needed to further evaluate solutions with Pseudo-F statistics that crossed a 
certain threshold (e.g., only look more closely at solutions with Pseudo-F > 50 or Pseudo-F > 80).   
 Having explained this part of the process, I will now explain the Calinski-Harabasz Pseudo-F 
statistic. This Pseudo-F statistic is actually a ratio of between-cluster variance to within-cluster variance. 
These variances are based on Euclidean distance (sum of squares). Within-cluster variance describes 
how tight or coherent each cluster of objects is. The between-cluster variance describes how distinct or 
separate the clusters are from each other. Higher Pseudo-F values indicate more coherent clusters with 
better separation between clusters.  
 There are no standard or conventional cut-off points used for the Calinski-Harabasz Pseudo-F 
statistic. Acceptable thresholds for the Pseudo-F statistic are always organic to the data and the model 
variations. Thus, I had intuitively arrived at the same conclusion when I learned to focus my attention on 
Pseudo-F statistics that crossed thresholds that I identified as the process unfolded. I could only 
establish the range for acceptable or worthwhile Pseudo-F statistics by doing exactly what I had done: 
running many, many models and then seeing the range within which the Pseudo-F statistics varied.  
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 So, my process was to run various model permutations, look for models with high Pseudo-F 
statistics (above a desired threshold), and then conduct a more thorough analysis to compare these 
solutions on other dimensions. In other words, I did not simply take the single model with the best 
Pseudo-F statistic. I would further analyze and compare the best performing solutions from different 
models if their Pseudo-F statistics had crossed an acceptable threshold. Unfortunately, I did not settle 
upon this process until I was well into the analyses.  
 Subsequent to screening models and solutions by their Pseudo-F statistics, I would then look at 
the solution dendrograms in conjunction with the distribution of observations across the clusters. A 
dendrogram is simply a graphic depiction of the clusters. Depending on a variety of model permutations, 
it could resemble a hierarchy (like a family tree) or appear “flat”, meaning that all clusters branched off 
the same level. Examples are provided below. I would learn that the appearance of the dendrogram had 
little bearing on the utility of the results. The dendrograms were still necessary, though, for the purpose 
of visualizing and comparing clusters within each solution.  

More important than each dendrogram was the distribution of observations across the clusters. 
I will provide an example of how I worked through the process of evaluating these distributions. I ran a 
model using the complete linkage algorithm, the Gower (dis)similarity measure, and 26 variables 
(referents included). Table E2 provides the Pseudo-F statistics.  

 
Table E2: Early Clustering Solutions (Complete Linkage, Gower (Dis)Similiarity, 26 Variables) 

n (clusters) Pseudo-F Statistic 
5 59.70 
8 53.64 

11 57.27 
 

This model produced three mathematically valid solutions. Based on the highest Pseudo-F statistic, I 
should choose the 5-cluster solution. However, I also noted that the three Pseudo-F statistics fell within 



 

a narrow range, so I examined these solutions more closely. I wanted to learn more about why the 
Pseudo-F went down for the 8-cluster solution but then back up for the 
2e, and 3e present the dendrograms for these solutions. Below the figures, Table E3 presents the
distribution of observations (n=660) side

 
Figure 1e

Figure 2e
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a narrow range, so I examined these solutions more closely. I wanted to learn more about why the 
cluster solution but then back up for the 11-cluster solution. Figures 1

present the dendrograms for these solutions. Below the figures, Table E3 presents the
distribution of observations (n=660) side-by-side for all three solutions. 

1e: Five-Cluster Dendrogram from Table 6–2 

 
 

2e: Eight-Cluster Dendrogram from Table 6–2 

 
 

a narrow range, so I examined these solutions more closely. I wanted to learn more about why the 
cluster solution. Figures 1e, 

present the dendrograms for these solutions. Below the figures, Table E3 presents the 



 

Figure 3e: Eleven

 
Table E3: Comparison of Dendrogram Distributions

 
n (clusters) 5-Cluster Solution

1 172 
2 86 
3 171 

4 196 

5 35 
Pseudo-F 59.70 

Mean 132 
St. Dev 68.5 

St.Dev./Mean (%) 51.9% 
Range (Min-Max) 35 – 196

Range (Mean  +/- 1 St.Dev.) 63.5 - 200.5
% of clusters within +/- 1 St.Dev. of Mean 

80.0% 
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: Eleven-Cluster Dendrogram from Table 6–2 

Table E3: Comparison of Dendrogram Distributions 
Clustering Distributions 

Cluster Solution 8-Cluster Solution 11-Cluster Solution 
172 65 

107 
86 53 

33 
171 104 

67 
66 66 
69 69 
61 61 
19 19 
16 16 

 53.64 57.27 
82.5 60 
60.0 29.5 

 72.8% 49.2% 
196 16 – 172 16 - 107 
200.5 22.5 - 142.5 30.5 - 89.5 

 50.0% 63.6% 

 

 
n (clusters) 

1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
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Please observe how as the number of clusters increases across the three middle columns (from left to 
right), all that is really happening is that the original five clusters are being subdivided into smaller 
subclusters (as depicted by the branches in the dendrograms). So, Cluster 1 (n=172) of the first solution 
breaks into two new clusters, Cluster 1 (n=65) and Cluster 2 (n=107), of the third solution. Also, note 
that the Pseudo-F statistic drops for the 8-cluster solution and then goes back up for the 11-cluster 
solution. This means it is mathematically the worst of these three solutions (I was unable to discern the 
underlying reason for this).  
 Now consider the other statistics on the bottom half of the table. I calculated the size of the 
standard deviation in relation to the mean for each solution. Then I calculated the percentage of clusters 
that had a number of observations within one standard deviation of the mean. I used these metrics to 
evaluate the degree to which observations were evenly distributed across the cells.  
 This was important because I had produced many models with severely skewed distributions. 
Consider the following 8-cluster distribution (Table E4) that resulted from one of my failed models.  
 

Table E4: Example of Failed Distribution from Early Models 
Cluster n (Organizations) 

1 593 
2 1 
3 60 
4 1 
5 1 
6 1 
7 2 
8 1 

 
With 660 observations, the range of organizations per cluster was 1 to 593 with a standard deviation of 
207.3 (i.e., the standard deviation was larger than the mean). Even without doing the math, you can 
easily observe that this is a failed distribution. The purpose of documenting and comparing the statistics 
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presented earlier in Table E3 was to evaluate and compare the distributions across all solutions, 
especially in cases where the differences among the cluster sizes were not so easily discernible.  
 These statistics and considerations helped me learn more about the solutions (as well as to 
objectively compare them). However, two important questions remained unanswered: which 
organizations were in each cluster, and why? The next section focuses on describing and quantifying 
which organizations wound up in each cluster. Of particular interest was the degree which seemingly 
similar organizations would cohere together. For example, my study population had 12 children’s 
services organizations. Would they be sorted into the same cluster, or would they be split into different 
clusters? To what degree? The tailored “fit” metrics used to compare solutions quantify this based on 
the Descriptive Tags that I created for indexing purposes. The question of “why” the organizations would 
be grouped would be answered later by identifying and analyzing which variables (out of the full set of 
variables) were driving the clustering process. 
 
E3. Tailored Fit Metrics 
 
 To this point I have addressed the process used to determine which solutions were worthy of 
closer examination (i.e., the Pseudo-F statistic and the distribution of observations across clusters). 
These screening criteria were used to triage the early results so that I could focus my attention on the 
best models. The fit metrics, derived from the Descriptive Tags, were evaluative criteria. They told me 
which organizations were grouped together. As a reminder, these tags were typological and not 
originally intended for analytical purposes. They wound up being essential. 
 To review, I started with 38 Descriptive Tags. These were later revised and expanded to 47 
Descriptive Tags (see Table 4–14 in Section 4.7). Many of the preliminary results shared in this section 
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for the purpose of describing the process were based on the original set of 38 tags. The number of tags 
is irrelevant. This is about process.  
 The overriding question was to ascertain if and to what degree organizations with the same 
Descriptive Tags would be placed in the same clusters. My tags could be described as functional, 
structural/operational, or chaptered. For example, all 21 United Way chapters shared the tag “United 
Way”. I expected organizational chapters with the trait 990 – Consolidated to be the most coherent 
because they shared common data sources. I expected chaptered organizations with the trait 990 – 
Independent to be fairly coherent. While these organizations had separate data sources and varied traits 
(e.g., revenue), there were also many other traits that were clearly shared.  

I expected the organizations from the functional and structural/operational Descriptive Tags to 
be the least coherent. This is because these were largely singleton (n=1) organizations that were 
otherwise unaffiliated (and each had its own source of data). Further questions regarding why these 
organizations did or did not cluster together would be answered later by an analysis of the variable 
profiles (i.e., I would be able to discern which variables were causing any fragmentation observed 
among the Descriptive Tags).  
 I used the Descriptive Tags as a means to assess the distribution of organizations across clusters 
for a few reasons. It is essential to clearly state that I was making a choice to evaluate and compare the 
quantitative results based on my self-created typological framework. I was compelled to make this 
choice after looking at the results of multiple clustering solutions side-by-side. I will provide one detailed 
example that provides insight for this decision. 
 One of my Descriptive Tags was used to identify Habitat for Humanity chapters (n=8). Habitat 
for Humanity is a faith-based, charitable organization that has independently-incorporated chapters. I 
therefore had eight different websites (data sources), eight different revenue values, etc. I observed 
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that every one of my clustering solutions grouped these eight chapters differently. Literally. I needed to 
know why, but more importantly, I needed to determine how that mattered.  

Table E5 summarizes the variations observed in the clustering of Habitat for Humanity. The 
columns identify the clusters into which Habitat for Humanity chapters were sorted (e.g., C1 = cluster 1). 
Four of these models had 8-cluster solutions. One had a 7-cluster solution. I have not yet introduced the 
clustering algorithms, but note that complete linkage is agglomerative and k-means is a divisive 
approach. The five solutions reflected below merely represent the range of model variations that I 
pursued (i.e., it is not an exhaustive list). I also dedicate a row as a placeholder to one model 
permutation that did not produce viable results (i.e., it was screened out early).  

 
Table E5: Fragmented Distribution of Habitat for Humanity by Five Models (n-values) 

 Models Clusters 
 Algorithm Dissimilarity n (Var) C1 C2 C3 C4 C5 C6 C7 C8 

1 Complete Linkage Gower 26  3   5    
2 Complete Linkage Gower 20 2       6 
3 Complete Linkage Jaccard 26   8      
- Complete Linkage Jaccard 20 Not viable 
4 K-means (8) Gower 26 2 1  5     
5 K-means (8) Gower 20  7    1   

 
The same eight Habitat for Humanity chapters were sorted five different ways by five different 
clustering solutions. This was untenable and confounding, especially considering that the same thing 
was happening (to varying degrees) with other organizational subsets. Only Model 3 grouped all eight 
chapters together. Model 4 actually distributed the eight chapters across three different clusters. At this 
point I was not yet analyzing the variable profiles used to define each cluster (it was not yet necessary).  
 I will add that this observation regarding Habitat for Humanity was an early indicator that 
polythetic clustering might not be the best approach. However, I was obligated to address this 
challenge, and I was able to innovate techniques to choose the best results. These are described shortly.  
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 Before doing that, I want to acknowledge that this fragmentation of Habitat for Humanity 
chapters across different clusters was evident throughout the entire study population (to varying 
degrees). Here is why that mattered. How would I explain to a lay person why some Habitat for 
Humanity chapters belonged in one cluster but other Habitat for Humanity chapters belonged in 
another? To the person using the taxonomy, Habitat for Humanity was one entity regardless of the 
details of its incorporation. The harder the results are to explain, the less useful the taxonomy would be.  

I needed to account for and be able to reasonably explain the degree to which organizations 
with the same Descriptive Tags were being split. The coherence of these organizational subsets would 
determine the utility of the taxonomy. Split subsets would only be acceptable to the degree that they 
could be reasonably (and quickly) explained and understood. That meant using these data to develop 
unique, tailored fit metrics.  
 First, I created detailed tables for every viable, promising cluster solution (i.e., those which 
passed the screening criteria in Section E2). These tables showed the distribution of organizations from 
each tag across the clusters. I discerned three clear categories to describe the degree to which 
organizations from any given tag could be distributed. These categories are presented in Table E6.  
 

Table E6: Categories for Descriptive Tag Coherence 
Match Label % Match Operational Definition 

Perfect 100% All organizations with the same tag were sorted into the same cluster. 
High 67-99% At least two-thirds (but not all) of the organizations with the same tag were sorted into the same cluster. 
Low 0-66% Less than two-thirds of all organizations with the same tag were sorted into the same cluster.  

 
Table E7 replicates the data from Table E5, but the n-values have been replaced with percentages. I 
have removed the placeholder row for the unviable solution.  
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Table E7: Fragmented Distribution of Habitat for Humanity by Five Models (percentages) 
 Models Clusters 
 Algorithm Dissimilarity n (Var) C1 C2 C3 C4 C5 C6 C7 C8 

1 Complete Linkage Gower 26  38%   63%    
2 Complete Linkage Gower 20 25%       75% 
3 Complete Linkage Jaccard 26   100%      
4 K-means (8) Gower 26 25% 13%  63%     
5 K-means (8) Gower 20  88%    13%   

 
Habitat for Humanity was perfectly matched in Model 3. Models 2 and 5 had a high match. Models 1 
and 4 had low matches. I did this for all Descriptive Tags across all viable clustering solutions, and that is 
when I saw the true power of this approach.  
 I would count the number of perfect matches for each solution and create a percentage of 
perfectly-matched tags. For the five models listed above, the range for perfect matches across the 
original 38 Descriptive Tags was from 32-58%. Next, I combined the number of perfectly and highly 
matched tags (i.e., 67-100%) and created a percentage. The range for this measure was 35%-75%. Based 
on these (related) measures, Model 1 was the best (complete linkage, Gower (dis)similarity, 26 
variables). Model 3 was second best.  
 Finally, I counted the total number of cells occupied by values, and I divided this by 38 (the total 
number of Descriptive Tags used for these results). This produced the Clusters per Tag Dispersion Score. 
The range of these scores was 2.55-3.81, with the lowest number being the best value (i.e., I wanted the 
Descriptive Tags to be distributed across the fewest number of clusters). Based on this measure, Model 
3 was the best (complete linkage, Jaccard (dis)similarity, 26 variables). Model 1 was second best.  
 The five models listed earlier do not represent my final clustering solution. However, at the 
point in time when I created this process, these were the five most viable models. I would later make 
other changes and corrections that would yield better results. Based on these results, I had two models 
(Models 1 and 3) that clearly outperformed the others. Model 1 was best based on one of my fit 



398  

measures (% Match), and Model 3 was best based on the other (Clusters per Tag Dispersion Score). The 
magnitude of differences between the results of these models was minimal. Both of these models used 
the complete linkage algorithm (agglomerative) and 26 variables (i.e., referent variables included). The 
only difference was the (dis)similarity measure.  
 Using these fit measures to compare the different polythetic clustering solutions, I learned that 
some models had results that were consistently more congruent with the Descriptive Tag typology that I 
had created than others. In fact, some of the solutions were much better. This mattered because the 
degree to which the quantitative results matched the Descriptive Tag typology added meaning and 
relevance to the classificatory scheme.  
 To further explain this, I need to return to the entire purpose of this research endeavor. I 
wanted to create a taxonomy that classified organizations in the study population. By definition, a 
taxonomy is developed with scientific rigor (whereas a typology is not). I needed valid, quantitative 
results, but those results also had to conform to the user’s needs and perspective.  
 The five clustering solutions presented above are all valid (in the technical sense). The models 
simply run their algorithms and provide an unbiased, mathematical interpretation of the data. My 
challenge was to determine which solutions held meaning, and that is where the Descriptive Tags and fit 
measures became important.  
 Even though they were typological rather than quantitative, the Descriptive Tags provide a 
means to assess the fit of each mathematical solution to the idiosyncrasies of the study population. 
Would the organizations be clustered in a way that made sense to the taxonomy’s end users? 
Furthermore, the tags themselves held value, even if it was not quantitative.  

All eight Habitat for Humanity chapters were a meaningful set. Likewise, the four legal services 
organizations in my study population were a set (based on function). The degree to which these 
organizational subsets cohered would matter to the end users of the taxonomy. The recurrent issue, 
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though, was the reality (and magnitude) of within-group variation. The eight Habitat for Humanity 
chapters were splitting into different clusters because I had not found a way to properly account for the 
within-group variation (e.g., varied revenue, varied mission statements, etc.).  
 My challenge was no longer to produce quantitative results. My challenge was to produce 
quantitative results that provided meaning-in-context for a specific population (and its subsets). The 
Descriptive Tags therefore took on a much more important role than I had planned because they helped 
me compare the different quantitative solutions on the basis of relevance to the user’s needs.  
 I must now address one other consideration. Perfect congruence between the results and the 
Descriptive Tags was impossible, and trying to force that would have likely violated the integrity of the 
polythetic approach. Assessing the congruence was about two things: selecting the best-fit results and 
then explaining the results to users in a way that would make sense.  

However, not all tags would (or even could) be perfectly matched due to within-group variation 
on traits. This variation was pervasive and could not be erased; it was intrinsic to the population. My 
goal was to make sure that the congruence between the clustering results and the Descriptive Tags 
served a purpose. That would make it easier to define, describe, and then convey the cluster profiles in 
terms of the variables used to define them.  
 Finally, I will add additional (and important) observation. I looked at these distributions and the 
dispersion of organizations across many different clustering solutions. I did note a discernible range of 
variation, but I also saw clear patterns over time. For example, in four of the five models described 
above, the United Methodist Committee on Relief (UMCOR) organizations always sorted perfectly into 
the same cluster as the Tzu Chi organizations. I had not yet analyzed the specific reasons why they were 
sorting together, but I knew they were sorting together for a reason. In three of the five models, the 
American Red Cross and The Salvation Army sorted perfectly into the same cluster (I was able to identify 
that this was due to their high revenue). I needed to find out why (based on the variables) various 
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organizational subsets were or were not sorting together, but I knew there would be an underlying 
reason based on common organizational characteristics. I also perceived a pattern of association in the 
sorting of fraternal organizations (n=6), scouting organizations (n=2), and CERT/MRC organizations 
(n=6). These three Descriptive Tags were clinging together over multiple clustering solutions, and this 
was fundamentally a product of their overall polythetic similarity based on the variables used to define 
those clusters.  
 I was not just looking at the dispersion of individual Descriptive Tags across clusters. I was also 
looking at the patterned distribution of the Descriptive Tags themselves. Certain matches recurred 
regardless of which models were used to create the quantitative results. While not quantified, I was in 
essence performing a meta-analysis as I looked across the results of many models. The recurring 
patterns suggested that even though the results of the models varied as I altered the inputs (i.e., 
algorithm, (dis)similarity measure, and the number of variables), the collective results were generally 
robust and stable. In the end, I needed a systematic and quantitative mechanism to help me make the 
right choices as I looked at patterns of similarity across several clustering solutions. 
 I have now completed my introduction of the measures I used to evaluate and compare the 
results of different clustering models and solutions. These measures were used at different stages for 
different reasons. The Pseudo-F statistics and distribution of observations across clusters were used 
early in the process to assess the viability of clustering solutions (i.e., they were screening criteria). After 
being advanced for further consideration, the fit measures (derived from the Descriptive Tags) were 
applied to compare the solutions (i.e., they were evaluative criteria). Having covered these topics, I will 
now move on with further explanation of how the models were built and developed. Essentially, I would 
making a series of choices as I narrowed in on the best model permutations (using the measures in 
Sections E2 and E3). First, I had to choose between agglomerative or divisive clustering.  
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E4. Choosing Agglomerative Clustering 
 
 Once I settled on hierarchical clustering, the next choice was between agglomerative or divisive 
clustering. Agglomerative approaches start with every object in a population being considered as a 
distinct cluster (n=1). Using distance measures (most commonly Euclidean geometry), objects that are 
proximal to each other are joined into successively larger groups (eventually leading to one large cluster, 
n=660). Distance is a function of the values assigned to the variables used to define the objects. By 
successively joining objects into groups, merging small groups into larger groups, etc., the clusters are 
built from the bottom up. Objects that are most similar to each other overall, calculated based on the 
values assigned to all variables, wind up in the same clusters.  

Divisive clustering begins with all objects in one large cluster (n=660); partitions are then applied 
to segregate the population into successively smaller subgroups (eventually down to singletons, or n=1). 
This is also based on inter-cluster Euclidean distances, but it is potentially more problematic. Several 
texts identified that divisive algorithms require substantial computational resources and have greater 
difficulty identifying the appropriate places to add partitions. These difficulties generally extend from 
the nature of the data, the degree of characteristic overlap, and (indirectly) the purpose for which the 
results would be used. The computer does not know how the user will apply the results, and it cannot 
discern nuances about the objects. As discussed in the previous section, sorting objects in a population 
is not the same as sorting them in a meaningful, relevant manner. My research on the methods 
indicated that this problem was potentially more pronounced when using divisive techniques.  

I will now convey my approach to comparing agglomerative and divisive results, including 
discussion of the mistakes that I made. Further details about my errors as the process unfolded are 
provided in following sections, where relevant. STATA software provided nine preprogrammed 
clustering algorithms, and two of these were divisive approaches. My divisive options were k-means and 
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k-medians. My research of the methods contraindicated any medians-based approaches for 
dichotomous data, and this left me with one choice: k-means.  

When using the k-means algorithm, STATA requires the programmer to designate the desired 
number of clusters (the k-value). The algorithm will subdivide the population based on the parameters 
of the coding. This is pragmatically the opposite of how agglomerative algorithms run. The “cluster stop” 
command will produce a table telling the programmer which agglomerative clustering solutions are 
mathematically valid (see Tables E1 and E2 in Section E2 for examples). With k-means, I had to tell the 
program the number of clusters that I wanted (instead of the program telling me). That led to the 
question of how many clusters was the correct number, and I settled on an erroneous answer.  

My method was to produce a clustering solution using agglomerative algorithms and then pick a 
clustering solution from the agglomerative results. That would establish the number of clusters I would 
use for the k-means model. My logic was that if I wanted to compare results of two different 
approaches, then I should hold the number of clusters constant. It seemed reasonable at the time. I 
compounded this error because I did not choose the agglomerative solution with the single best Pseudo-
F value. Rather, I looked for cluster numbers that produced the widest range of mathematically valid 
solutions across multiple model permutations. This is further documented below in Section E8.  

Table E8 provides a snapshot of how I compared the agglomerative and divisive clustering 
solutions. At the point in time when I made this comparison, I had determined that complete linkage 
was the best of the agglomerative approaches available to me (linkage algorithms are discussed further 
below in Section E5, and it subsequently changed). More specifically, I determined that I wanted to use 
the 8-cluster solution produced by the complete linkage algorithm (this later turned out to be a flawed 
decision, as well). So, at this point in time, I wanted to compare that 8-cluster solution to the results of 
the k-means (8) algorithm; the number of clusters would be held constant.   
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Table E8: Comparison of Complete Linkage and k-means Solutions 
 Models   
 Algorithm Dissimilarity Measure n (Var) Psuedo-F 

Mean Orgs /Cluster St.Dev. % St.Dev. /Mean 
% Perfect Match 

% High Match 
Clusters /Tag 

1 Complete Linkage (8) Gower 26 52.53 82.5 72.39 87.7% 58% 75% 2.69 
2 Complete Linkage (8) Gower 20 60.00 82.5 46.43 56.3% 42% 59% 3.27 
3 k-means (8) Gower 26 47.80 82.5 25.13 30.5% 32% 35% 3.81 
4 k-means (8) Gower 20 38.78 82.5 59.89 72.6% 32% 35% 3.77 
 
I will now interpret these flawed results. Based on the Pseudo-F scores, both complete linkage solutions 
were better than the k-means solutions. However, based on the % (Standard Deviation/Mean) values, 
the 660 organizations were (on average) more evenly distributed across the k-means clusters than they 
were the complete linkage clusters; this is a function of means-based computation. That said, the 
complete linkage solutions outperformed the k-means solutions based on the fit metrics (% Perfect 
Match, % High Match, Clusters/Tag Dispersion Score). I therefore determined that the 8-cluster 
complete linkage solution was better than the k-means (8) solution because of the Pseudo-F scores and 
the fit metrics. This is a valid conclusion based on comparing these four solutions, but it was wrong in 
the sense that I was not looking at a more complete range of potential solutions.  
 Now I will discuss other problems with this approach. First, I did not evaluate the full range of k-
means solutions (i.e., k-1 through k=n). I directed the 8-cluster solution because I wanted to compare it 
to the 8-cluster solution produced by the complete linkage algorithm (holding the number of clusters 
constant). Had I done more thorough analyses (i.e., k=1 through k=n), I would have determined that a 
different k-value would have produced superior k-means results. All I can state for certain is that for the 
8-cluster solutions, complete linkage was better than k-means. 
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 I further discuss the choice between the complete linkage and average linkage algorithms in the 
next section. It would have been prudent and useful to directly compare the average linkage and k-
means results. This is because both use means-based algorithms. It would have been very insightful to 
see how the agglomerative and divisive approaches compared side-by-side using more comparable 
(means-based) methods. Ideally, the results might have proven pragmatically indistinguishable.  
 Also, I was erroneously using the Gower (dis)similarity measure rather than the Gower2 
(dis)similarity measure at this point in my process. I have not yet fully explored this topic (see Section 
E6). The difference is that Gower2 is optimized for binary data, whereas Gower is optimized for mixed-
type data. The difference in results was actually relatively minor compared to other model 
permutations, but the simple fact is that I used the wrong one in producing the results in Table E8. Since 
I was using the same measure for all four of these models, the degree to which the results above would 
be different with Gower2 is undetermined but likely minimal.  
 Finally, I would later determine (see Section E8) that the average linkage algorithm actually 
produced better results than the complete linkage algorithm. The final polythetic methods were 
developed subsequent to extensive evaluation and reconsideration of my preliminary polythetic 
methods and results. However, at the point in time when I was comparing agglomerative to divisive 
results, I was not using the single best set of results. Again, the major issue dealt with picking the best 
number of clusters from the set of solutions for each algorithm.  
 The only accurate statement I can therefore make is that my evaluation of divisive hierarchical 
analysis was incomplete and undetermined. I should have looked at a broader range of k-means 
solutions. Given that I ultimately selected average linkage over complete linkage after revising my 
polythetic methods, it would have been prudent to directly compare the final average linkage results to 
the k-means results to more accurately compare the agglomerative and divisive approaches.  
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E5. Choosing the Average Linkage Algorithm 
 
 My research on hierarchical cluster analysis provided consistent, resounding advice: always 
produce solutions using different approaches and/or computational algorithms, and then compare the 
results to identify the best approach. There is always some element of exploration. Ferreira and 
Hitchcock (2009) simply reinforced this theme in their comparative review of several research teams 
that used hierarchical cluster analysis for a range of purposes. It is often pragmatically impossible to 
know which singular technique is the best one at the outset, but I admit that I did have reasonable 
expectations based on my early research about the algorithms.  
 Having just explained how and why my exploration of divisive hierarchical analysis was 
incomplete and therefore left inconclusive, I have yet to explain how I went about identifying the best 
agglomerative technique. In the preceding section, I had reached the preliminary (and inaccurate) 
conclusion that I should use the complete linkage algorithm for agglomerative clustering. That turned 
out to be conditionally true, meaning that it was only true within a certain, narrow range of solutions 
(this is further described in Section E8). It was not the best overall approach, though.  

Let us review the range of options. In addition to k-means and k-medians, STATA can perform 
seven other clustering computational algorithms. One of these was Ward’s minimum variance method. 
My research clearly stated that Ward’s method was not appropriate for binary data, so this method was 
ruled out. The literature also indicated that the centroid linkage and median linkage algorithms were not 
appropriate for binary data. My preliminary analyses validated this. These algorithms produced very 
poor Pseudo-F statistics and distributions, and I discarded consideration of these approaches very early.  

I also discarded the weighted-average linkage algorithm, mostly because I had no desire or basis 
for weighting the variables. On top of that, the presence of chaptered organizations (e.g., American Red 
Cross, Adventist Community Services, Mennonite Disaster Services, etc.) and other distinct 
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organizational subsets in my population provided natural weighting within the population because of 
their identical or similar responses on many variables, and I did not want to tamper with this. I wanted 
to understand and classify my population as it was (i.e., with the natural weighting intact). The process 
of “un-weighting” the influence of these similar organizations might be an appropriate topic for follow-
on research, but not this dissertation. Interestingly, though, the presence of chaptered organizations 
and other highly-correlated organizational subsets (i.e., my population was not normally distributed) 
would later provide a clue regarding why the complete linkage algorithm yielded inferior polythetic 
results when compared to the average linkage algorithm; more on this point will follow later. 
 I was left with three candidates for agglomerative hierarchical cluster analysis algorithms: single 
linkage, complete linkage, and average linkage. Each algorithm uses different equations to calculate 
Euclidean distance for the purpose of successively fusing objects into clusters and smaller clusters into 
larger ones. I needed to evaluate the results of these three algorithms to see which technique was the 
best fit for my population. By producing and comparing polythetic results from different algorithms, I 
was also improving the reliability of my research. I will now introduce each of these algorithms.  

Single linkage clustering, sometimes referred to as “nearest neighbor” clustering, adds one 
object to another based simply on the shortest Euclidean distance between the two objects (or the 
closest portions of adjacent clusters). It can often result in oddly-shaped clusters that can be compared 
to the appearance of gerrymandered political districts. Objects can also appear to be joined together in 
long chains when they are graphed. Single linkage clustering is mathematically the simplest of the 
approaches, and it really was not expected to yield good results in comparison to the more highly-
evolved algorithms. I still needed to try it, though (even if only to serve as a basis for comparison). See 
Figure 4e for a graphic depiction of how single linkage clustering works. 
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Figure 4e: Depiction of Single Linkage Clustering 
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each other because they had identical responses on variables (thus, I could conceivably depict The 
Salvation Army’s 23 chapters by making the point used to represent it 23 times larger).  
 A detailed, side-by-side presentation of the quantitative results from these algorithms is 
provided below in Section E8. Prior to that, I need to introduce and discuss the (dis)similarity measure 
and the number of variables used during the development of the polythetic model permutations.  
 
E6. Choosing the (Dis)Similarity Measure 
 
 A (dis)similarity measure is used to quantify the consistency of clusters created by the clustering 
algorithms; it helps ensure distinct, clearly defined clusters. There are many ways to calculate this 
measure. Every hierarchical clustering model must specify the specific (dis)similarity measure as part of 
the code used to generate the models.  

I like to conceptualize (dis)similarity as a “push/pull” relationship used in tandem with the 
clustering algorithm. Here is what I mean. Whether agglomerative or divisive, the purpose of the 
clustering algorithm is to separate objects in a population into different groups. This works in tandem 
with the (dis)similarity measure, which has the purpose of ensuring that those groups are coherent and 
distinct. I like to compare this effect to gravity; the same force keeps our feet on the ground yet allows 
the moon to maintain its orbit. Euclidean distance is an essential factor of both clustering algorithms and 
(dis)similarity measures. 
 I started with a set of nine dichotomous, nominal, and ordinal variables (before I dichotomized 
the multi-category variables). There is only one (dis)similarity measure that is appropriate for this type 
of data (although it has several derivatives). As if to confirm this point, STATA software only provides its 
users with one choice of (dis)similarity measure for clustering data with mixed variable types: Gower.  
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Developed in the 1960s and published in 1971, Gower developed his measure to address a void 
in the broader topic of similarity measures (i.e., to quantify similarity for mixed variable types). Gower 
also specifically addressed the application of his function to the topic of taxonomies. In the briefest 
terms possible, Gower’s function makes a transformation of the ordinal and nominal variables, and then 
it averages the similarity across all variables. The function produces a similarity score, “s”. The 
dissimilarity equals one minus the similarity score. These functions start with the premise of expressing 
the relationship of two cases as a contingency table, where they either match or do not match on a 
particular characteristic (see Table E9).  
 

Table E9: Calculating Gower (Dis)Similarity 
  Case  j  
  kYes kNo  

Case i kYes a b a+b 
kNo c d c+d 

  a+c b+d V 
 

a = the count of values that are yes/yes for k attributes in cases i,j b = the count of values that are yes/no k attributes in cases i,j c = the count of values that are no/yes k attributes in cases i,j d = the count of values that are no/no k attributes in cases i,j  
This is expressed across all cases (i, j, etc.) and k attributes. The Gower similarity score can be expressed 
as the equation below, with the dissimilarity score being 1 - sij.  

sij = ijv * distanceijv) ijv)  
For ordinal variables, sijk = 1 - | xik - xjk | /rk. In this case, r is the range of values for the ordinal 

variable. Nominal variables are transformed into sets of binary values (similar to what I had done with my 
own variables). Binary similarities are scored with a value of 1 if and only if two cases being compared (i,j) 
share an attribute value (k) equal to 1 (or yes). Any other attribute combinations of i and j (0/1, 1/0, 0/0) 
are assigned a score of 0.  
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 Because the Gower function was my only choice for calculating (dis)similarity given the nature 
of my variables (before dichotomization), it became the baseline measure for moving forward. When I 
dichotomized my variables, the range of options for the (dis)similarity measure changed dramatically.  
 First, STATA offered fourteen different measures by which I could calculate (dis)similarity for 
binary data, and I did not have the means or opportunity to evaluate all of them. However, my research 
on the statistical methods helped focus my attention on the Jaccard (dis)similarity measure. The Jaccard 
similarity score quantifies the degree to which two binary variables are matched. The Jaccard distance 
(dissimilarity) is 1 minus the Jaccard similarity score. Using the same representation of contingency table 
values used in Table E9, the Jaccard similarity score between two cases equals a/(a+b+c). This is 
calculated across all cases (i, j, etc.) for k attributes.    
 Online statistical help sources (e.g., Clustan and Stack Exchange; see references) made the 
explicit claim that if the Gower function was to be performed only on binary data (i.e., not mixed 
variable types), then the Gower score would equal the Jaccard score. This is because Gower transforms 
the nominal and ordinal data into a format that is compatible for binary calculations. However, if the 
data were already binary, then no transformation would be needed.  
 As I was developing my models, it was necessary to produce and compare results using different 
(dis)similarity measures, just as I would be comparing results from different clustering algorithms. I had 
already determined that I would dichotomize all of my variables. Based on my research about the Gower 
and Jaccard functions, I hypothesized that the models would produce the same results regardless of 
which measure I chose. I wanted to test that hypothesis, and that is when things got interesting. 
 I ran model permutations with Gower and Jaccard (holding other factors constant), but the 
results were not the same. They were similar, but I expected them to be identical (Gower produced 
results that scored better than Jaccard on my fit measures). I eventually realized that the problem was 
due to the manner in which STATA programmed the calculations. It had a Gower function (which 
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accounted for the need to transform the nominal and ordinal variables), but it also had the Gower2 
function. The Gower2 function used by STATA is expressed by the following equation:  

s = ad/sqrt ((a+b)(a+c)(d+b)(d+c)) 
Briefly, the STATA results of the Gower function did not equal the results of the Gower2 function. The 
Gower2 function was optimized for binary data, and it did not include any consideration of transforming 
nominal and ordinal variables. Moreover, the STATA results produced using the Gower2 function did, in 
fact, equal the results produced by the Jaccard function. In other words, my hypothesis was correct, but 
only after I switched from using Gower to Gower2 in STATA. This was noteworthy given that Gower2 
and Jaccard use different equations to produce their scores, but the results are the same.  

    Jaccard = Gower2 
     a/(a+b+c) = ad/sqrt ((a+b)(a+c)(d+b)(d+c)) 

  These equations produced the same clustering results; mathematical proofs to see if they 
produced the same value were unnecessary. I later compare these results directly (see Section E8), but 
here is the short version. For the two best solutions produced by my clustering efforts, the Jaccard and 
Gower2 functions identically sorted 659 out of 660 organizations in the population. Switching the 
(dis)similarity measure altered the clustering solutions by 0.15%. This was pragmatically identical, 
especially since this difference did not result in any change to my classificatory groups.  

The only issue was that I had been using Gower (rather than Gower2) during my preliminary 
analyses. However, as noted, the Gower and Gower2 results were still very similar (even though not 
identical). Here is the key point: my results are sound and robust, and the development of my models 
was not affected by the difference between Gower and Gower2. My final results were produced using 
Gower2, and I calculated that there was 99.85% congruence between the Gower2 and Jaccard results.  
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E7. Choosing the Right Number of Variables 
 

 Chapter 5 introduced the topic of whether or not I would need to remove a reference category 
from the six multi-category variable constructs. Following my analysis and reduction of variables based 
on considerations such as high correlations, I determined that I would be using 26 dichotomous 
variables for the polythetic models. However, what I really had was a set of six multi-category variables 
and two separate dichotomous variables. For reasons previously explained, I dichotomized all nominal 
and ordinal variables. For your reference, Table 4–15 in Section 4.8 provides the full list of variables. 
 The question at hand was whether or not I would exclude a referent from each of my six 
variable constructs. I could run my polythetic models with 26 variables or 20 variables. I could clearly 
understand arguments regarding either option, so my solution was to try both approaches.  
 Table E11 in Section E8 (below) presents the results of various model permutations side by side. 
That table only displays Pseudo-F values and the corresponding number of clusters, but I also calculated 
and compared the fit measures (Section E3) for the best-performing solution from each model. Briefly, 
the full 26-variable models consistently outperformed the models that excluded reference variables.  
 Even though the results speak for themselves, the reasons for this are not fully explained in this 
dissertation. I can only speculate. First, my study population is (in fact) a population rather than a 
sample. It is not normally distributed, and it is characterized by multiple, repeated values (e.g., 28 
American Red Cross chapters, 13 Adventist Community Services chapters, etc.). I believe that the 
presence of identical (e.g., the American Red Cross) or highly correlated (e.g., food banks, animal 
services organizations) subpopulations within the dataset accounts for some degree of this 
phenomenon. Another explanation is that while I was comparing my process of dichotomization to how 
dummy variables were created, they were not really dummy variables (i.e., I was trying to make the 
metaphor too literal). Finally, it may also be explained by the application of my analyses (classification). 
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This topic is unsettled and is worthy of further consideration beyond this dissertation. For my purposes, 
though, I simply went with the results that produced the better “fit” metrics that I was using. For the 
purposes of developing my taxonomy, the quantitative results settled the issue. I tested both options, 
and the results indicated that all variables constructs should be left intact (without removing a referent).  
 The next section provides quantitative results for all polythetic model permutations discussed to 
this point (agglomerative algorithm, (dis)similarity measure, and number of variables). As noted in 
Section E4, the topic of divisive clustering was left undetermined. Having documented the processes and 
decisions leading to this point, I am now able to present which polythetic clustering model worked best. 
Chapter 6 explicated the details of the best clustering solution.   

 
E8. Polythetic Model Permutations and Selection 

 
I will now review the process by which I determined the best set of polythetic results (including 

discussion of mistakes and dead ends). First, I mapped out the full range of model permutations. Table 
E10 presents all possible permutations being considered at this point in time. This table does not 
account for the k-means permutations. The permutations would nominally increase from 12 to 16 if I 
added the dimension of divisive (k-means) versus agglomerative clustering, but I would also have to run 
numerous k-means models that accounted for a wide range of partition numbers (i.e., k=1 though k=n). 

 
Table E10: Full Range of Model Permutations 
 Gower2 Jaccard 

20 Variables (Referents Excluded) 
Single Linkage Single Linkage 

Complete Linkage Complete Linkage 
Average Linkage Average Linkage 

26 Variables (Referents Included) 
Single Linkage Single Linkage 

Complete Linkage Complete Linkage 
Average Linkage Average Linkage 
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The table reflects three major choices specific to the agglomerative models: the clustering algorithm 
(single, complete, average), the variables (referents included or referents excluded), and the 
(dis)similarity measure (Gower2 or Jaccard). All of these topics have been thoroughly introduced in the 
preceding sections of this chapter.   
 At the beginning of the process, I wanted to focus on one decision at a time (holding other 
factors constant). I also erroneously concluded that the complete linkage algorithm worked best. One 
major error that I made was by not choosing the highest Pseudo-F statistic within the set of solutions 
produced by each model. I made (and subsequently corrected) several other lesser errors that also 
violated the integrity of my process. While those errors and their implications are discussed at various 
points throughout Appendix E, they are not recounted chronologically (i.e., in the order that I made 
them). The ultimate results are the product of identifying and correcting mistakes along the way.  
 I ran all 12 models listed above and made a large table indicating the Pseudo-F statistics and 
range of solutions for each model permutation (remember that a single model produces a range of 
solutions with different Pseudo-F values). Table E11 a cell presents the results for eight of these models. 
 The results produced by the single linkage algorithm are not presented for two reasons: space 
and their lack of viability. The single highest Pseudo-F statistic produced by any of the four single linkage 
models was 15.26. In other words, the best single linkage solution was not better than the worst of the 
complete or average linkage solutions expressed in Table E11. Single linkage results were therefore 
discarded.  
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Table E11: Comparison of Polythetic Clustering Pseudo-F Statistics 

 Average Linkage Complete Linkage  
Clusters Jaccard  26 Var Gower2 26 Var Jaccard 20 Var Gower2 20 Var Jaccard 26 Var Gower2 26 Var Jaccard 20 Var Gower2 20 Var 

Count Of Valid Solutions 
2 87.21 88.27 47.73 47.67     4 
3 102.011 101.61 78.79 74.43     4 
4 93.35 69.14 82.95 79.25     4 
5 71.24 75.00 65.05 88.47     4 
6 79.17 76.20 77.20 71.70     4 
7 68.15 65.72 65.17 69.68  75.71   4 
8 64.95 57.33 57.15 61.31 43.43 67.38 50.26  7 
9 57.09 54.24 53.83 55.54 50.96 60.20 62.93  7 

10 52.81 48.87 51.93 51.93   59.68 60.60 6 
11 51.69 47.87 53.10 49.68  52.66   5 
12 50.27 46.71 50.85 46.62     4 
13 47.17 47.93 50.09 47.46   49.40 52.55 6 
14 44.02 44.68 47.87 44.84  45.22  51.16 6 
15 41.72 41.63 44.95 41.97 46.96 47.12  48.91 7 

AVG 65.06 61.80 59.05 59.33 47.12 58.05 55.57 53.31  
ST DEV 19.26 18.18 12.65 14.81 3.77 11.97 6.77 5.09  

MIN 41.72 41.63 44.95 41.97 43.43 45.22 49.40 48.91  
MAX 102.01 101.61 82.95 88.47 50.96 75.71 62.93 60.60  
AVG 61.31 54.42  

ST DEV 16.17 8.69  
MIN 41.63 43.43  
MAX 102.01 75.71  

 1 The highest Pseudo-F statistic for each model is offset by bold font.  
At the bottom of the table, you can see the average Pseudo-F statistics across each model permutation. 
Consider how comparable the average and complete linkage solutions are based on overall averages. I 
had, in an earlier stage of the process, erroneously concluded that the complete linkage algorithm was 
the best choice. One reason for this is that I was limiting my analysis to the range of clusters that 
provided the highest count of Pseudo-F statistics. I was wrong, but here was my thought process. Look 



417  

at rows 8-9. When calculating the count of all Pseudo-F statistics for these rows, you can clearly see that 
these cluster sizes had the highest number of valid solutions across the complete and average linkage 
permutations (add any two rows together, and these rows provide the highest count). I chose this range 
of rows because it afforded me the ability to evaluate the results of different models and permutations 
while holding to a comparable number of clusters (i.e., a common denominator). Among these two 
rows, the single highest Pseudo-F statistic was 67.38 (complete linkage, Gower2, 26 variables). Thus, my 
conclusion that complete linkage worked best was true only within the range of 8-9 cluster solutions.   

I later arrived at the far better choice, which was to take the solution with the highest Pseudo-F 
statistic and then, as needed, re-cluster the results of that solution into smaller subordinate clusters. In 
other words, I subdivided the population based on the results of the first round of clustering, and then 
performed new rounds of clustering on each new subpopulation.  
 Once I had created this table, my earlier errors and flaws were easily revealed. Note that the 
highest Pseudo-F statistic for complete linkage (75.71) is still lower than the worst-performing average 
linkage solution (88.47). The distribution of organizations across the clusters in these models confirmed 
that higher Pseudo-F statistics led to better models on all dimensions (i.e., the criteria put forth in 
Sections E2 and E3).  
 A related matter was considering just how different the solutions were between the two highest 
Pseudo-F statistics, 102.01 and 101.61. These were the two best solutions based on all of my criteria. 
Both used average linkage and 26 variables (referents included). The only difference was the 
dis(similarity) measure. I thoroughly analyzed and compared all distributions for the best performing 
solutions from average and complete clustering (i.e., the solutions corresponding to the highest Pseudo-
F statistic for each column). These results are not displayed here, but this was a granular examination 
that looked at where specific organizations were clustered in each solution. Here is what I found.  
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 First, the two best models identically clustered 659 out of 660 organizations. In other words, 
changing the (dis)similarity measure accounted for a net difference of 0.15% when actually looking at 
how and where organizations were grouped. In fact, I did a detailed comparison across all models, and I 
found that the Gower2 and Jaccard results accounted for negligible variation across all permutations. 
 Next, I looked at differences (of all top-performing solutions) between the 26-variable models 
and the 20-variable models. The full models consistently produced better Pseudo-F statistics and better 
distributions when holding other factors constant. This speaks to the issue regarding whether or not I 
should have removed one reference category from each of my six variable constructs. Based on the 
strength of the results across all model permutations, the numbers speak for themselves.  
 Finally, as already noted, all four average linkage models produced better solutions than the 
best complete linkage solution. I am basing this off the Pseudo-F statistics as well as the secondary 
metrics that I had developed. I looked at the distribution of observations across clusters for each 
solution (e.g., the size of the standard deviation in relation to the mean and the number of clusters that 
had n-values within one standard deviation of the mean). I also looked at the “fit metrics” for these 
solutions (% perfect match, % high match, and the clusters/tag dispersion scores). Overall, the solutions 
with the higher Pseudo-F values were consistently better than those with lower Pseudo-F values. This 
allowed me to focus my attention on just the Pseudo-F values as I moved forward in the process.  
 In the end, it turns out that the two best solutions were pragmatically indistinguishable (even 
though one of them had a negligibly larger Pseudo-F statistic). I therefore proceeded to fully develop the 
results of the 3-cluster solution from the average linkage, 26 variable model. The next chapter provides 
specific details about this solution, including further discussion of how I would subsequently re-cluster 
the results to create smaller, subordinate clusters.  
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Appendix F – Supplement to Polythetic Clustering Results (Chapter 6) 
 

This appendix complements and expands on Section 6.2. Section F1 provides supplementary 
methods and discussion regarding how the polythetic variable profiles were developed to evaluate the 
polythetic clustering results. Section F2 provides methods, truncated results, and discussion regarding 
subordinate tiers of classification for the polythetic clustering approach.  
 
F1. Supplementary Content for Polythetic Variable Profiles (Section 6.2) 
 

This section discusses how the polythetic variable profiles were developed and evaluated. I 
developed three tailored measures to quantify the shared traits of organizations within clusters and 
then to compare the distribution of traits across clusters.  
 The “Percent in Cluster” score is the number of organizations with a shared trait in a cluster 
divided by the size of the cluster.  

The “Percent in Population” score is the number of organizations with a shared trait in a cluster 
divided by the number of organizations in the entire study population with that trait.  
 The “Average Percent” score is the average of those two numbers. It helped me index and rank 
order the variables based on their relative importance. “Dominant traits” had a score greater than 75%. 

I will now provide examples and discussion of these measures, how they were developed, and 
how they were used. The comprehensive polythetic clustering results in Section 6.3 incorporate a 
scoring/ranking system that compares the various percentages across clusters. 
 First, I need to address relevant content that is further explicated in Appendix E. These results 
were created using the average linkage algorithm, which creates clusters using the pairwise Euclidean 
distance between two organizations relative to all pairwise distances among all organizations in the 
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population. An organization’s graphed location is plotted based on its responses to the 26 binary 
variables used in the model. Clusters are created by the overall, averaged similarity of organizations 
across all 26 variables. Certain variables played a more prominent role, though, and I needed to identify 
those variables and their relative contributions to the clustering solution.  
 For Cluster 1 (n=327), I identified that 80.1% organizations were not faith-based. This accounted 
for 88.4% of all of the “not faith-based” organizations in the entire dataset (n=660). Both measures 
(Percent in Cluster and Percent in Population) clearly ranked very high for this variable in Cluster 1.  
 However, I also calculated that only 38.6% of the organizations in Cluster 1 (n=327) had very low 
revenue (< $1 million). This seems to be not noteworthy, but then I calculated the corresponding 
measure for the whole dataset (n=660). It turns out that Cluster 1 had 91.4% of all organizations with 
very low revenue. The overwhelming majority of them settled here.  
 For Cluster 2 (n=169), I calculated that 71.4% of all organizations reported their revenue using 
consolidated IRS Forms 990 (meaning that the financial activity of all chapters was submitted on one 
reporting form). At the same time, this cluster had 81.2% of all organizations in the dataset (n=660) that 
used consolidated IRS Forms 990. Based on both measures, this variable played an important role in 
defining the composition of Cluster 2.  
 For Cluster 3 (n=164) religious congregations only accounted for 39.7% of organizations in the 
cluster. However, all (100%) religious congregations in the dataset (n=660) were in this cluster. Another 
very influential variable was emerging.  
 I repeated this process (calculating “Percent in Cluster” and “Percent in Population” values) for 
all variables, and closely examined the distributions of the percentages for each range of values. Using 
these distributions, I established thresholds that allowed me to categorize the “Percent in Cluster” and 
“Percent in Population” values (i.e., high, moderate, intermediate, or low). These thresholds are 
presented below in Table F1. Those two average scores were then averaged. The distribution of 
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“Average Percent” Scores was analyzed separately to create thresholds to indicate each variable’s 
overall influence with regard to defining the composition of the clusters.  
 

Table F1: Variable Influence Thresholds 
Influence Threshold % in Cluster % in Variable Average % High/Dominant > 80% > 50% > 75% Moderate 50-79% n/a 50-74% Indeterminate 10-49% 20-49% 10-49% Low/Absent < 10% < 20% < 10% 

Definition 
Defined as the count  of organizations in a cluster with a given trait divided by the  size of the cluster. 

Defined as the count of  organizations in a cluster  with a given trait divided  by the number of all  organizations in the study population with that trait. 

Defined as the  average of  “% in Cluster”  and  “% in Variable” 
 
 In plain terms, I will illustrate how these thresholds were applied. If more than 80% of the 
organizations in a cluster shared the same (particular) trait, then that specific variable ranked “high” for 
the Percent in Cluster measure for that variable. However, it would only be considered a “dominant” 
trait if the value in the third column (the average of the Percent in Cluster and Percent in Variable) was 
greater than 75%. I would calculate the same percentages across all variables for each cluster.  
 I will now provide an example of how I used these measures to assess the influence of a specific 
variable. In Cluster 2 (n=169), 98.5% of the organizations had the trait “Response and Recovery”. This 
ranked high on the Percent in Cluster measure. However, Cluster 2 only had 46.6% of the “Response and 
Recovery” organizations in the entire dataset (n=269), meaning it ranked intermediate for the Percent in 
Population measure. These two measures (98.5% and 46.6%) had an average value of 72.6%, which 
meant that this variable had an overall moderate influence on the composition of this cluster.  
 I also gained tremendous insight regarding a cluster’s composition by noting the absence of 
characteristics. In fact, the absence of a binary trait was in many ways easier to discern and more 
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compelling than looking at the presence of other traits (especially since there were few positively-
defined that approached 100% within any cluster’s population). For example, Cluster 1 had no religious 
congregations or collectives (in turn meaning that it had no 990 – Exempt organizations). By definition, 
that means that it only had charitable or unincorporated (n=28) organizations. Cluster 2 had no 
organizations representing service areas corresponding to “Smaller than county-sized”, “County or 
multi-county”, or “State or multi-state”. By definition, that meant that all 169 organizations in the 
cluster operated at either the national or international levels. In clusters with few or no dominant 
characteristics, it was very important to note the absence of particular traits to clarify the results.  
 Using these measures and processes, I calculated the presence and influence of all variables 
across all clusters (including subsequent subclusters). I created comprehensive variable profiles that 
defined the clusters according to the measures presented above in Table F1. 

By doing this, I was able to identify which of the 26 variables mattered most in the classificatory 
process (and to what degree). However, as I will further discuss at a different point, I also became 
acutely aware of the large number of variables left in the “indeterminate” range.  
 
F2. Subordinate Clusters for the Polythetic Approach (Supplements Section 6.2) 
 
 This section includes methods, abbreviated results, and discussion regarding my effort to 
establish subordinate clusters. It is comprehensive of my larger effort with the polythetic approach, 
going beyond the 3-cluster solution introduced earlier in this chapter.  I will repeat the key point that I 
was able to produce and compare results from numerous polythetic model permutations and clustering 
solutions. The theme is that regardless of my varied methods, similar patterns and similar problems 
were evident across the range of polythetic solutions. These patterns and problems prompted my 



 

(revised) parsimonious methods and results, but I want to document more about my preliminary 
methods and results before moving on. 
 Early in my process, I erroneously settled on the idea of selecting solutions that had a higher 
number of clusters even though those solutions did not have the best Pseudo
range of solutions produced by any give
my goal at that moment was to compare the results of different models while holding the number of 
clusters constant. Here is why I am reviewing this now: the dendrograms revealed that the model
producing tiered hierarchies of clusters and subclusters. Figure 1f (below) is the dendrogram for a
solution using complete linkage, Gower (dis)similarity, and 26 variables. This particular solution (which 
was discarded) had nine clusters.  
 

Figure 

 
Note the tiered effect of the clustering. At the first branch, the population split into two groups: Clusters 
1-6 (predominantly charitable organizations) and Clusters 7
Even though the methods that created this solution were subsequently corrected, the same pattern 
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Figure 1f: 9-Cluster Polythetic Solution 

Note the tiered effect of the clustering. At the first branch, the population split into two groups: Clusters 
6 (predominantly charitable organizations) and Clusters 7-9 (predominantly religious organizations). 

hough the methods that created this solution were subsequently corrected, the same pattern 
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solution using complete linkage, Gower (dis)similarity, and 26 variables. This particular solution (which 

 

Note the tiered effect of the clustering. At the first branch, the population split into two groups: Clusters 
9 (predominantly religious organizations). 

hough the methods that created this solution were subsequently corrected, the same pattern 
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existed (i.e., the results were robust). Focus on Clusters 1-6 and note how it split into three groups at the 
second tier. Clusters 1-2, Clusters 3-5, and Cluster 6 are all distinct subsets which were further 
subdivided by the clustering model (primarily distinguishing between faith-based and non-faith-based 
charitable organizations). 

I had picked a model with many clusters, but the algorithm was able to identify and form 
multiple branches as the subclusters were formed. Now, refer back to Table E3 from Section E2. This 
table showed three different clustering solutions from the same model permutation side by side. All that 
was happening was that as the number of cluster increased (from 5 to 8 to 11), the extant clusters were 
being subdivided into smaller clusters. My attention at that point was identifying which variables were 
primarily responsible for each new branch in the dendrogram. I did not realize until later that I had been 
going about things the wrong way.  
 In the end, here is what I realized. First, it was better to simply pick the solutions with the 
highest Pseudo-F scores (these also had fewer clusters for my range of solutions). I could then re-cluster 
the newly formed subpopulations to make new branches in the hierarchy rather than letting the 
software do it for me. Second, while they were never identical, the same general patterns and themes 
were evident regardless of which approach I took. All results were robust; their solutions rhymed 
because of the dominant influence of the 990 Filing Status and Faith variables.  

As noted previously, the 990 Filing Status and Faith variable constructs were always consistently 
responsible for establishing the top tier of the varied solutions, and then other variables/constructs 
(e.g., Revenue, Service Area, or Mission Statement) were responsible for subordinate branches to 
varying degrees based on the linkage algorithm and other factors. Also, every single model produced a 
quantifiable degree of Descriptive Tag fragmentation due to within-group variation. The metrics allowed 
me to compare the results of the different models to see which solutions did a better job of producing 
results that allowed for congruence with the Descriptive Tag typology.  
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 In a sense, I already had an answer for research questions A and B. In fact, I had several answers, 
and all of them were mathematically valid and defensible. However, the challenge was choosing the 
solution that best fit my population and research aims. Rather than just having an answer, I needed the 
answer that made the most sense in context.  
 I will now provide more detail about how I created subclusters from the 3-cluster solution 
presented in Section 7.3. First, I created three new datasets, each corresponding to one of the three 
clusters. Second, I determined which variables played dominant roles in defining those clusters, and 
which were absent (these were for the most part the high-influence and low-influence variables). Third, 
I removed those variables from the original set of 26 variables. For example, if all (or almost all) of the 
organizations in Cluster 3 were “990 – Exempt”, then none of the binary variables from that 4-category 
construct would be able to influence the creation of new subordinate clusters. Fourth, I re-clustered the 
new subpopulations using the reduced set of variables. Having already validated other aspects of the 
polythetic clustering models, I maintained the use of the average linkage algorithm and Jaccard 
(dis)similarity. 
 Using this technique, I developed a second tier for the taxonomy. Cluster 1 divided into two new 
subclusters. Cluster 1a had most of the “990 – No Chapters” and “Very Low Revenue” organizations, and 
Cluster 1b had most of the “990 – Independent Chapters” organizations. Cluster 2 split into two new 
subclusters. Cluster 2a had almost all of the non-faith-based organizations, and Cluster 2b had the faith-
based organizations. Cluster 3 split into three new subclusters. Cluster 3a had all of the religious 
congregations. Cluster 3b had most of the religious collectives. Cluster 3c had a mix of religious 
collectives and “other” faith-based organizations, which were outliers in the sense that they were 
charitable (not religious) organizations. Figure 2f presents a simplified depiction of the new subclusters. 
  



 

Figure 2f: Second Tier of Polythetic Clustering Results (Simplified)

 
I am not quantifying it here and now, but these subclusters and the third tier of subclusters 

beneath them (not pictured) expressed increasing degrees of within
I have already noted and addressed several issues with my polythetic results. However, my preliminary 
examination of this solution’s subclusters actually led me to conclude t
changes and adaptations when I moved forward with the parsimonious approach (Chapter
will focus on three key observations from these polythetic results that led to the adaptations. 

First, Cluster 2 (n=169) split int
faith-based organizations, and Cluster 2b (n=137) had mostly faith
faith-based international organizations). The re
block in terms of the relative size of these new clusters, meaning that I would have to go through the re
clustering process again for Cluster 2b. I had a different observation, though, that was more 
confounding. Of the 32 organizations in 
chapters of Team Rubicon. In other words, only two unique organizations actually accounted for this 
entire subcluster after collapsing the chapters. Furthermore, these were 32 of the 35 non
organizations in Cluster 2.  
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Figure 2f: Second Tier of Polythetic Clustering Results (Simplified) 

I am not quantifying it here and now, but these subclusters and the third tier of subclusters 
ctured) expressed increasing degrees of within-group variation and fragmentation. 

I have already noted and addressed several issues with my polythetic results. However, my preliminary 
examination of this solution’s subclusters actually led me to conclude that I needed to make other 
changes and adaptations when I moved forward with the parsimonious approach (Chapter

focus on three key observations from these polythetic results that led to the adaptations. 
First, Cluster 2 (n=169) split into two subclusters. Cluster 2a (n=32) had almost all of the non

based organizations, and Cluster 2b (n=137) had mostly faith-based organizations (three were non
based international organizations). The re-clustering had, in effect, merely knocked

block in terms of the relative size of these new clusters, meaning that I would have to go through the re
clustering process again for Cluster 2b. I had a different observation, though, that was more 
confounding. Of the 32 organizations in Cluster 2a, 28 were American Red Cross chapters, and four were 
chapters of Team Rubicon. In other words, only two unique organizations actually accounted for this 
entire subcluster after collapsing the chapters. Furthermore, these were 32 of the 35 non

 

 

I am not quantifying it here and now, but these subclusters and the third tier of subclusters 
group variation and fragmentation. 

I have already noted and addressed several issues with my polythetic results. However, my preliminary 
hat I needed to make other 

changes and adaptations when I moved forward with the parsimonious approach (Chapters 7 and 9). I 
focus on three key observations from these polythetic results that led to the adaptations.  

o two subclusters. Cluster 2a (n=32) had almost all of the non-
based organizations (three were non-

clustering had, in effect, merely knocked a chip off the 
block in terms of the relative size of these new clusters, meaning that I would have to go through the re-
clustering process again for Cluster 2b. I had a different observation, though, that was more 

Cluster 2a, 28 were American Red Cross chapters, and four were 
chapters of Team Rubicon. In other words, only two unique organizations actually accounted for this 
entire subcluster after collapsing the chapters. Furthermore, these were 32 of the 35 non-faith-based 
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I can conclude a few things from this. Based on all 26 variables and the mechanics of the 
average linkage algorithm, STATA concluded that Team Rubicon and the American Red Cross were, 
overall, more similar to the faith-based charitable organizations in Cluster 2 than they were to the non-
faith-based organizations in Cluster 1. This turned out to be due to their 990 Filing Status as well as (to a 
lesser degree) their orientation towards disaster programs, services, and activities. Cluster 2 also had all 
or most of the national/international organizations, which was an added degree of averaged similarity 
for the American Red Cross and Team Rubicon. However, it still struck me as odd that this “splinter” of 
two non-faith-based charitable organizations had broken away from those in Cluster 1. These two 
organizations might best be described as straddling the boundary between Clusters 1 and 2. Refer back 
to Figure 6D in Section 6.2.3 for an illustration of this. 

Second, most of the organizations in Cluster 2b were faith-based charitable organizations. The 
other main outlier was The Salvation Army (n=23). Overall, it was calculated to be more similar to the 
faith-based charitable organizations than it was to the religious organizations in Cluster 3 in spite of its 
values for the 990 Filing Status and Faith variable constructs. It seemed to be straddling the boundary 
between Clusters 2 and 3. I did not have a major problem with this observation (alone), but it was 
compounded by a related point.  

The third observation was the crossover of other faith-based organizations between Clusters 2 
and 3. Some charitable faith-based organizations sorted into Cluster 3c (when they would have been 
expected to be in Cluster 2), and some other religious organizations (besides The Salvation Army) sorted 
into Cluster 2b (when they would have been expected to be in Cluster 3). Again, these were valid 
polythetic results based on the average linkage algorithm and overall (averaged) organizational 
similarities, but these exceptional cases that “straddled the boundaries” led me to reevaluate the utility 
of the polythetic approach.   
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Appendix G – Supplement to the Revised Unit of Analysis (Section 7.1) 
 
 This appendix provides added results and discussion related to changing the unit of analysis 
from organizations (n=660) to Descriptive Tags (n=47). Section G1 expands upon and supports the 
argument for changing the unit of analysis. Section G2 documents the differential impact of the 
dominant trait adjustment process (Section 7.1.2) on Descriptive Tags (i.e., the tags expressed varying 
degrees of within-group variation for different reasons). Section G3 documents the differential impact of 
the dominant trait adjustment process on variables and variable constructs (i.e., constructs and 
variables from different trait domains were responsible for varying degrees of within-group variation).  
 
G1. Expanded Support for Revising the Unit of Analysis 
 
 To use my Descriptive Tags as the new unit of analysis, I needed to make sure that they were 
properly defined. In the beginning, they were solely intended as a tool for quick-reference indexing. 
They were typological, and they were not part of my planned methodology. 
 My first exercise with using the Descriptive Tags beyond their intended purpose came during my 
preliminary analysis of the NTEE Codes (see Section D2.1). The goal was to document (as part of a larger 
effort) why NTEE Codes provided no utility in my classificatory efforts in spite of the fact that the “T” 
stands for taxonomy. My conclusion about the NTEE codes was in line with the findings of other 
researchers attempting to classify nonprofit organizations.  
 The Descriptive Tags took on added importance when I realized that my polythetic model 
permutations were producing varied results. I provided the example of how five different preliminary 
solutions had sorted the Habitat for Humanity chapters (n=8) five different ways. I needed a means by 
which I could evaluate and compare the different clustering solutions against a common benchmark that 
held meaning. That benchmark was provided by the typologically-developed Descriptive Tags.  
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 The logic was simple. Each polythetic clustering solution was, in its own right, mathematically 
valid and defensible. I needed a technique to determine which set of results was most appropriate for 
my population. As explicated in Chapter 6 and Appendix E, I realized that the degree to which the results 
conformed to my typological categories would improve the taxonomy’s utility. I therefore used the fit 
metrics, derived from the Descriptive Tags, as a benchmark against which my quantitative clustering 
solutions would be compared. This was never intended, but it turned out to be essential.  

The revision of the Descriptive Tags (from 38 to 47) was driven by three considerations. First, I 
observed the degree to which the original 38 Descriptive Tags had been cohering during the preliminary 
analyses. For example, the organizations assigned to the tag “Other” (n=16) always sorted perfectly as 
an intact set (which was obviously reassuring). Likewise, tags used to define chaptered organizations 
with the trait “990 – Consolidated” hung together because they usually shared a single source of data. 
Organizations with the trait “990 – Independent” usually cohered well at the first tier of classification 
(based on 990 Filing Status and Faith), but then they were more likely to fragment as subordinate 
clusters were created based on the influence of other variable constructs (e.g., Revenue).  

One subset of Descriptive Tags was defined as “functional”. These linked together themed 
subsets of charitable organizations on the basis of their primary missions. Examples include food banks, 
call centers, amateur radio organizations, disability services organizations, etc.  These subsets generally 
cohered well at the first tier or classification, but then they would begin to fragment in the subordinate 
tiers of classification (usually to higher degrees of fragmentation than the “990 – Independent” 
organizations). Due to their already small n-values as well as their clearly-defined and meaningful areas 
of emphasis, these tags were left unchanged. However, these organizations also exhibited high degrees 
of within-group variation because they were drawn from a disproportionately high number of unique 
websites (data sources). For example, the fifteen mental health services organizations were drawn from 
14 data sources (one organization was listed twice as a member of two different VOADs). This is 
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meaningfully different than the “990 – Independent” organizations. For example, the 21 United Way 
chapters provided 21 different data sources, but their variable values were generally more correlated 
because of the unifying influence that the parent organization had on its affiliated chapters.  
 In one case, I actually merged two of the original Descriptive Tags, fraternal organizations (n=6) 
and the scouting organizations (n=2), into a new Descriptive Tag called Fraternal/Scout (n=8). By doing 
this, I also eliminated the smallest Descriptive Tag in my population. I made this merger for two reasons. 
First, they universally sorted together as I created new subclusters with my previous polythetic 
solutions. Second, there was minimal (negligible) variation in their variable profiles.  

I will add that the six organizations tagged as “Fraternal” actually represented five different 
parent organizations: the American Legion, the Kiwanis Club, the Knights of Columbus, the Lion’s Club, 
and the Rotary Club. So, it was already highly diverse in that sense. By merging the tags, I added two Girl 
Scouts of America troops to this collection of already diverse fraternal organizations. I repeat that 
overall, these organizations were very similar to each other based on their measured characteristics. It 
was outside the scope of this research to ascertain why Girl Scout troops were more likely to become 
VOAD member organizations than Boy Scout troops. To a larger point, it seemed noteworthy to me that 
so few fraternal organizations were VOAD members given their collectively high prevalence in 
communities across the nation. 

That left the tags that were characterized as being primarily “structural/operational”. These 
were tags with high n-values (compared to the others). For example, one of the original 38 tags was 
“Religious Collective” (n=101). Unsurprisingly, this tag did not demonstrate good coherence during the 
preliminary analyses. Similarly, the tag “FBO (Other)” (n=36) did not demonstrate good coherence. The 
most precise way of characterizing this group follows: “Faith-Based Organization (not otherwise 
specified)”. What I mean is that other faith-based organizations had already been assigned descriptive 
tags because they were also chaptered organizations. For example, faith-based organizations St. Vincent 
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de Paul (n=6) and Habitat for Humanity (n=8) already had their own more precisely-defined tags as 
chaptered organizations. Those aggregated in the “FBO (Other)” tag were either singleton (n=1) or low 
n-value chaptered organizations.  

The largest of the “not otherwise specified” Descriptive Tags were generally the ones that held 
up least well in the clustering results. I therefore performed a detailed analysis of the summary statistics 
for these organizations, and they were subdivided into smaller tags based on their variable distributions 
and/or the identification of chaptered organizations subsets. For example, 11 of the 101 Religious 
Collectives were chapters of Mennonite Disaster Services, so I provided these organizations with their 
own chaptered organization Descriptive Tag. Other resulting tags included “Religious Collective 
(Disasters)” (n=28) and “Religious Collective (No Disasters) (n=43) which were differentiated on the basis 
of the mission statements for these organizations.  

It is also important for me to provide special commentary about identifying religions and 
denominations. My goal was never to create a tool that could be used to compare the relative 
contribution of various religions and denominations to VOADs and disaster issues. When I created a tag 
for Mennonite Disaster Services, I did so because there were 11 of them. It is that simple. I would never 
want the taxonomy to be used to compare (for example) whether Baptists, Methodists, Presbyterians, 
Lutherans, Catholics, or any other identifiable religious group did “more” than the others.  

The Descriptive Tag “Congregations” (n=60) makes no distinctions between religions of 
denominations. There are no counts comparing them but for one special case. I created a tag for the 13 
Latter Day Saints groups identified in the study population. This is the only congregational subgroup that 
is distinguished. I may have been wiser to aggregate it with the other 60 congregations, but I did not do 
that for a specific reason.  

Specifically, religious groups could generally be divided into congregations (brick-and-mortar 
houses of worship) and collectives (larger geographic areas populated by multiple congregations). Thus 
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we have Baptist churches and Baptist Conventions, Lutheran churches and Lutheran synods, etc. The 
Church of Jesus Christ of Latter Day Saints also has such distinctions. These are identified as wards, 
stakes, and branches. However, these distinctions were not indicated when these organizations were 
named as VOAD member organizations. I therefore really had no way of knowing whether or not they 
were congregations or collectives. I created a separate Descriptive Tag for them, and I coded them as 
congregations (they would ultimately be clustered with the 60 other congregations).  

Again, there would be absolutely no utility to be gained from comparing different religions and 
denominations with regard to their VOAD participation. That would be a fool’s errand. Also, most major 
faith-based groups were represented in several ways beyond simply “congregation” or “collective”. For 
example, the dataset had the following organizations: Lutheran churches, a Lutheran synod, Lutheran 
Social Services, and Lutheran Disaster Response (with varied n-values for each of these organizations). 
This same phenomenon appeared with other religions and denominations. I repeat that my data and 
results could not be used for the purpose of comparing the relative contributions of any particular 
religion or denomination to VOADs.  
 The revised set of 47 Descriptive Tags ranged in size from 4 to 60 organizations (mean=14.0, 
median=12). The original set of 38 Descriptive Tags ranged in size from 2 to 101 organizations 
(mean=17.4, median=12). Note that the median stayed the same, and the mean was reduced, making it 
closer to the median value. In other words, the new Descriptive Tags more closely represent a normally 
distributed population with a smaller min-max range. Now that the unit of analysis had changed, I 
needed to identify the best method to assign trait values to the 47 newly created cases.  
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G2. Impact of Dominant Trait Adjustment on the Descriptive Tags 
 
 There was another added benefit from the new unit of analysis. I was able to very easily identify 
(prior to my analyses) which variables would exhibit the most within-group variation. The related point 
is that I was able to calculate the degree to which adjusting the cell values would mitigate any problems 
across the Descriptive Tags and variables. I will provide examples to explain this. 
 My dataset had four occurrences of Team Rubicon. This is a charitable, non-faith-based 
organization that uses a consolidated IRS Form 990. The same website was used for collecting data in 
each of the four cases. This means that there was no variation (at all) on the variable values. When I 
collapsed these four cases (in the original configuration) to one case (after changing the unit of analysis), 
all data were still expressed as “0” or “1” without needing adjustment.  
 In contrast, I had six occurrences of St. Vincent de Paul organizations. These are independently-
chaptered faith-based charitable organizations that submit separate IRS Forms 990. That means six 
different websites and six different revenue values. Before adjusting the cell values, these six 
organizations expressed within-group variation on 10 of the 32 variables. After adjusting the trait values, 
they expressed no within group variation (the adjustment eliminated all variation). 
 My third example is the set of 13 volunteer services organizations. None of them were directly 
affiliated with each other, meaning that I had essentially cobbled together thirteen singletons (n=1) on 
the basis of their shared function. Prior to adjusting the cell values, these organizations expressed 
within-group variation on 21 of the 32 variables. This is hardly surprising. After adjusting cell values on 
the basis of dominant traits, they expressed within-group variation on only 8 of 32 variables. The 
adjustment did not eliminate all variation, but it reduced it by more than half. Another way to look at 
this is that while these 13 singletons would never be identical (like Team Rubicon), they still expressed 
24 dominant shared traits out of the 32 variables being considered.  



434  

 I was able to replicate this process for all 47 Descriptive Tags based on the number of variables 
expressing within-group variation. Table G1 summarizes the data, and it reflects the before-and-after 
effect of the adjustment. The n-values reflect the number of Descriptive Tags falling into each row. 
 

Table G1: Effect of Dominant Trait Adjustment on Cases 
Degree of Within-Group Variation n (Cases –  before adjustment) n (Cases –  after adjustment) % Change 

None: 0 variables 14 17 + 21.4% Low: 1-5 variables 2 18 + 800% Moderate: 6-10 variables 1 11 + 1000% High: 11+ variables 30 1 -96.7%  
Frankly, this was astounding. The before-adjustment Descriptive Tags in the top row (n=14), which were 
least susceptible to within-group variation, were organizations with the same data source (e.g., Team 
Rubicon). However, 30 of 47 (63.8%) of the before-adjustment Descriptive Tags expressed a high degree 
of within-group variation (more than 10 variables). After identifying dominant traits and adjusting the 
values, this dropped from 63.8% to 2.1% (only one Descriptive Tag). The big takeaway is that even 
though there was pervasive within-group variation, the overwhelming majority of the tags still 
expressed dominant shared traits that allowed for the variation to be muted.  
 
G3. Impact of Dominant Trait Adjustment on Constructs and Variables 
 
 I went through a similar process with the variable constructs and variables. When looking at the 
4-category faith construct, there were 188 cell values (four variables x 47 Descriptive Tags). Before the 
adjustment, only 12 of the 188 cells (6.4%) provided evidence of within-group variation. For the 990 
Filing Status construct, 27 of the 188 cells (14.4%) expressed within-group variation. Both of these 
constructs were structural/operational.  
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 Compare these percentages to the “Response and Recovery” construct (functional domain).  
There were four categories: response and recovery, response only, recovery only, and neither. Evidence 
of within-group variation was present in 101 of the 188 cells (53.7%). This observation underscored why 
it is difficult to classify organizations based on functional characteristics (in comparison to 
structural/operational characteristics). There is now little wonder why the Faith and 990 Filing Status 
constructs dominated the results.  

Table G2 displays the effect of the dominant trait adjustment on the variable constructs. Rather 
than n-values, I report the percentage of cells within any construct that expressed variation. This is 
because the constructs did not have the same number of items (i.e., a 4-item construct would have 188 
unique variable-to-case values, and a 5-item construct would have 235 unique values).  
 

Table G2: Effect of Dominant Trait Adjustment on Variables and Variable Constructs 
Variable Constructs and Variables % (before adjustment) % (after adjustment) % Change 

Charitable (binary) 0.0% 0.0% - Faith (4-category) 6.4% 0.0% -100% Faith-Based (binary) 12.8% 0.0% -100% 990 Filing Status (4-category) 14.4% 2.1% -85.4% Chaptered (binary) 27.7% 6.4% -76.9% Mission Statement (3-category) 39.0% 8.5% -78.2% Service Area  (6-category*) 33.3% 9.2% -72.4% Response and Recovery (4-category) 53.7% 14.4% -73.2% Revenue (5-category**) 51.5% 14.5% -71.8% Serves Specific Population (binary) 55.3% 19.1% -65.5% Specified Disaster Services (binary) 51.1% 31.9% -37.6% Self-Discloses Financial Info (binary) 63.8% 31.9% -50.0%  *The Service Area construct had an added item that allowed for large/small dichotomization.  ** The Revenue construct had an added item that allowed for high/low dichotomization.  
Again, the impact of the dominant trait adjustment was profound. I would characterize it as a significant 
reduction in the amount of “noise” produced by variables that contributed comparatively small amounts 
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of within-group variation (such as the example earlier example of mental health organizations along the 
dimension of faith). Remember that I am not “removing” the within-group variation. I am simply 
mitigating its impact on the clustering models so that I can produce more coherent results. Combined, 
the number of cells expressing within-group variation was reduced from 536 to 135 (a change of -71.5%) 
after making the adjustment (based on 1,504 cells that express 32 binary variables across 47 cases).  

The top five variables and variable constructs in the table are not surprising after having 
analyzed the preliminary results. These variables always performed best, and now it is clear why. This 
underscores my earlier observation that structural/operational variables may be more stable/constant 
than the functional variables with respect to defining each Descriptive Tag.  

However, I also need to repeat that these five variables and constructs are interrelated. For 
example, all organizations with the traits “FBO – Congregation” or “FBO – Collective”, by definition, also 
have the trait “990 – Exempt”. Furthermore, the binary variables “Charitable” and “Chaptered” are 
interrelated with the 990 Filing Status construct, and the binary variable “Faith-Based” is interrelated 
with the Faith construct. Variables expressing high correlations could not be used together in the 
parsimonious clustering efforts. 
 The Mission Statement, Service Area, Response and Recovery, and Revenue constructs 
represent the middle bandwidth in Table G2. It is absolutely clear why these constructs did not play a 
dominant role in the preliminary analyses (they accounted for a much higher percentage of within-group 
variation). However, even though all four constructs benefitted significantly from the dominant trait 
adjustment, these variables still contributed to within-group variation more than the top performing 
variables. These variables are stronger and more coherent than before the adjustment, but they are still 
likely to prove less dominant that the best variables in the top rows.  
 It is interesting that the three binary variables at the bottom generally performed worst (before 
and after adjustment). Early on, I hypothesized that they might outperform the multi-category variables 



437  

that were subsequently dichotomized. Not only was I wrong, but these variables also demonstrated less 
improvement from the effects of the dominant trait adjustment. It remained unclear if they would 
provide any value in the parsimonious classification process.   

However, every time subclusters would be created, each population’s summary statistics would 
be reassessed. The topic of variable selection for the parsimonious clustering efforts is presented in 
Chapter 7, along with other methodological considerations. At this point, the new unit of analysis and 
the dominant trait adjustment process suggested great promise.  
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Appendix H – Supplement to Expanded Parsimonious Clustering Results (Chapter 9) 
 
 This appendix provides additional methods, results, and discussion relating to the expanded 
parsimonious clustering results in Chapter 9. Particular emphasis is placed on the modeling/variable 
selection efforts subdivide clusters.   
 
H1. Methods for Subdividing Cluster 1 (Supports Section 9.1) 
 
 The population of Cluster 1 expressed clear 0/1 dichotomies on four of its variables: 990 – 
Consolidated, 990 – Independent, National Service Area, and International Service Area. I began model-
building with a closer examination of these variables. The population also expressed low degree within-
group variation for an additional 12 variables, any of which might play an important role later.  
 After a review of the summary statistics, I identified that both of the 990 Filing Status variables 
had very low n-values (a combined total of seven for the 23 Descriptive Tags in this subpopulation). I 
therefore also examined the variables 990 – No Chapters and Chaptered (which was the sum of 990 – 
Independent and 990 – Consolidated). These variables were perfectly correlated in that they were 
mirror images of each other. Since I could only use one of these perfectly-correlated variables, I chose 
990 – No Chapters. This variable exhibited low within-group variation for only one of the 23 cases in this 
subpopulation (i.e., one value that could not be adjusted to 0 or 1). 
 I also examined the summary statistics for National Service Area (n=1) and International Service 
Area (n=2). While exhibiting clear 0/1 dichotomies, these variables also had very low n-values. Clustering 
on the basis of either of these variables would be tantamount to taking one slice from a loaf of bread. I 
therefore created a new variable that merged these two categories. The new variable, 
National/International Service Area, had an n-value of 3 (still small, but more manageable).  
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 While my model building process began with a pool of four variables, I had now effectively 
reduced this to two variables. I attempted a re-clustering model with these two variables, and I was 
presented with a 5-cluster solution with a low Pseudo-F value and a poor distribution of Descriptive Tags 
across the five clusters. Also, remember that one of these cases did not have a value of 0 or 1, meaning 
that it would always effectively marooned in its own subcluster with n=1. When looking at the 
composition of the other four subclusters, I was very dissatisfied with this solution. The new 
subpopulations expressed little or no thematic coherence. 
 At that point, I began evaluating the other variables expressing low-within group variation. 
There were 12 of them, but two had already been removed from my process (990 – No Chapters was 
already in the model, and Chaptered was perfectly correlated with it). I chose the best two of the 
remaining variables based on their distributions, and I began building new models. Things got worse.  
 By this point, I had run six different models (some of which included more than two variables). 
The results offered 13-, 11-, and 8-cluster solutions. All had low Pseudo-F values, and none were better 
than my first model (the 5-cluster solution). At this point, I had to reevaluate my entire process. As 
hinted at earlier, subdividing Cluster 1 was like sorting individual strands of spaghetti from a plate of 
spaghetti. The solutions from the first six models were not yielding meaningful, coherent results.  
 I returned to the summary statistics for this subpopulation. I searched across the columns 
(variables), looking for meaningful or potentially meaningful combinations. My process became more 
intuitive. I also realized that the variables 990 – No Chapters and National/International Service Area, 
when used in combination, were not working. My breakthrough came when I separated these variables.  
 A new (seventh) model using National/International Service Area and Very Low Income 
produced a logically-ordered 3-cluster solution. Moreover, the composition of the newly-created 
subclusters held coherent meaning. By exhausting my systematic process without yielding good results, I 
had finally created a workable solution. Very Low Revenue was one of the two additional variables 
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expressing low-within group variation that I had previously identified, and four of the 23 cases in this 
subpopulation exhibited within-group variation on this variable (i.e., cell values between 0.334-0.665). 
Because of this, I had to shift from sorting on the basis of “0 or 1” to “1 or not 1”. Table H1 presents the 
3-cluster solution in the form of a simplified contingency table. 
 

Table H1: Subdividing Cluster 1 
 Very Low Revenue ≠ 1 Very Low Revenue = 1 National/International = 0 Cluster 1.2 Cluster 1.1 National/International = 1 Cluster 1.3 n/a  

If a Descriptive Tag had the dominant adjust trait of Very Low Revenue = 1, then it was placed in Cluster 
1.1.  All other revenue values were assigned to Clusters 1.2 or 1.3.  That was the only way that I could 
meaningfully subdivide the population given that I now had data that were not binary. Table H2 
presents the summary statistics for the 3-cluster solution of Cluster 1’s second tier. 
 

Table H2: Summary Statistics for Cluster 1’s Subordinate Clusters 
 Cluster 1.1 Cluster 1.2 Cluster 1.3 n (Descriptive Tags) (% out of 23) 5 (21.7%) 15 (65.2%) 3 (13.0%) n (Organizations) (% out of 310) 80 (25.8%) 189 (70.0%) 41 (13.2%)   

As indicated, this solution was far from evenly distributed. However, it was the single best solution I was 
able to create when subdividing Cluster 1. I will add one interesting observation. The “crossover” 
organizations discussed in Chapter 8 included Team Rubicon, the American Red Cross, and three of the 
nine international organizations. All of these organizations sorted into Cluster 1.3 (denoting that they 



 

were different from the other Cluster 1 organizations). 
about the composition of these clusters
 
H2. Methods for Subdividing Cluster 1.2 (Supports Section 9.1.2)
 

This section starts with general discussion regarding the challenges regarding Clusters 1 and 1.2. 
It then goes into detailed variable selection methods for subdividing Cluster 1.2. 

 
General Discussion  
 Cluster 1 was already very large and poorly defined. It was difficult to re
resulting subclusters (1.1 and 1.3) would demonstrate marked improvement in their cohesion as a result 
of the re-clustering. That leaves Cluster 1.2, which acco
population. Figure 1h conveys the effect (not to scale and not reflective of actual averaged variable 
values) of what happened when Cluster 1 was subdivided.
 

Figure 1h: Simplified Expression of Cluster 1’s Subordina
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were different from the other Cluster 1 organizations). The following subsections provide further details 
about the composition of these clusters and the process of establish a third tier of the taxonomy

Subdividing Cluster 1.2 (Supports Section 9.1.2) 

This section starts with general discussion regarding the challenges regarding Clusters 1 and 1.2. 
It then goes into detailed variable selection methods for subdividing Cluster 1.2.  

Cluster 1 was already very large and poorly defined. It was difficult to re-cluster. Two of the 
resulting subclusters (1.1 and 1.3) would demonstrate marked improvement in their cohesion as a result 

clustering. That leaves Cluster 1.2, which accounted for more than half of Cluster 1’s 
population. Figure 1h conveys the effect (not to scale and not reflective of actual averaged variable 
values) of what happened when Cluster 1 was subdivided. 

Figure 1h: Simplified Expression of Cluster 1’s Subordinate Clusters 

 

The following subsections provide further details 
and the process of establish a third tier of the taxonomy. 

This section starts with general discussion regarding the challenges regarding Clusters 1 and 1.2. 
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By creating Clusters 1.1 and 1.3, I basically carved out two comparatively small, tightly-knit subsets from 
the population of Cluster 1. However, my impression was that Cluster 1.2 (aside from being 
disproportionately large) would demonstrate a much lower improvement as a result of the re-clustering. 
If this were a plate of spaghetti, then Clusters 1.1 and 1.3 would be like the meatballs.  
 Most organizations in Cluster 1.2 provide community or specialty services. Most operate with a 
service area of Smaller than State-Sized, and most do not include disasters in their mission statements 
(along with other “nearly” dominant traits). Almost all are assigned to functionally-defined Descriptive 
Tags, and that provides the strongest clue regarding why this group lacks the coherence evident among 
all other second tier clusters (including those from Clusters 2 and 3). These tags were largely (in some 
cases entirely) populated by subsets of unaffiliated, singleton organizations (i.e., each had n=1). They 
were typologically grouped by their themed functions (e.g., legal services or disability services), but that 
is where their similarities ended. Yet still, they clearly formed a coherent whole when assembled.  
 The reason for the within-group variation was tied to the high number of unique, independent 
data sources that corresponded to these unique, unaffiliated organizations. These organizations were 
concentrated in this subcluster. For example, Adventist Community Services (n=13, Cluster 2) had one 
website; the Disability Services organizations (n=13) in this cluster had 13 websites. While the United 
Way (n=21) was chaptered, each of the independently-incorporated chapters had a different source of 
data (in comparison to the American Red Cross’ 28 chapters sharing the same data source for Cluster 
1.3). The result was a muddled, incoherent set of summary statistics.  
 So, even though there was a clearly identifiable thread with which I could tie these organizations 
together, an examination of the summary statistics and variable profile did not yield such a tidy theme. 
It was a hard-to-quantify thread. This again speaks to the incredible diversity among charitable 
organizations, as well as to my own poor judgment for attempting to quantitatively sort the un-sortable.  
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Detailed Methods  
 Cluster 1.2 had 15 Descriptive Tags accounting for 189 organizations. This subpopulation 
expressed clear 0/1 dichotomies on three variables. However, these three variables were perfectly 
correlated, and they only distinguished one of the 15 cases in this subcluster (the United Way).  
 I therefore had to evaluate the variables that exhibited within-group variation for Cluster 1.2 as I 
looked for a solution to subdivide it. My goal was to maintain the same systematic process used for all 
other subclusters (i.e., the same unit of analysis and binary data). I could have changed my methods 
(i.e., changing the unit of analysis back to organizations and using continuous data), but I made a 
deliberate choice not to.  

Had I been willing to simply re-cluster them with organizations (n=168) rather than Descriptive 
Tags (n=14), then the effect would be like putting the Descriptive Tags (or leftover spaghetti) in a 
blender. First, I would be deviating from the methodology used for all other clusters. Second, no 
Descriptive Tags would maintain their coherence.  

Based on the literally dozens of preliminary models that had gotten me to this point, I also had a 
very strong indication of what would happen. Remember that the polythetic methods and results had 
used organizations as the unit of analysis. The organizations would have clustered according to revenue.  
 Keeping the Descriptive Tags intact was important. The functional definitions of these tags (e.g., 
child services or housing services) provided the only glue used within this subpopulation. This was a 
qualitative consideration, and I could not abandon the Descriptive Tags at this point given that I had 
switched to this unit of analysis for all other clusters and subclusters. Further investigation of this issue 
would be an appropriate topic for follow-on research. 

Keeping the Descriptive Tags intact also made the process harder. This was an extraordinary 
effort in comparison to that needed for other clusters. I eventually produced a 5-cluster solution for 
Cluster 1.2, successfully adding a third tier to the taxonomy on this branch.  
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 The three variables expressing clear 0/1 dichotomies were “990 – No Chapters”, “990 – 
Independent Chapters”, and “Chaptered”. Beyond identifying the United Way as distinct from the other 
Descriptive Tags in this subcluster, things were still muddy. My first step was to separate the United Way 
into its own subcluster (n=1). To belabor my analogies, the United Way was a meatball in comparison to 
the other organizations with which it was grouped.  

I then reevaluated the summary statistics and distributions for the remaining 14 Descriptive 
Tags. I did this knowing that every single one of the 17 variables available to me expressed some degree 
of within-group variation. My process for variable selection would have to be modified. First, I would use 
“0” or “not 0” as the basis for sorting organizations (rather than 0 or 1). Second, I would expand the 
definition of “strictly-defined” variables from 0 or 1 to “nearly 0” or “nearly 1”. Based on the adjusted 
dominant trait values, I calculated the average trait value for all 17 variables available to me. These 
values fell in a range from 0.026 to 0.894 according to the distribution in Table H3.  
 

Table H3: Distribution of Trait Variation for Cluster 1.2 
 0.01-0.19 0.20-0.49 0.50-0.69 0.70-0.99 n (Variables Expressing Within-Group Variation) 8 4 4 1 

 
This table tells me that of the 17 variables under consideration, eight of them were “nearly 0”. These 
variables would be excluded from consideration. Also, one variable with a value of 0.894 was the only 
extreme outlier on the upper end of the distribution (this was “Disasters Absent”). I removed this 
variable from consideration on the basis that it was “nearly 1”. That left eight variables to evaluate. 
 Next, I looked at the distributions of the eight remaining variables across the 14 cases. I was 
looking for variables that had the smallest number of cases with mid-range values. See Table H4.  
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Table H4: Evaluation of Variables for Cluster 1.2 
 0 0.334-0.665 1 Serves a Specific Population 5 4 5 County-Sized or Multi-County 6 4 4 State-Sized or Multi-State 8 5 1 Smaller than State-Sized 2 5 7 Low Revenue 5 7 2 No Response or Recovery 2 9 3 Specified Disaster Activities 2 9 3 Self-Discloses Financial Info 4 9 1  

The top four variables in the table presented the best opportunity for me to subdivide the remaining 14 
Descriptive Tags in Cluster 1.2 because they had the most favorable distributions. However, I could 
immediately eliminate one of them. “County-Sized or Multi-County” was incorporated into the variable 
“Smaller than State-Sized”. I could only use one of these two variables. Furthermore, “Smaller than 
State-Sized” was effectively the inverse of “State or Multi-State”, making these two variables 
incompatible for the same model (they basically expressed as close to a dichotomization as possible 
given the data in their current configuration).  
 
H3. Methods for Subdividing Cluster 1.3 (Supports Section 9.1.3) 
 
 To be honest, it was not clear to me that Cluster 1.3 required subdivision due to its small size. I 
ultimately subdivided it for two reasons: (1) because I could; (2) because of symmetry. With nine 
variables expressing clear 0/1 dichotomies, this subpopulation clearly exhibited “fault lines” that could 
be used to split it. Also, I had gone down to the third tier for all of the other subclusters except for the 
congregations (Cluster 3.2).  
 Cluster 1.3 would be subdivided by a directed split (not based on purely quantitative 
considerations) into two subclusters. I had created Cluster 1.3 by artificially merging the National and 
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International services area. The new subclusters would ultimately be created by separating them on that 
dimension. I only arrived at that decision after fully evaluating the other variables with 0/1 dichotomies.  
 The first thing that I had to do was assess the degree of correlations among the nine variables 
expressing clear 0/1 dichotomies among the three cases in this subpopulation. Effectively, many of 
these variables were perfectly correlated in that they were mirror images of each other. For example, a 
Descriptive Tag with International Service Area = 1, by definition, also has a corresponding value of 
National Service Area = 0. Thus, I effectively had far fewer than nine dichotomies. Table H5 presents the 
distributions for the nine variables expressing 0/1 dichotomies in Cluster 1.3, but they are organized 
according to their constructs and correlated pairings.   
 

Table H5: Variable Analysis of Cluster 1.3 

Descriptive Tag n 990 Filing Status/ Chaptered (3 binary variables) 
Service Area (2 binary variables) 

Mission Statement (1 binary variable) 
Revenue  (3 binary variables) 

American Red Cross 28 Consolidated Chapters National Exclusive to Disasters 
High/ > $10 Million 

Team Rubicon 4 Consolidated Chapters International Exclusive to Disasters Low 
International 9 No Chapters International n/a (no  dominant trait) 

High/ > $10 Million  
I could have subdivided this cluster several ways. I could have had three subclusters (each with n=1). I 
could have matched Team Rubicon and the American Red Cross on the basis of their common 990 Filing 
Status and Mission Statement orientation (matched on four of nine binary variables). I could have 
matched the American Red Cross and the International organizations on the basis of their revenue 
(matched on three of nine binary variables). I could have matched Team Rubicon and the International 
organizations based on International Service Area (matched on two of nine binary variables).  
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 On the basis of their variable profiles, the American Red Cross and Team Rubicon were most 
similar. However, I rejected this solution for three reasons. First, like the United Way, the American Red 
Cross is a one-of-a-kind organization that has a special status within the study population (among other 
things, it was the single most populous organization among the VOADs). Second, I considered the n-
values of each Descriptive Tag. Pairing Team Rubicon with the International organizations would create 
the most evenly split distribution of organizations (n=28 and n=13, respectively).  
 
H4. Methods for Subdividing Cluster 3 (Supports Section 9.3) 
 
 Ten of those 13 variables accounted for small splits in the population (e.g., dividing the ten 
Descriptive Tags into 9/1 or 8/2 subsets). However, another very important factor was that four of the 
ten Descriptive Tags in this population had very high n-values. Among all 47 Descriptive Tags in the 
dataset, the mean size was 14 organizations (median = 12). Among these ten Descriptive Tags in Cluster 
3, the mean size was 20.6 organizations (median = 12). Cluster 3’s population was skewed by Descriptive 
Tag sizes of 60, 43, 28, and 23 organizations. Comparatively, only two of the other 37 Descriptive Tags in 
the population were in this range (specifically, Food Banks = 30 and American Red Cross = 28).  
 What I mean to point out is that while the variable analysis is still very important, Cluster 3 is 
different because of its very large Descriptive Tags. I had to consider this with respect to the distribution 
of variables for all ten Descriptive Tags. I experimented with several models using different variable 
combinations, but in the end it came down to one variable.   
 After a careful and thorough examination of the summary statistics (along with experimental 
models), I identified that one variable would create subclusters with vastly improved the distributions 
and strictly-defined trait ratios. Namely, I separated FBO – Congregations (n=2 Descriptive Tags and 
n=73 organizations) and FBO – Collectives (n=8 Descriptive Tags and n=133 organizations) into different 
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subclusters. This directed split was based it on an argument presented in Section 7.2. Making a directed 
split was qualitatively meaningful, but it also produced the most tightly-defined subclusters. Cluster 3 
already expressed strict uniformity on 12 traits (the highest of any first-tier clusters), and it expressed 
within-group variation on only seven variables (the fewest of any first-tier clusters). Separating the 
congregations and collectives created the most coherent second-tier subclusters.   
 
H5. Methods for Subdividing Cluster 3.1 (Supports Section 9.3.1) 
 

Only one intact variable construct (accounting for three of the ten binary variables expressing 
clear 0/1 dichotomies) reflected a clear basis for quantitatively subdividing Cluster 3.1 (based on 
adjusted dominant traits). This was the Mission Statement construct. Table H6 presents how Cluster 3.1 
could be subdivided according to these variables. 
 

Table H6: Distribution of Mission Construct within Cluster 3.1 
Descriptive Tag n Disasters Absent Includes Disasters Exclusive to Disasters Religious Collective (No Disasters) 43 Yes n=75 

  FBO (990 Exempt) 9 The Salvation Army 23 Churches of Scientology Disaster Response 6 
 

Yes n=11 Tzu Chi 5 Church of the Brethren Disaster Ministries 8  Yes n=47 Religious Collective (Disaster) 28 Mennonite Disaster Services 11  
While orderly, this distribution and the variables used to create it were imperfect for a few reasons (not 
just the imbalanced n-values). I had a good starting point, though. The observations from this table 
would set the course for splitting cluster 3.1, but other adjustments would be needed.  
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Remember that I previously indicated that the Presbytery of Elizabeth was in the Descriptive Tag 
“Religious Collective (Disaster)”, but the San Jose Presbytery was in the Descriptive Tag “Religious 
Collective (No Disasters)”. These are both geographically-based collectives that are comprised of 
aggregated, local congregations. Given the size and composition of these two Descriptive Tags, how 
could I justify separating different presbyteries into different clusters? They were otherwise identical 
based on structural/operational characteristics, and both offered Specified Disaster Services (in spite of 
the differing mission statements). Furthermore, separating them would be hard to explain to an end-
user. The bottom line is that I had to modify and re-structure these two Descriptive Tags.  
 I was balancing two considerations. First, what kind of collective is this? Second, to what degree 
does it have anything to do with disasters? While I would only have to adjust two of the Descriptive 
Tags, these were also the largest tags (accounting for over half of the organizations in Cluster 3.1).  
 Combined, these two Descriptive Tags had 22 (out of 71) organizations that were primarily 
focused on disasters based on the name used to identify them in the VOAD membership lists. These 
were differentiated from other religious collectives that did not include disasters in the organization’s 
name. Table H7 illustrates the effect of this reorganization.  
 

Table H7: Modified Descriptive Tags for Religious Collectives 
Descriptive Tag n Exemplary Member Organizations 

Collective (Disaster-Themed) 22 
Lutheran Disaster Response Presbyterian Disaster Assistance Southern Baptist Disaster Relief Diocesan Disaster Initiative Disaster Response Ministry 

Collective (Non-Specific) 49 
Oregon Synod Foothills Presbytery Greenville Baptist Association Episcopal Diocese of New Jersey Oklahoma Conference of Churches  
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I simply modified the composition of the tags such that any organization that identified disasters in its 
name would be in the modified Descriptive Tag. Before, the Descriptive Tag n-values were 43 and 28. 
The modification resulted in a net movement of six organizations. Note the congruence of 
denominational affiliations between these modified Descriptive Tags. Using the new Descriptive Tags, I 
reexamined the distribution of Cluster 3.1 on the basis of the binary variable “Disasters Absent”. Table 
H8 provides the updated values.  
 

Table H8: Reorganized Distribution of Mission Construct within Cluster 3.1 
Descriptive Tag n Disasters Absent Includes Disasters Exclusive to Disasters Collective (Non-Specific) 49 81  FBO (990 Exempt) 9 The Salvation Army 23 Churches of Scientology Disaster Response 6 

 52 Tzu Chi 5 Church of the Brethren Disaster Ministries 8 Collective (Disaster-Themed) 22 Mennonite Disaster Services 11  
This was a vast improvement, but I still had one other important consideration that was 

identified in Chapter 8: the crossover organizations. First, over half of the 52 Includes/Exclusive to 
Disasters organizations had been in Cluster 2 in the polythetic results. It was therefore reassuring that 
they were being grouped together here. The one significant standout was The Salvation Army, which 
was still grouped among the 81 Disasters Absent organizations.  

The Salvation Army had revenue of $4.3 Billion in 2013 (far exceeding all other organizations in 
the entire population). It was the second most populous organization in the study population (behind 
the American Red Cross). It was also a very strange hybrid organization. The Salvation Army is quite 
literally a church. It also provides wide-ranging, comprehensive social services (functioning like many of 
the charitable organizations). It also has robust and active disaster services even though these are not 
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specifically identified in the organization’s mission statement. At one point I was writing about lions, 
tigers, and ligers (a literal crossbred animal). The Salvation Army would be the “liger” of this population. 
It is so distinctively different than the other organizations (across so many traits) that it would be placed 
in its own subcluster in light of this observation.  
 I began the analysis of Cluster 3.1 based on the variable distributions, as I had with all other 
clusters. Due to a variety of considerations, including the outsized n-values for two of the Descriptive 
Tags, the varied nature of religious collectives, and the exceptional idiosyncrasies of The Salvation Army, 
I created three subclusters to establish a third tier under Cluster 3.1. These were achieved by a 
combination of quantitative and qualitative considerations. 
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Appendix I – Supplement to Detailed Variable Assessment (Chapter 10) 
 
 This section expands upon the descriptive assessment of the full parsimonious clustering results 
in Section 10.1. It is divided into three parts: (1) assessing Tier 2; (2) assessing Tier 3; and (3) assessing 
the range and distribution of all strictly-defined trait ratios (across the entire taxonomy). 
 
I1. Assessing Tier 2 
 

Each of the Tier 1 clusters was successfully subdivided, forming a total of seven subclusters 
across the second tier. The sum of these seven subclusters is 47 Descriptive Tags and 660 organizations. 
Thus, I can directly compare these subclusters in relation to the entire population. The variables used to 
create the second tier were different for each branch of the taxonomy, and they will be analyzed 
separately. Table I1 provides an overview and comparison of the second tier clusters. 
 

Table I1: Assessment of Tier 2 Subclusters 
 1.1 1.2 1.3 2.1 2.2 3.1 3.2 AVERAGE 

n (Tags) of Parent Cluster 23 14 10 15.7 
n (Tags) (% out of 47) 5 (10.6%) 15 (31.9%) 3 (6.4%) 7 (14.9%) 7 (14.9%) 8 (17.0%) 2 (4.3%) 6.7 (14.3%) 

n (Tags in Subcluster) /  n (Tags in Parent Cluster)  21.7% 65.2% 13.0% 50.0% 50.0% 80.0% 20.0% 42.7% 
     n (Organizations)  of Parent Cluster 310 144 206 220 

n (Organizations) (% out of 660) 80 (12.1%) 189 (28.6%) 41 (6.2%) 52 (7.9%) 92 (13.9%) 133 (20.2%) 73 (11.1%) 73.3 (11.1%) 
n (Organizations in Subcluster) /  n (Organizations in Parent Cluster) 25.8% 61.0% 13.2% 36.1% 63.9% 64.6% 35.4% 33.3% 

         Organizations / Descriptive Tag 16.0 12.6 13.7 7.4 13.1 16.6 36.5 14.1 
         n (Strictly-Defined Traits) (out of 32 variables) 19 12 21 22 10 16 26 18 

Strictly-Defined Trait Ratios of Parent Cluster 0.33:1 0.33:1 0.60:1 0.41:1 
Strictly-Defined Trait Ratios 1.46:1 0.60:1 1.91:1 2.20:1 0.45:1 1.00:1 4.33:1 1.29:1 

% Improvement of Subcluster Ratio Over Parent Cluster Ratio 442% 182% 579% 667% 136% 167% 722% 315% 
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Table I1 has a wealth of information, but I will focus on specific aspects. I will start with the 
averages. The seven subclusters in the second tier had an average of 6.7 Descriptive Tags/cluster 
(average 73.3 organizations/cluster). Across the tier, there was an average of 18 strictly-defined traits 
per cluster with an average strictly-defined trait ratio of 1.29:1 for Tier 2. Tier 1 had an average strictly-
defined trait ratio of 0.41:1.  This means that the second tier subclusters were on average 3.15 times 
more coherently-defined than their parent clusters based on the pool of 32 binary variables. This is a 
characterization of relative improvement over the parent clusters across the entire tier (not an absolute 
characterization of how tightly any given subcluster is defined).  
 Now note that the three most coherently-defined subclusters (which were the three most 
greatly-improved subclusters) were also the three smallest clusters. Clusters 1.3, 2.1, and 3.2 
represented the most improvement. In effect, they represent the most coherently-grouped 
organizational subsets drawn from their respective parent cluster populations. The four largest 
subclusters demonstrated lesser degrees of improvement for their variable profiles. The n-values for this 
assessment correspond to the number of Descriptive Tags (first) and then to the number of 
organizations (second). I point this out because Clusters 2.1 and 2.2 each had seven Descriptive Tags, 
but Cluster 2.1 had fewer organizations. Additional analysis of these distributions would have to be a 
matter for follow-on research.  
 
I2. Assessing Tier 3 
 

Six of the seven Tier 2 subclusters were successfully subdivided, forming a total of 16 subclusters 
across the third tier. Cluster 3.2 (the FBO – Congregations) would not be subdivided. The sum of all third 
tier subclusters is therefore only 45 Descriptive Tags and 587 organizations. In Table I2 (located on the 
facing page) the sums and averages used to compare the second and third tiers (i.e., changes in the 
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strictly-defined trait ratio) use only the six second-tier subclusters that were subdivided (i.e., not based 
on all 47 Descriptive Tags and 660 organizations). The “full” averages (all seven Tier 2 subclusters) are in 
parentheses under the averages provided for the reduced set of clusters. The variables used to create 
the third tier were different for each branch of the taxonomy, and they will be analyzed separately. 
As before, there is more information that can be derived from this table than allowed for within this 
dissertation. I will highlight specific pieces of information, but the implication is that this research offers 
a wealth of follow-on research. I will start by focusing on the averages. 
 The 16 subclusters in the third tier had an average of 2.8 Descriptive Tags/cluster (average 36.7 
organizations/cluster). These subclusters were defined by an average of 23.5 strictly-defined traits with 
an average strictly-defined trait ratio of 2.76:1 for Tier 3. This represented an average improvement of 
214% over the strictly-defined trait ratio for all seven of the subclusters in Tier 2 (i.e., not the reduced 
set of six subclusters from Tier 2).  Again, this is only a measure of relative improvement across the 
entire tier (not an absolute assessment of any particular cluster’s coherence). 
 I need to add a further comment about that calculation. A 214% improvement was calculated by 
dividing the average Tier 2 value (2.76:1) by the average Tier 1 value (1.29:1). In other words, it is not 
the average of all cells in that row. That average would have been 599%, but this higher value is 
misleading because of two significant outliers (specifically, Cluster 1.3.1 with the American Red Cross 
and Cluster 3.1.2 with the Salvation Army).  

These two outlier subclusters had perfect strictly-defined trait ratios of 32:0 (i.e., the data for 
these organizations was identical across all cases). Thus, the actual ratio is infinity (32 divided by 0), but I 
treated these cells as if their values were 32:1 so I could make calculations from them. Respectively, 
these subclusters had relative ratio improvements of 1,675% and 3,200% over their parent clusters. 
Because of this, I did not average all values in the row. Rather, I created an average strictly-defined trait 
ratio based on the fact that the Tier 3 subclusters had an average of 23.5 strictly-defined traits/cluster.  
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 Table I2: Assessment of Tier 3 Subclusters 
 1.1.1 1.1.2 1.2.1 1.2.2 1.2.3 1.2.4 1.2.5 1.3.1 1.3.2 2.1.1 2.1.2 2.2.1 2.2.2 3.1.1 3.1.2 3.1.3 AVERAGE 

n (Tags) of Parent Cluster 5 15 3 7 7 8 7.5 (6.7)* 
n (Tags) (% out of 47) 3 2 3 2 5 4 1 1 2 2 5 5 2 2 1 5 2.8 

n (Tags in Subcluster) / n (Tags in Parent) 60.0% 40.0% 20.0% 13.3% 33.3% 26.7% 6.7% 33.3% 66.7% 28.6% 71.4% 71.4% 28.6% 25.0% 12.5% 62.5% 37.5% 
                  n (Organizations) of Parent Cluster 80 189 41 52 92 133 97.8 (73.3)* 

n (Organizations) (% out of 660) 36 44 18 21 59 70 21 28 13 12 40 65 27 58 23 52 36.7 
n (Orgs in Subcluster) / n (Orgs in Parent) 45.0% 55.0% 9.5% 11.1% 31.2% 37.0% 11.1% 68.3% 31.7% 23.1% 76.9% 70.7% 29.3% 43.6% 17.3% 39.1% 37.5% 

                  Organizations / Tag 12.0 22.0 6.0 10.5 11.8 17.5 21.0 28.0 6.5 6.0 8.0 13.0 13.5 29.0 23.0 10.4 13.0 
                  n (Strictly-Defined Traits) (out of 32 variables) 24:8 23:9 24:8 20:12 21:11 19:13 27:5 32:0 23:9 30:2 23:9 15:17 18:14 27:5 32:0 18:14 23.5:8.5 

Strictly-Defined Trait  Ratios of Parent 1.46:1 0.60:1 1.91:1 2.20:1 0.45:1 1.00:1 1.29:1 * 
Strictly-Defined  Trait Ratios 3.00:1 2.56:1 3:00:1 1.67:1 1.91:1 1.46:1 5.40:1 32:0 2.56:1 15.00:1 2.56:1 0.88:1 1.29:1 5.40:1 32:0 1.29:1 2.76:1 

% Improvement of  Subcluster Ratio Over  Parent Cluster Ratio 205% 175% 500% 278% 318% 243% 900% 1675% 134% 682% 116% 196% 287% 540% 3,200% 129% 214% 
 

* These values correspond to the full set of all seven clusters in Tier 2 (only six of those clusters were subdivided to form Tier 3). 
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Now I turned my attention to the most- and least-improved subclusters within each subset (as I 
had for Tier 2). Within each branch, I took the third tier subclusters with the most-improved and least-
improved ratios. So, Clusters 2.1 and 2.2 each had only two offspring (both of which were now advanced 
for my next round of consideration). In contrast, Cluster 1.2 had five subclusters, so I chose the two 
extreme cases (most-improved and least improved).  

A total of 12 subclusters would be examined for this comparison. Table I3 presents the most-
improved subclusters drawn from each of the six parent clusters. Table I4 presents the least-improved 
subclusters drawn from each of the six parent clusters. 
 

Table I3: Most-Improved Subclusters in Tier 3 
Cluster Tags % of Parent Orgs % of Parent Orgs/ Tag Strictly- Defined Ratio Improvement 
1.1.1 3 60.0% 36 45.0% 12 24 3.00:1 205% 
1.2.5 1 6.7% 21 11.1% 21 27 5.40:1 900% 
1.3.1 1 33.0% 28 68.3% 28 32 32.00:0* 1675% 
2.1.1 2 28.6% 12 23.1% 6 30 15.00:1 682% 
2.2.2 2 28.6% 27 29.3% 13.5 18 1.29:1 287% 
3.1.2 1 12.5% 23 17.4% 23 32 32.00:0* 3200% 

Average 1.67 28.2% 24.5 32.4% 17.3 27.17 5.63:1 1158%  *Calculated as 32:1  
As noted before, the outlier clusters (1.3.1 and 3.1.2) are treated as if their ratios are 32:1 so that they 
can be used to calculate real numbers (32:0 expresses infinity). The most-improved clusters were small 
in terms of both the number of Descriptive Tags and the number of organizations. The noteworthy 
outlier is Cluster 1.1.1, which expressed the closest to a 50/50 split in size with its counterpart in the 
next table (Cluster 1.1.2). These clusters also had a higher number of organizations per tag. Note that 
these six best-performing subclusters significantly outperformed the average improvement of all 13 
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subclusters.  The strictly-defined trait ratio of 5.63:1 was 2.04 times higher than the entire Tier 3 average 
of 2.76:1.  
 

Table I4: Least-Improved Subclusters in Tier 3 
Cluster Tags % of Parent Orgs % of Parent Orgs/ Tag Strictly- Defined Ratio Improvement 
1.1.2 2 40% 44 55% 22 23 2.56:1 175% 
1.2.4 4 26.70% 70 37.00% 17.5 19 1.46:1 243% 
1.3.2 2 66.7% 13 31.70% 6.5 23 2.56:1 134% 
2.1.2 5 71.40% 40 76.90% 8 23 2.56:1 116% 
2.2.1 5 71.40% 65 70.70% 13 15 0.88:1 196% 
3.1.3 5 62.50% 52 39.10% 10.4 18 1.29:1 129% 

Average 3.83 56.45% 47.33 51.73% 12.90 20.17 1.70:1 166%  
The least-improved clusters were large in terms of both the number of Descriptive Tags and the number 
of organizations. The noteworthy outlier is Cluster 1.1.2, which expressed the closest to a 50/50 split in 
size with its counterpart in the previous table (Cluster 1.1.1). These clusters also had a lower number of 
organizations per tag. Note that these six worst-performing subclusters significantly underperformed 
the average improvement of all 13 subclusters.  The strictly-defined trait ratio of 1.70:1 was only 62% of 
the entire Tier 3 average of 2.76:1.  
 For additional consideration, Cluster 1.2.4 was the least improved among the five offspring of 
Cluster 1.2 and it had the most organizations from that subcluster (n=70), but it did not have the most 
number of Descriptive Tags from that subcluster (it had the second most). Likewise, Cluster 3.1.3 was 
also slightly anomalous when looking at the n-values. It had the most Descriptive Tags among the three 
offspring from Cluster 3.1, but it only had the second-most organizations. Regardless, both were 
comparatively large with respect to their branches on the hierarchical structure.  
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subcluster that is significantly improved (relative to the parent cluster) based on the strictly
ratio. However, the other resulting subcluster(s) exhibit much less improvement. Figure 1i conveys this 
concept (it is not based on actual values, but it illustrates the process that is occurring). 
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nge and Distribution of the Strictly-Defined Trait Ratios 
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ratio. However, the other resulting subcluster(s) exhibit much less improvement. Figure 1i conveys this 
concept (it is not based on actual values, but it illustrates the process that is occurring).  

Improved Subclusters 

 

clustering process removes Subcluster X, which is the 
defined” is conveyed by the 

among the objects. Once Subcluster X has been removed, the population of Subcluster Y then 
reflects less improvement in terms of its trait coherence (it is improved, but only by a very small degree).  
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 To continue on an earlier theme, the smaller subclusters had higher strictly-defined trait ratios. I 
created a scatterplot of the Descriptive Tag n-values for each cluster plotted against the ratios. Figure 2i 
exhibits an asymptotic curve.  

 
Figure 2i: Relationship between Cluster Size and Strictly-Defined Trait Ratio 

 
 
For large clusters (x-axis), the strictly-defined trait ratios are small (min = 0.33). As clusters become 
smaller, the ratios increase. Remember that the maximum ratio was actually 32:0, or infinity (it has been 
expressed as 32:1 for the purpose of performing calculations). The negative curvilinear relationship 
between the number of Descriptive Tags and the strictly-defined trait ration is clear and need not be 
further examined at this point. The distribution of these values is presented in Table I5.  
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Table I5: Distribution of Strictly-Defined Trait Ratios 

n (Tags) Count Average of Ratios Discrete Ratio Values 
1 3 23.13 32.00 32.00 5.40     2 7 4.69 15.00 5.40 4.33 2.56 2.56 1.67 1.29 
3 3 2.69 3.00 3.00 1.91     4 1 1.46 1.46       5 5 1.62 2.56 1.91 1.46 1.29 0.88   7 2 1.33 2.20 0.45      8 1 1.00 1.00       10 1 0.60 0.60       14 1 0.33 0.33       15 1 0.60 0.60       23 1 0.33 0.33        

Across all 26 clusters, the range was 0.33:1 to infinity (expressed as 32.00:1). The mean ratio was 4.82:1. 
The median was 1.91:1. The mode was 2.56:1. The latter two values are interesting because this 
distribution expresses several repeating values. These are expressed in Table I6.  
 Table I6: Repeating Values for Strictly-Defined Trait Ratios 

Ratio Count 
0.33:1 2 
0.45:1 1 
0.60:1 2 
0.88:1 1 
1.00:1 1 
1.29:1 2 
1.46:1 2 
1.67:1 1 
1.91:1 2 
2.20:1 1 
2.56:1 3 
3.00:1 2 
4.33:1 1 
5.40:1 2 

15.00:1 1 
32.00:1 2 
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Nineteen of the 26 values in the distribution express a ratio that appears at least twice. These numbers 
can be used to calculate the number of strictly-defined traits. For example, the ratio 1.00:1 means that 
16 variables are strictly-defined (1 or 0) and 16 are not (i.e., 16:16). The ratio 3.00:1 means that 24 
variables are strictly-defined and 8 are not (i.e., 24:8). Is there an underlying reason to explain why there 
are repeating values? 

The most likely explanation was offered by Section 7.2. Certain variables clung together. For 
example, if a Descriptive Tag has the trait “FBO – Congregation = 1”, then (by definition) it also has the 
same value for “990 – Exempt” and “Faith-Based”. That is three perfectly-correlated traits that cling 
together, along with corresponding values of “0” for the variables “FBO – Collective”, “FBO – Other”, 
“Not Faith-Based”, etc. These patterns and correlations exist throughout the subpopulations of all 
subclusters, and there is great promise to further analyze these relationships with follow-on research. 
For now, I will further assess which positively-defined traits (=1) were responsible for each new branch 
in the taxonomy. 
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