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ABSTRACT 

 

Unseen Risks: Social Vulnerability and the Unsheltered Homeless Under Wildfire 

 

by 

 

Zhongqi Zheng 

 

Demographic and socio-economic omissions in social vulnerability assessments are 

not uncommon. However, conclusions from incomplete population characterization 

contribute to inequity and marginalization of at-risk segments of society, individuals who 

require care, resource assistance, and tailored public policy. The unsheltered homeless are 

considered here as an underrepresented segment of socially vulnerable people in hazard 

assessment. The unsheltered suffer disproportionately higher levels of direct exposure to 

natural and human-caused disasters, yet their lack of stable housing and often frequent moves 

make them both hidden and invisible in traditional census information. An exploratory spatial 

data analysis framework is developed to combine geographic information systems (GIS), 

statistics, and geostatistics to assess the implication of this omission. This research treats the 

integration of annual government counts and continuously updated, community-contributed 

information as a means of capturing regional spatial patterns of unsheltered homelessness at 

a fine geographic level. Comparison is then made to approaches based on traditional social 

vulnerability measures to evaluate consistency and representativeness. The findings suggest a 

significant gap in existing approaches. This study sheds light on potential avenues for more 

inclusive and accurate assessments of social vulnerability in the context of hazards.  
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Introduction 

Disasters are an unfortunate yet regular occurrence across the globe. O’Keefe et al. 

(1976) suggest that people are a central concern when a disaster strikes, indicating that socio-

economic impacts are not uniform across different segments of society. Subsequent research 

recognizes that social vulnerability represents the capacity of a community to prepare for, 

respond to, and recover from the impacts of disaster (Cutter et al., 2003; Flanagan et al., 2011; 

Spielman et al., 2020). Social vulnerability encompasses a broad spectrum of issues, including 

economic loss, public health stress, and mortality. For ease of interpretation and application, 

researchers often transform a multidimensional characterization of vulnerability into a 

composite score, known as a social vulnerability index (SVI). This index serves as a simplified 

explanation of complex demographic factors, such as race/ethnicity, age, sex, and household 

composition, along with other socio-economic and neighborhood conditions that reflect 

aspects of vulnerability within society. The SVI approach is commonly used to evaluate 

potential or realized impacts of natural or human-caused hazards at different geographic 

levels, and drives public policy, mitigation planning, and resource allocation (Cutter et al., 

2003; Flanagan et al., 2011; Rufat et al., 2019; Murray et al., 2023). Any misspecification, 

misinterpretation, or underrepresentation of individuals, however, may be problematic, 

particularly in high-risk areas. There is a wide range of hazards found in places like California, 

for example, where floods, drought, earthquakes, storm surges, wildfires, toxic releases, etc. 

are not uncommon. Of course, a significant concern is the exponential increase in frequency, 

intensity, and scale of these hazards, particularly wildfire, and robust social vulnerability 

assessment is lacking (Paveglio et al., 2018; Lambrou et al., 2023; Murray et al., 2023, 

Pludow, 2024). 
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Given the significance of social vulnerability and the need to measure and quantify it, 

derived indices are increasingly subject to questioning and criticism. Much of the concern 

centers on subjective variable selection and various methodologies in use, thus making indices 

themselves uncertain (Tate, 2012; Rufat et al., 2019). However, the unifying intent of indexing 

is to identify vulnerable populations within a community, as well as spatial concentrations of 

those populations (Muttarak et al., 2015). This underscores frequently overlooked issues of 

data completeness and appropriateness in the derivation of vulnerability measures. In pursuit 

of covering broad temporal and spatial scales, social vulnerability measures generally rely on 

census data or equivalent survey information (Mah et al., 2023). However, this data does not 

fully account for crucial demographic considerations, namely unauthorized immigrants, non-

citizen residents, homeless populations, rural residents, etc. (Bazuin and Fraser, 2013; Meyer 

et al., 2023). 

Among the myriad of groups that are unaccounted for, the unhoused are an especially 

important segment of the socially vulnerable, perhaps even more so when considering hazards. 

Homelessness is a challenging issue facing society. Unfortunately, statistics associated with 

the unhoused are often confusing or unreliable due to their mobility and invisibility. As an 

example, agencies like the U.S. Census Bureau do attempt to provide counts and estimates of 

group quarter populations with sub-categories referring to people having lived in emergency 

shelters, but it has been critiqued for undercounting, especially the unsheltered homeless 

(Meyer et al., 2023). Further, the reasons for becoming homeless are diverse, including 

chronic illness, housing affordability, addiction, domestic violence, etc., which makes 

differentiation and characterization challenging. Thus, available census indicators such as 

rent/income ratio, housing cost, or group quarter population can only be used to infer the 
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potential for becoming homeless. Existing data generally fails to reflect this particular 

population, and more broadly, the heterogeneity of vulnerability within society. 

The homeless population can be categorized into two groups: people facing housing 

insecurity and people experiencing homelessness (PEH). They can be further subdivided into 

sheltered and unsheltered. The unsheltered refers to individuals who live in places not meant 

for human habitation, such as along streets, in cars, or in temporary makeshift shelters 

(Montgomery et al., 2016; Vickery, 2018; County of Santa Barbara, 2023). In the case of 

natural disasters and severe weather, such as wildfire, flooding, storm, etc., the unsheltered 

have the greatest direct exposure to physical stressors (e.g., safety, fire, heat, smoke, debris, 

etc.), with significantly less opportunity to be warned, more difficulty evacuating, a higher 

probability of mortality, and more difficulty accessing healthcare resources (Montgomery et 

al., 2016; Vickery, 2018; Meyer et al., 2023; Vargo et al., 2023). There is growing recognition 

that the unsheltered are inhabiting national forests, grasslands, watersheds, and other public 

lands due to less public resistance, lower costs, and greater availability of resources in these 

areas (Cerveny and Baur, 2020). This exacerbates their spatial marginality, placing them at 

the periphery of both social and physical landscapes (Morrow, 1999; Gaillard et al., 2019). As 

a result, the unsheltered are not only more vulnerable to hazards but also may increase the risk 

of a hazard event occurring. This is especially true for wildfire hazards where individuals who 

inhabit fire-prone wildlands both elevate risk of the hazard occurring (unintentional fire 

ignition), and as a result elevate their own exposure to the hazard (wildfire, wildfire smoke, 

ash, heat, debris) (Palaiologou et al., 2019; Cerveny and Baur, 2020).  

This study considers unsheltered PEH experiencing homelessness to evaluate the 

enduring marginalization of this group in society. Given the difficulties of measuring 
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vulnerability and the importance of studying the unsheltered, three central research questions 

drive this research: (1) To what extent do current social vulnerability measures reflect regional 

unsheltered people experiencing homelessness?; (2) How does available information on 

unsheltered people experiencing homelessness agree or diverge?; and, (3) What methods can 

offer a more complete and accurate spatial representation of unsheltered people experiencing 

homelessness in the assessment of vulnerability?  The next section offers background on 

social vulnerability frameworks in the context of disasters, focusing in particular on wildfire 

risk. This is followed by a review of spatial analytics that can be applied to examine the 

relationship between social vulnerability, the distribution of the unsheltered, and wildfire risk. 

A case study involving the unsheltered in coastal Santa Barbara County is detailed. The thesis 

ends with a discussion and concluding observations. 

 

Background 

Since the United Nations initiated the International Decade for Natural Disaster 

Reduction in the 1990s, the social vulnerability paradigm has become increasingly central to 

disaster management strategies (Thomas et al., 2013; Coppola, 2015). Analysis, planning, 

policy, and decision-making have focused on the identification, measurement, and 

representation of social vulnerability. Other fields have long developed similar metrics of 

vulnerability, often referred to as fairness or equity measures. For example, Sloggett and Joshi 

(1994) and Shouls et al. (1996) used social deprivation and neighborhood profiling to explain 

the differentiated health outcomes across communities. Murray and Davis (2001) constructed 

a public transportation need index based on the distribution of demographic information for a 

region. Harner et al. (2002) reviewed different coefficient measurements that explain the 
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spatial distribution of toxic material exposure in the context of environmental justice. Cutter 

et al. (2003) established a vulnerability framework in the context of hazards based on factors 

from U.S. Census data to identify populations facing inequalities or special needs. These 

factors were then summarized into an index and mapped to highlight communities requiring 

targeted intervention. Cutter et al. (2024) highlight flooding while notable methodology 

extensions and refinements include that of Flanagan et al. (2011) and Rufat et al. (2019) 

examining hurricane impacts. 

Wildfires have also been identified as a hazard contributing to social vulnerability. 

Early vulnerability assessments primarily focused on hazard likelihood, fire intensity, and 

weather conditions.  Only in recent years have the social dimensions of wildfire impacts 

gained attention (see Thomas et al., 2022; Lambrou et al., 2023). Inspired by Cutter et al. 

(2003), studies like Gaither et al. (2011), Wigtil et al. (2016), and Palaiologou et al. (2019) 

have explored the co-occurrence of high social vulnerability and elevated wildfire potential. 

Pludow (2024) demonstrated social vulnerability change due to wildfire information 

variability and altered assessment focus.  

A hallmark of wildfire social research is its focus on experiences. Studies have 

highlighted marginalization of vulnerable groups in wildfire planning and emergency 

management. Davies et al. (2018) examined the unequal pressure faced by race and ethnic 

minorities in areas with medium or low fire hazard potential when responding to wildfire.  

Méndez et al. (2020) interviewed undocumented immigrants to reveal their invisibility in 

wildfire mitigation planning. Wong et al. (2021) studied evacuation behavior through group 

surveys and found that the homeless receive less social trust and miss out on opportunities for 

mutual assistance. 
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Unlike other natural hazards, the ignition, spread and extinguishment of wildfires not 

only depends on weather conditions but also on parcel or household-level mitigation and 

resource prepositioning. Hence, efforts to undertake vulnerability mapping have aimed to 

improve spatial accuracy. Paveglio et al. (2018) integrated household demographic 

information and risk perception metrics through surveys. More recently, Murray et al. (2023) 

applied areal interpolation techniques to derive parcel-level social vulnerability metrics from 

multiple existing indices.  

While a range of approaches have been explored for assessing social vulnerability in 

the context of hazards, a challenge remains for a more precise representation of social 

vulnerability in disaster management. In particular, consideration of the actual spatial 

distribution of a particularly vulnerable population is critical. 

 

Data 

The study area is Santa Barbara, California. It is bordered by the Pacific Ocean to the 

south and the Santa Ynez Mountains to the north, with a range of geographic characteristics 

that make it susceptible to most natural hazards, including earthquakes, flooding, drought, 

tsunamis, landslides, storm surge, extreme heat, and wildfire. This too is characteristic of 

much of southern California. Climate change has exacerbated and amplified these hazards, 

making them more frequent and more extreme. The Santa Barbara region is home to a vast 

vulnerable population, including senior citizens (16% of the population), renters (35% of the 

households), people without a high school degree (20% of the population) as well as the 

unhoused, making vulnerability assessment and monitoring a high priority (County of Santa 

Barbara, 2021a). 
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Social vulnerability is reported and characterized by the Centers for Disease Control 

and Prevention (CDC) (2020) using an SVI, and is examined in this study. The CDC calculates 

the SVI by the percentile rank method, i.e., order and rank tracts based on the sum of the 

individual percentile ranking for each input variable (Flanagan et al., 2018; Mah et al., 2023). 

As a result, the index ranges from 0 to 1, with higher values indicating a relatively more 

vulnerable area (see Figure 1). CDC produces two SVI estimates by Census tract, one a 

comparison of Census tracts in the corresponding state and the second based on all Census 

tracts across the nation (CDC, 2022). Other SVI estimates also exist, including at the Census 

block group (Bryan 2022), 1 × 1  km grids across the US (NASA SEDAC 2023), and 

individual parcels (Murray et al. 2023), and are based in part on CDC SVI. These SVI 

estimates are summarized in Table 1. 

 

 

Figure 1. CDC SVI at census tract level 

 

Table 1. Geographic SVI estimates 

Resolution Geographical Extent Source Sample Size 

Census tract Santa Barbara County CDC (2022) 105 

Census block group Santa Barbara County Bryan (2022) 315 

1x1 km grid Santa Barbara County NASA SEDAC (2023) 5,721 

Parcel South Coast Santa Barbara County Murray et al. (2023) 62,419 
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The County of Santa Barbara reported 1,887 PEH (people experiencing homelessness) 

in 2023, with 64% unsheltered and 93 households with minor children. In 2024 the county 

experienced a 12% jump in the total number of PEH, and more than half of people reported that 

they were experiencing homelessness for the first time (County of Santa Barbara, 2024). These 

statistics come from the Point-In-Time Count (PITC), a federally required enumeration and 

unduplicated survey of each unsheltered PEH in the entire administrative area at least every two 

years (HUD, 2023). The 2023 PITC in the County of Santa Barbara was conducted by 

volunteers and staff on January 25 between 5 and 9 am. A summary of the spatial distribution 

of PEH based on the PITC is shown in Figure 2a. 

Another PEH information source is the Encampment Response Protocol (ERP). This is 

part of a county-funded initiative, Encampment Resolution Strategy, that validates and monitors 

reported encampments to target and offer outreach services (County of Santa Barbara, 2021b). 

Reported encampments come from community members, the unsheltered PEH themselves, and 

outreach service providers; it is a volunteered geographic information (VGI) database. The 

accumulated information is longitudinal, beginning in August 2021 through  October 2023. A 

summary of the spatial distribution of PEH based on ERP is shown in Figure 2b. Worth noting 

is that the report-and-respond approach reflected in the ERP is generally geographically limited 

to human interaction and activity intensity (like all VGI), differing from the PITC. Further, both 

information sources only show the number of unsheltered PEH encampments, including 

belongings, tent-like structures, and vehicles, not the actual size of the encampment population. 

There also exists the possibility of one encampment being recorded in both information sources 

repeatedly. Thus, the PEH locational sites may not be completely independent of each other; 

instead, they represent a location that has been selected by unsheltered PEH at some point as 
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their encampment site. Nevertheless, the PITC and the ERP represent two different information 

sources for the unhoused, offering insight into this social issue and its geographic heterogeneity. 

 

 

(a) 2023 Point-In-Time Count 

 

(b) 2021-2023 Encampment Response Protocol 

Figure 2. Kernel density map of unsheltered PEH encampments 

 

Method 

This study uses an exploratory spatial data analysis (ESDA) framework that applies 

multiple methods, including geographic information systems (GIS), statistics, and 

geostatistics, to better understand the social dimensions of PEH. The framework is 

summarized in Figure 3. 
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Figure 3. Research framework for understanding the geographic nature of PEH social 

vulnerability 

 

The framework in Figure 3 is driven by overarching research questions, with various 

analytics and methods integrated to support evaluation, assessment, and understanding. A 

central element of the Figure 3 framework is GIS, used to collect and manage different types 

of spatial data as well as support analysis through visualization and summary. The data 

collection component of Figure 3 illustrates the use of EPR (Encampment Response Protocol) 

data as volunteered geographic information (VGI), PITC (Point-In-Time Count conducted by 

the federal government) as authoritative information, and the Census-based SVI (Social 

Vulnerability Index) as synthetic information. As described previously, although each 

information has been processed at different levels, all rely on GIS for spatial positioning. 
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Different data characteristics shape research objectives into two primary components-

relationship and spatial pattern-and leaves a big challenge for analysis which is to transform 

information across multiple scales. One common analytical method in Figure 3 is offered by 

GIS, often used in the curation of SVI as well, is spatial interpolation with a generalized form: 

 𝑧𝑋 = ∑ 𝑤𝑖𝑧𝑖
𝑛
𝑖=1  (1) 

where 𝑧𝑋 is the estimated value at location 𝑋 based on the know values of surrounding points 

𝑖, 𝑧𝑖, with assigned weight 𝑤𝑖. Areal weighted interpolation can proportionally re-distribute 

data from larger to smaller geographic areas, while diffusion interpolation, using a heat 

equation as the weight function, models the gradual spread of point attributes across the 

surface. Mapping, in itself, serves as an intuitive approach for understanding spatial patterns 

and relationships. Kernel density mapping is another analytical method in Figure 3, offering 

valuable insights into the point distribution, and takes the form of: 

 𝑓(𝑥) = 𝑁𝑝 𝐴𝑝⁄  (2) 

where a location 𝑥  is assigned a density measure based on the number of points or 

observations in the associated window 𝑝 around 𝑥, denoted as 𝑁𝑝, divided by its area, 𝐴𝑝 

(Silverman, 1986; Murray, 2020; Sweeney and Arabadjis, 2022). 

As reflected in Figures 1 and 2, visual inspection to assess pattern similarity makes 

visualization in the Figure 3 framework critical. However, it is difficult to interpret statistical 

significance and validation. Statistics and geostatistics in Figure 3 then are important and can 

be applied to review the strength and direction of relationships across multiple spatial patterns, 

analysis such as correlation, regression, and statistical testing are chosen based on the scale, 

distribution, and format of the information. 
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Given spatial unit 𝑖 =  {1, 2, . . . , 𝑛}, with SVI measure 𝑥𝑖 and number of unsheltered 

PEH encampments 𝑦𝑖 , the first relationship examined in this study is whether a linear 

relationship exists between 𝑥𝑖 and 𝑦𝑖. As there are considerable regions having 𝑦𝑖 = 0; three 

different analyses are introduced to reduce the potential bias caused by ties. Spearman’s tie-

corrected rank correlation (Kendall and Gibbons, 1990) might be useful: 

 𝜌 =
𝑛3−𝑛

6
−∑ (𝑥̂𝑖−𝑦̂𝑖)2𝑛

𝑖=1 −∑ 𝑡𝑥−∑ 𝑡𝑦

√(
𝑛3−𝑛

6
−2 ∑ 𝑡𝑥)(

𝑛3−𝑛

6
−2 ∑ 𝑡𝑦)

 (3) 

where 𝑥̂𝑖  and 𝑦̂𝑖  are the tied ranking for each observed value 𝑥𝑖  and 𝑦𝑖 , respectively. The 

correction factor for ties in 𝑋, 𝑡𝑥, and in 𝑌, 𝑡𝑦 is 𝑡3 − 𝑡𝑗 , where 𝑡𝑗 represents the length of tie 

𝑗. Another option is Goodman and Kruskal’s cross-classification correlation (1979):  

 𝛾 =
𝛱𝑠−𝛱𝑑

𝛱𝑠+𝛱𝑑
 (4) 

where 𝛱𝑠 and 𝛱𝑑 represent the probability of observing the same or different orders in a cross-

classification table in which both 𝑥𝑖  and 𝑦𝑖  are assigned five ordinal rankings based on 

quintiles. The final test to handle the excess zeros from 𝑦𝑖  is the zero-inflated negative 

binomial regression (Gelman et al., 2021), specified as: 

 𝑦𝑖 = { 
0,                                                     

~negative-binomial(𝑒𝑥𝑖𝛽 , 𝜑),
  
if 𝑆𝑖 = 0
if 𝑆𝑖 = 1

 (5) 

where 𝑆𝑖 is the indicator of whether unsheltered PEH will appear in area 𝑖 and 𝑃(𝑆𝑖 = 1) =

𝑙𝑜𝑔𝑖𝑡−1(𝑥𝑖𝛾).  

The analysis then moves on to explore the relationship between PEH point patterns 𝐴 

and 𝐵. Now, 𝑦𝑖
𝐴 and 𝑦𝑖

𝐵 represent the aggregated counts of PEH encampments in patterns 𝐴 

and 𝐵. However, the aggregation does not adhere to the boundaries used in the SVIs; instead, 

it utilizes finer and more regular tessellations through a method known as quadrat analysis, 
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which examines observations in terms of their deviation from spatial expectations.  A 

comparison of multiple point distributions is possible through a chi-square (𝜒2) goodness-of-

fit test or a Monte Carlo 𝜒2 test: 

 𝜒2 =
∑(𝑂−𝐸)2

𝐸
=

∑(𝑦𝑖
𝐴−𝑦𝑖

𝐵)
2

𝑦𝑖
𝐵  (6) 

While quadrat analysis indicates whether the point patterns are the same overall, it 

does not identify specific locations where similarities or differences exist. Therefore, a 

distance-based analysis, such as Ripley’s K function, is necessary to more comprehensively 

address the research objectives. For multivariate spatial pattern analysis, the K function can 

be expressed as: 

 𝐾𝐴𝐵(𝑟) = 𝜆𝐵
−1𝐸𝐵(𝑟) (7) 

where 𝐸𝐵(𝑟) is the expected number of type 𝐵 points within distance 𝑟 of a randomly chosen 

type 𝐴  points and 𝜆𝐵  is the density of type 𝐵  point per unit area (Dixon, 2002). A 

transformation of K function is 𝐿(𝑟) = √𝐾(𝑟) where 𝐿(𝑟) = 𝑟 represents a homogeneous 

Poisson point pattern, or so-called complete spatial randomness (Dixon, 2002; Sweeney and 

Arabadjis, 2022). The L function can be estimated to understand the spatial tendency for each 

PEH point pattern. Then, to capture the difference, D function, 𝐷(𝑟) = 𝐿𝐵𝐵(𝑟) − 𝐿𝐴𝐴(𝑟), is 

calculated and compared with the 𝐷̂(𝑟) under random labeling of points from a superposition 

set combining point pattern 𝐴 and 𝐵 with Monte Carlo simulation (n = 1000) (Diggle and 

Chetwynd, 1991; Sweeney and Arabadjis, 2022). Further, instead of a randomly chosen type 

𝐴  point, 𝐿𝑖,𝐴𝐵(𝑟)  and 𝐿𝑖,𝐴𝐴(𝑟)  can be estimated for each point 𝑖  from type 𝐴 , and some 

correlation coefficients such as Pearson’s r as: 

 𝑟 =
∑(𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)

√∑(𝑥𝑖−𝑥̅)2 ∑(𝑦𝑖−𝑦̅)2
 (8) 



 

 
14 

can be used to understand the local location variation of points around 𝐴𝑖 (Komladzei, 2021). 

Similarly, 𝐿𝑖,𝐵𝐴(𝑟) and 𝐿𝑖,𝐵𝐵(𝑟) can be calculated for 𝐵𝑖. In this approach, the spatial pattern, 

rather than point attributes, serves as the input for statistical analysis. 

Collectively, the framework illustrated in Figure 3 attempts to show how research 

questions, spatial data, and supporting methods are utilized in an exploratory fashion to 

develop insights, formalize hypotheses, carry out statistical testing, and reach informed 

management and policy decisions. 

 

Results 

Social vulnerability in Santa Barbara can be examined in a number of ways. However, 

it is very much dependent on the context in which it is being considered. In this thesis, the 

primary interest is the degree to which people may be vulnerable to wildfire, but any hazard 

or context could be of interest. 

The CDC SVI for Census tracts in Santa Barbara is depicted in Figure 1 suggests one 

perspective on social vulnerability. Another is shown in Figure 2 using the kernel density of 

unsheltered PEH encampments. Visual inspection suggests that the spatial patterns of 

unsheltered PEH are not the same. The 2023 PITC (Figure 2a) shows higher density in the 

central downtown area, whereas the 2021-2023 ERP (Figure 2b) has a more dispersed density 

with greater intensity in south-eastern downtown. A more direct comparison between SVI and 

PEH can be viewed in Figure 4, where a bivariate map depicts the PITC counts and SVI 

estimates at the Census block group level. There is substantial disagreement as there are 

numerous areas with low SVI scores but high PEH counts, and vice versa. 
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Figure 4. Bivariate map of SVI and PITC PEH Counts 

 

In particular, the analysis tests whether a positive linear relationship exists between 

existing SVI metrics and encampment counts, which was posited based on the expected 

effectiveness of those measures in representing truly vulnerable regions. For Census tract, 

block group or 1x1 km grid spatial representations, both SVI and PEH counts within each 

areal unit in Santa Barbara County are examined. At the parcel level, SVI is compared with 

PEH counts within 100, 300, and 500 meters of the parcel boundary. Counts from both PITC 

and ERP are used given their different methodologies involved. As the SVI estimates use data 

from the same source or are derived from each other, the correlation among SVI metrics is 

not meaningful in this analysis. A summary of the statistical analysis is given in Tables 2 and 

3. ρ and γ range from -1 (perfect negative correlation) to 1 (perfect positive correlation). In 

terms of the ZINB estimates, the sign and value represent the direction and magnitude of 

association when using SVI to fit the negative binomial distribution of PEH Counts. Although 

all t test results for correlation analysis are significant, confirming the existence of relationship 

between SVI and PEH counts, the magnitude of the coefficient still suggests a little to no 

positive linear correlation. In terms of ZINB regression performance, the likelihood ratio test 

suggests that the inclusion of SVI as the predictor improves the performance of a reduced 
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intercept only regression model. While the majority of coefficients are positive, a quite 

surprising result emerges between SVI and PEH counts within 100 meters of the parcel, where 

negative associations appear for the ZINB estimates. 

 

Table 2. Statistical assessment of SVI and PITC Counts 

 CTUS
1 CTCA

2 CBG3 1km 100m4 300m4 500m4 

Spearman’s correlation 

𝝆  0.325 0.316 0.245 0.044 0.207 0.384 0.466 

p value5 0.001 0.001 0.000 0.001 0.000 0.000 0.000 

Goodman & Krustal’s correlation 

𝜸  0.306 0.309 0.249 0.220 0.425 0.441 0.463 

p value5 0.001 0.001 0.000 0.000 0.000 0.000 0.000 

Zero-inflated negative binomial regression 

𝜷  0.971 0.981 0.626 0.532 -0.294 1.489 1.983 

p value6 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Note. 1 SVI ranked based on all census tracts in the U.S., 2 SVI ranked based on all census 

tracts in California, 3 Census Block Group, 4 distance from the parcel, 5 t test with null 

hypothesis that coefficient is zero, 6 likelihood ratio test with reduced intercept 

 

Table 3. Statistical assessment of SVI and ERP Counts 

 CTUS
1 CTCA

2 CBG3 1km 100m4 300m4 500m4 

Spearman’s correlation 

𝝆  0.279 0.267 0.291 0.032  0.189  0.354  0.449 

p value5 0.004 0.006 0.000 0.015 0.000 0.000 0.000 

Goodman & Krustal’s correlation 

𝜸  0.234  0.271 0.315 0.173 0.460 0.449 0.478 

p value5 0.016 0.005 0.000 0.000 0.000 0.000 0.000 

Zero-inflated negative binomial regression 

𝜷  0.302 0.423 0.189 0.172 -0.021 1.192 1.699 

p value6 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Note. 1 SVI based on all census tracts in the U.S., 2 SVI based on all census tracts in 

California, 3 Census Block Group, 4 distance from the parcel, 5 t test with null hypothesis 

that coefficient is zero, 6 likelihood ratio test with reduced intercept 
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There is an observed trend across various geographic scales for different methods and 

PEH count sources. Specifically, for PITC, SVI estimates at the Census tract level have a 

relatively stronger correlation with PEH conditions whereas for ERP the Census block group 

level SVI is slightly higher. The 1x1 km grid subset consistently has the weakest correlation. 

The divergence between Census tract level SVI estimates is minimal for PITC but becomes 

pronounced for ERP. At the parcel level, the trend demonstrates an increased correlation when 

the buffer from the parcel increases. It appears that comparison between SVI and PEH counts 

within 500 meters from parcels has the greatest correlation, but this is weak at best from a 

statistical perspective. 

The second research objective is to see if there are differences between the spatial 

distribution of two PEH encampment point patterns. In the case of point pattern analysis, the 

pattern from PITC (n=664) is treated as “expected” and the one from ERP (n=1217) serve as 

“observed”. The quadrat analysis finds that all χ^2 goodness-of-fit tests reject the null 

hypothesis that the observed distribution of frequency in ERP is the same as the expected 

PITC distribution (see Table A1). In addition to tests based on χ^2 distribution table, to control 

the unbalanced observation numbers from original point patterns, the null hypothesis is 

modified to see if the difference between two patterns under their actual labeling is the same 

as under random labeling. In this case, 664 points are sampled from ERP to generate empirical 

critical value of χ^2 distribution with Monte Carlo simulation (n=1000). The χ^2 distribution 

of random labeling of points with Monte Carlo simulation (n=1000) is then used to generate 

the p-value. Results from this procedure show inconsistency across different quadrat shapes 

and sizes (see Table A2), suggesting instability. However, the majority of test results reject 

the null hypothesis. 
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(a) L-function for PITC 

 
(b) L-function for ERP 

 
(c) D-function 

Figure 5. Distance-based point pattern analysis 

 

To figure out where exactly those clustering differences happened, distance-based 

analysis is carried out. These estimations are summarized in Figure 5, where L functions in 

Figures 5a and 5b show that both PITC and ERP patterns are clustered compared to the 

complete spatial randomness. Under the same first-order effect for both populations, the 

second-order effect can be reviewed by the result of D function. In Figure 5c, the gray 

envelope is the 97.5% confidence interval of the D-function curve range under random 

labeling of PITC and ERP, and the black line represents the correct labeling. This shows that 

the points from ERP are significantly more clustered than the points from PITC at the range 

around 250 meters, and consequently, more dispersed after 1000 meters. Meanwhile, if the 
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analysis scope zooms to around 400 meters, there exists a good chance that two point patterns 

can be observed similarly. 

 

 

(a) Kernel smoothing of all points 

 

(b) Diffusion interpolation based on similarity 

Figure 6. Spatial pattern of unsheltered PEH 

 

Finally, the analysis explores ways to create a spatial representation of PEH patterns. 

One approach is shown in Figure 6 that considered kernel density and diffusion interpolation. 

Kernel density is shown in Figure 6a. However, such an approach assumes the independence 

of points across information sources, which does not match with how information is collected, 

as discussed previously. Hence, the idea here is to see if a point can be verified by both PEH 

counts, thereby making it a more credible observation. The interpolated surface in Figure 6b 

shows similar hot spots or clustering patterns with Figure 6a, while capturing more details in 

gradient changes. 
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(a) Original SVI 

 

(b) Weighted SVI 

Figure 7. Incorporating PEH condition as a weighted index 

Note. 𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑆𝑉𝐼 = 𝛼 ∗ 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑆𝑉𝐼 + (1 − 𝛼) ∗ 𝑃𝐸𝐻 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛, 𝛼 = 0.5 in (b). 

 

 

(a) Re-standardized SVI without PEH condition 

 

(b) Re-standardized SVI with PEH condition 

Figure 8. Recalculating CDC SVI with PEH condition as a variable 

 

Given the PEH clustering pattern in Figure 6b, some integration can be made to 

promote the original SVI to a more inclusive assessment. One straightforward approach is to 
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create a weighted index based on the current SVI. Comparing Figure 7a and Figure 7b, it is 

evident that the additional weight of the PEH condition does not alter the classification of the 

most vulnerable area. But in moderately vulnerable communities, the focus areas can be 

accentuated.  For instance, the three census tracts in the southeastern corner of the study region 

have areas around their boundary intersection notably vulnerable. Alternatively, the PEH 

condition can be included as one of the variables in use. Following the CDC SVI procedure, 

Figure 8a and Figure 8b show the recalculated and standardized SVI value with and without 

PEH conditions for grids in the study region respectively. Similarly, the identification of the 

most vulnerable areas remains consistent while gradual differences can be observed for other 

areas. 

 

Discussion 

This thesis utilized an exploratory spatial data analysis framework to consider 

homelessness in Santa Barbara County concerning broadly used interpretations of social 

vulnerability using SVI. Two different information sources of PEH are assessed and compared 

based on their spatial distribution to several existing CDC SVI measures at different scales. 

The results highlighted the under-representation of unsheltered PEH using SVI estimates 

along with inherited impacts due to scale and boundary selection. In addition, a persistent 

spatial pattern of unsheltered PEH across multiple information sources. Finally, geostatistical 

methods are applied to estimate PEH distribution, and showed how such measures could be 

incorporated in existing SVI calculations. 

As consideration of social equity continues to grow in hazard mitigation and response, 

a better understanding of social conditions and social vulnerability is of paramount importance. 
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The CDC SVI is one of the many latent indices that aggregate a pool of population variables 

into one measure across a region. Though scholars critique and attempt to improve such an 

indexing approach, research generally focuses on how to aggregate and what variables to use 

(Tate, 2012, 2013; Rufat et al., 2019), yet ignores population and geographic representation. 

SVI and unsheltered PEH were considered as a case study to investigate missing components. 

The weak correlation shown in Table 2 and Table 3 is not unexpected, given that 

unsheltered encampment condition is never a direct indicator in any SVI metrics. PEH has 

been largely ignored in global disaster management practice. Wisner (1998) identified various 

challenges faced by this group in disaster preparation, including lack of access to community 

plans due to self-isolation, social amnesia that prevents them from being recognized and 

considered, and persistent stereotypes that exaggerate social ostracism. The state of 

invisibility from policymakers of this population is the outcome of systematic inequalities, 

reflecting their loss of power and control. Homelessness is epitomized in modern society as a 

social problem, an economic dilemma, or a human rights issue, making it a distinct 

phenomenon of study, which makes it disconnected from other fields. Our findings 

demonstrate that the indirect socio-demographic factors are not enough to represent the 

unsheltered PEH, and  further suggest that in the context of the social vulnerability framework, 

homelessness should be viewed as an independent characteristic, alongside the elderly, the 

disabled, etc. as part of the demographic make-up of a community.  

However, this is not the only reason contributing to the discrepancy. A closer look at 

how the assessment is made would reveal that SVI estimates essentially blur internal 

heterogeneity within the region. Figure 9 portrays a small region around one census tract, 

where unsheltered PEH are noticeably concentrated in the lower right corner of the region. 
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(a) Census Tract 

 
(b) Census Block Group 

 
(c) 1km Grid 

 
(d) Overview 

Figure 9. SVI and PEH Counts across geographic scale in the same region 

 

First, it is clear that using census tract level SVI would directly obfuscate regional 

variations (Figure 9a). Second, as depicted by Figure 9c, the 1 km dataset is essentially a 

rasterization and areal interpolation of the original CDC SVI across the U.S., so cells within 

one census tract would have the same value (NASA SEDAC, 2023). This explains the sharp 

weakening in correlation for census tract and 1 km in Tables 2 and 3. Since the 1 km grid 

considers the variation of unsheltered PEH, it reflects the homogeneity of the SVI estimate. 

Third, as shown in Figure 9b, the census block group SVI is a relatively better representation. 

Tables 2 and 3 suggest such a hypothesis holds true for ERP, but not for PITC, which relates 

to the representation of PEH. Figure 4, Figure 9, Table 2, and Table 3 illustrate the importance 
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of scale in vulnerability assessment, presenting issues and limitations associated with existing 

approaches. 

It then raises the question of whether some boundaries (census geography, population 

grid, etc.) frequently relied upon are suitable for population vulnerability analysis. This 

problem is thornier when it comes to homelessness research. Unsheltered PEH are much less 

likely than other groups to choose an encampment site because that portion of land is attached 

to a particular census tract. The selection can be quite discrete for personal preference. Hence, 

the traditional way of aggregating points into the predefined boundary and making the 

summed count as an indicator seems to be inadequate. Instead, the study attempts to see if a 

site is an enduring spot for homeless encampment so that people commonly return or select 

surrounding spots with similar characteristics.  

This expectation redirects the study back to its data collection and management phase 

to inspect available information on homeless encampments. Although PITC has been heavily 

criticized for its representativity of regional unsheltered PEH using a snippet a single night in 

January and potentially biased statistical methodology, it is the only mandated national data 

available, so it remains a ubiquitous presence in homelessness studies (Smith and Castañeda-

Tinoco, 2019). On the flip side, studies that actually review PITC are limited because it 

depends on whether or not there is another dataset available for the region. In recent years, 

with the development of GIS and its popularization in everyday use, community engagement 

and collective efforts to provide geographic information have been largely promoted. 

However, the credibility of volunteered geographic information (VGI) generates concerns 

about its source, quality, and authenticity (Flanagin and Metzger, 2008). As discussed, the 

ERP information used in this study is one type of VGI. While the ground truth of encampment 
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has been verified by the governmental agency, the data documentation and potential 

duplication can cause bias in the data quality (e.g., one PEH can be reported by multiple 

observers at different times.) Overall, the distinct geographic coverage, temporal resolution, 

and sample size across information sources amplify challenges in inferring the actual PEH 

activity.  

Point pattern analysis is introduced to examine the spatial trends of point clustering 

while avoiding introducing extra bias from boundary selection. The K function and its 

multiple extensions allow us to get a glimpse of the differences between two unsheltered PEH 

behavioral patterns (Sweeney and Arabadjis, 2022). In this study, for the south coastal region 

of Santa Barbara County, the D function gives us a fairly straightforward answer that the 

clustering pattern of PITC and EPR are similar around 400 meters, while EPR is relatively 

more compact than PITC at closer distance intervals. With point coordinates only, we are still 

agnostic about the exact underlying causation, but some assumptions can be made to 

understand the difference. As mentioned before, the origins of ERP information differ, thus 

data reporting tendency can lead to a more clustered pattern in ERP. For example, the compact 

alignment of points under tree canopy along the creek and highway is more likely to have 

been recorded by staff during outreach activities. In the case of community members, much 

of this is tied to a willingness to report, i.e., residents might be more proactive in reporting 

seemingly threatening or unsafe encampments in their own neighborhoods or activity zones. 

Although PITC also has some differing interviewing emphasis due to volunteer attention to 

different unsheltered PEH subpopulations (e.g., with vehicle, substance abuse disorder, youth, 

etc.), PITC has made sure to report on every encampment observed during the period (Smith 

and Castañeda-Tinoco, 2019). A comparison between Figure 2 and Figure 6 shows that both 
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datasets catch some of the persistent hot spots of unsheltered PEH encampments. While it is 

still debatable, this analysis validates the baseline quality of both information sources.  

Finally, the ESDA framework enables the transformation of point-level information 

into a surface representation that can serve as an indicator of unsheltered PEH conditions. 

Spatial interpolation is one method to better amplify the gradient changes of PEH encampment 

hotspots over space, compared with density mapping. As shown in Figures 7 and 8, noticeable 

changes occur after incorporating this factor, highlighting the future research needs of 

multiscale information synthesis and inclusive social vulnerability portrayal. The 

identification of critical areas requiring targeted interventions is essential to understand the 

complex dynamics of social vulnerability and enhance community resilience in terms of 

disaster risks. 

 

Conclusion 

Current social vulnerability measures have inadequate correlation with observed 

unsheltered PEH, suggesting the need to re-examine SVI in practice. The divergent results 

from statistical tests indicate that coarse resolution tends to eliminate the heterogeneity across 

a region, thus diminishing the effectiveness of SVI. Moreover, point pattern analysis finds 

PEH encampments are more compact in local records than annual federal counts. It is evident 

that PEH encampment selection is not random and requires additional focus on spatial 

variation. Consequently, this paper explores an alternative perspective of interpreting spatial 

representation of PEH. Instead of using each point location, an interpolated surface based on 

prevalence of PEH encampment selection. This integration process of point and polygon in 
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the study also signals the scale and boundary in current SVI estimates might not be suitable 

for studying specific population dynamics. 

In social vulnerability assessment, population representation is a missing dimension. 

However, if SVI fails to encompass truly vulnerable populations, it violates the need and intent 

of analysis. Moreover, such approaches are likely to be counterproductive for resource 

allocation and public policy. This paper underscores the necessity of understanding the social 

dynamics of at-risk populations when wildfire hazard risk is increasing. More empirical 

evidence on risk intersections can better support robust data-driven community planning. This 

study conducts the rigorous spatial analysis of a hard-to-count population with a supportive 

framework. Such a framework not only advances homelessness research by identifying 

clustering patterns but also enables more inclusive disaster preparedness by overcoming 

barriers to include this population in risk mitigation efforts. Additionally, the framework 

shows ways of selecting appropriate analytical methods based on the understanding of 

information characteristics, including collection methods, data distribution, uncertainty, and 

potential bias. Its application can extend to other social groups facing similar challenges. 
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Appendix A 

Table A1. Regular chi-square test result from quadrat analysis 

Regular Tiling Area (𝑚2) 𝜒2  df p-value 

Square 10000 182.320734 7 0.00000* 

Square 40000 80.226449 7 0.00000* 

Square 90000 104.999134 8 0.00000* 

Square 160000 66.365830 8 0.00000* 

Square 250000 30.871416 8 0.00015* 

Square 360000 37.708542 8 0.00001* 

Square 490000 36.561500 8 0.00001* 

Hexagon 10000 300.707260 7 0.00000* 

Hexagon 40000 72.148281 7 0.00000* 

Hexagon 90000 65.355289 8 0.00000* 

Hexagon 160000 61.879256 8 0.00000* 

Hexagon 250000 46.269518 8 0.00000* 

Hexagon 360000 36.970821 8 0.00001* 

Hexagon 490000 49.687410 8 0.00000* 

Triangle 10000 175.688010 7 0.00000* 

Triangle 40000 98.906485 7 0.00000* 

Triangle 90000 100.484967 8 0.00000* 

Triangle 160000 46.477683 8 0.00000* 

Triangle 250000 42.892951 8 0.00000* 

Triangle 360000 55.271408 8 0.00000* 

Triangle 490000 26.470460 8 0.00087* 
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Table A2. Modified chi-square test with Monte Carlo simulation 

Regular Tiling Area (𝑚2) Critical Value p-value 

Square 10000 54.852315 0.003* 

Square 40000 71.988320 0.007* 

Square 90000 29.425879 0.180 

Square 160000 35.114233 0.178 

Square 250000 95.856366 0.000* 

Square 360000 64.949773 0.020* 

Square 490000 51.651787 0.056 

Hexagon 10000 44.761774 0.007* 

Hexagon 40000 39.662908 0.079 

Hexagon 90000 47.250742 0.036* 

Hexagon 160000 50.361296 0.086 

Hexagon 250000 27.139858 0.239 

Hexagon 360000 52.846479 0.033* 

Hexagon 490000 67.417787 0.014* 

Triangle 10000 35.854472 0.026* 

Triangle 40000 42.602282 0.043* 

Triangle 90000 52.687021 0.083 

Triangle 160000 52.489574 0.030* 

Triangle 250000 34.215126 0.222 

Triangle 360000 50.008915 0.104 

Triangle 490000 77.754849 0.008* 

Note. Critical value is calculated by 95th percentile of the empirical 𝜒2 distribution; 

p-value =
# of simulated result exceeding critical value

# of Monte Carlo simulation
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