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ABSTRACT OF THE DISSERTATION 

 

The Vital Few:  

Characterizing the Comorbidity Profiles and Spending Trajectories of Patients with High Costs 

in an Integrated Delivery System 

 

by 
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Doctor of Philosophy in Health Policy and Management 
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Professor Jack Needleman, Chair 

 

Background 

Amidst high and rising health care spending in the US, there is a growing focus on patients with 

complex needs and high costs. Some argue high cost patients are emblematic of failures in the 

health care system, and efforts to intervene are proliferating. However, information about the 

characteristics and needs of patients with high costs is superficial. This dissertation aims to 

establish a highly granular and data-driven characterization of high cost patients. 
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Setting and Population 

We used data from Kaiser Permanente Southern California to study the top one percent of adult 

members with respect to total health care spending in 2010. The high-cost cohort included 

21,183 individuals. We had comprehensive data for all utilization across the continuum of care, 

from 2010 and four follow-up years through 2014. 

Methods 

We use applications of finite mixture models - latent class analysis and latent growth curve 

analysis - to identify unobservable segments or clusters of high cost patients with regard to their 

clinical conditions (Chapter Two) and their longitudinal trajectories of spending (Chapter Three). 

Finally, we used multilevel logistic regression to assess the association of neighborhood 

deprivation with sustained high spending over an extended duration (Chapter Four).  

Results 

We identified seven distinct clinical sub-types of high cost adults, with each class having 

distinctive patterns of utilization, survival, and individual characteristics. Following their 

individual trajectories of spending over four years from 2011 to 2014, we found five distinct 

patterns of spending after the base year of top one percent spending. Nearly half of the original 

cohort maintained consistent and relatively high spending for all four years of follow-up data 

available. Focusing on one sub-type of high cost adults, we found no significant association 

between neighborhood deprivation and sustained high spending.  

Conclusions 
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We generated detailed and novel information about the segmentation of patients with high costs 

without making a priori assumptions about the population. Our studies were not designed to 

address the appropriateness of utilization, and there are persistent questions around the potential 

to impact spending for improved value and satisfaction. Future research should use the relatively 

homogenous subgroups we developed to investigate opportunities for improvement. 
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CHAPTER 1. INTRODUCTION TO THE DISSERTATION 

1.1. Dissertation Overview 

This dissertation is presented in five chapters. The introduction to the dissertation provides a 

review of existing literature, introduces a conceptual framework for utilization patterns with a 

special emphasis on the factors associated with utilization by adults with complex needs. It also 

presents aims and research questions. I then provide a brief overview of the three dissertation 

studies, and describe the data source and population for this group of analyses. Finally, I discuss 

the contribution to the field.  

Chapters Two through Four contain the three related analyses that make up the dissertation 

research. Each chapter includes an introduction with a focused literature review that expands on 

the background presented in Chapter One. Thereafter, each chapter is organized to present 

methods, results, and discussion.  

Finally, the fifth chapter contains closing discussion. This chapter includes a summary and 

synthesis of the findings of the three research studies, discusses limitations of the research, and 

presents implications for future research and for policy and practice.  

1.2. Background 

Total National Health Care Spending. High costs are a recognized problem in the United States’ 

health care system (Squires, 2012). The United States spends far more on health care than other 

developed nations, both in terms of actual dollars ($9,523 per capita for health care and 

pharmaceuticals together in 2014) and as a share of gross domestic product (17.5 percent in 



 

2 

2014) (Martin, Hartman, Benson, & Catlin, 2016; Organization for Economic Co-operation and 

Development (OECD), 2012).  

Not only are health care costs in the United States higher than in other developed nations, but 

they are also growing at an unsustainable rate (Kellermann et al., 2012). Health care spending 

growth has outpaced gross domestic product growth during much of the period since World War 

II (Chernew, Hirth, & Cutler, 2003). In 2014, health spending grew 1.2 percentage points more 

than the overall US economy (Martin et al., 2016).  

Recent projections from the Centers for Medicare and Medicaid Services Office of the Actuary 

indicate that health spending will continue this trend through at least 2024, with slightly more 

than a one percentage point differential per year on average in the projected rates of growth 

during the next decade (Keehan et al., 2015). The projected rate of growth of health care 

expenditures relative to gross domestic product in the coming decade (Keehan et al., 2015) is 

lower than the historic differential in the rate of growth seen in the 1970s and 1980s, when health 

care cost growth exceeded gross domestic product growth by 2.5 to 3 percent per year 

(Reinhardt, Hussey, & Anderson, 2004). 

In long-term projections of several scenarios, Chernew et al. find that a one percentage point gap 

between the rates of growth of health care spending and gross domestic product could be 

sustained by the United States economy through 2075, at which time health care would consume 

38 percent of the gross domestic product (Chernew et al., 2003). However, they point out that the 

question of affordability of our national spending habits with regard to health care is in part a 

matter of values. To the extent that we as a nation are willing to devote an ever increasing share 

of income growth to health care services, we may be able to continue to do so (Chernew et al., 

2003). The question then becomes whether this pattern of spending is aligned with our national 
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priories. Chernew et al. found that growth in excess of a one percent gap between health care and 

the overall economy would simply be unaffordable and unsustainable.  

Explaining the Amount and Growth of Health Care Expenditures. Many authors have surveyed 

potential factors contributing to the size and rate of growth in health care spending in the United 

States. These are complicated questions because of innumerable ways in which heath systems, 

economies, and populations differ among developed nations.  

Total and per capita health spending is thought to be high relative to other developed nations for 

two overarching reasons: the government funds a much lower share of total health care services, 

and the mix of services delivered in the United States is much more technologically intensive 

(Fuchs, 2013). Low levels of governmental health spending and high levels of private spending 

from many different sources create a situation of limited governmental bargaining power and 

market leverage in the US, which can lead to higher prices for all aspects of care, from physician 

services to pharmaceuticals and devices (Anderson, Reinhardt, Hussey, & Petrosyan, 2003). In 

some developed nations that are similar to the US but have much lower health care spending, 

market power is concentrated for purchase of health services with governments buying all 

services in extreme cases (Anderson et al., 2003). 

Frequently cited explanations of health care expenditure rate of growth include technological 

advances, waste (both administrative and health care), price growth, pharmaceutical industry 

factors, aging of the population, and many others (Bentley, Effros, Palar, & Keeler, 2008; 

Berwick & Hackbarth, 2015; T. Bodenheimer, 2005; Dall et al., 2013; Reinhardt et al., 2004; 

Squires, 2012). The causes of the recent attenuation in the rate of health care cost growth (Cutler 

& Sahni, 2013) remain a matter of debate, and it is unclear whether this trend will again change. 

A recent analysis suggested that the majority (70%) of the slowdown was related to the 
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economic downturn of 2007-2009, and therefore might be reversed once the economy fully 

recovers (Dranove, Garthwaite, & Ody, 2014). 

Impact of Health Care Expenditures on National Finances. Our national health care expenditures 

already threaten the solvency of governmental budgets (Orszag & Ellis, 2007), and strain 

employer and individual finances. Moreover, our extreme health care costs can be argued to 

curtail investment in priorities both within and outside of the health care sector, including 

education and workforce development (Berwick & Hackbarth, 2015; Kellermann et al., 2012). 

Victor Fuchs, a renowned economist, has gone so far as to say “If we solve our health care 

spending, practically all of our fiscal problems go away” (Kolata, 2012). 

The role of extreme health care expenditures in limiting other types of investments in the United 

States may create a positive feedback loop toward poor health and high costs. The United States 

has one of the highest levels of income concentration in the OECD (Munnell, Hatch, & Lee, 

2004) and among the lowest levels of spending on minimum income benefits (Immervoll, 2015). 

Those at the lower end of the income distribution have fewer means to “secure the nutritional, 

educational, and medical resources necessary to extend their lives” (Munnell et al., 2004). Other 

domains of spending that suffer at the expense of health care costs have direct and indirect links 

to health, including housing, early childhood education, employment, and more. When total 

spending for both health care and social services is tabulated for the OECD nations, the United 

States falls to the middle of the range, due to our lower level of spending on social services 

relative to other developed nations (Elizabeth H. Bradley & Taylor, 2013; Fuchs, 2013; 

Organization for Economic Co-operation and Development (OECD), 2012; Reinhardt et al., 

2004). 
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The Triple Aim. In this environment of extreme health care costs and high rates of spending 

growth, Donald Berwick introduced the triple aim of Better Health, Better Care, and Lower 

Costs (Berwick, Nolan, & Whittington, 2008). This imperative for the health care system has 

taken hold and there is some movement toward realizing his vision. Recent interest in the 

concept of value (Porter, 2010; Porter, Pabo, & Lee, 2013) and efforts to curtail inefficient health 

care utilization (American Board of Internal Medicine Foundation, 2015) represent promising 

trends.  

There has been a proliferation of efforts to redesign fundamental incentives and structural 

features of the health care system, spurred in part by the Affordable Care Act. Some remarkable 

trends include the growth of accountable care organizations (McClellan, McKethan, Lewis, 

Roski, & Fisher, 2010), and the blossoming interest in value based insurance design (Choudhry, 

Rosenthal, & Milstein, 2010; Fendrick, Smith, & Chernew, 2010) and other consumer incentives 

(K. J. Blumenthal et al., 2013). However, it is too early to know whether these innovations will 

have a measurable impact on the health care spending trajectory in the United States, and early 

demonstrations have shown limited savings at best (Iglehart, 2011).  

This dissertation addresses one group of patients in the US health care system that is increasingly 

cited as an important component of any effort to reach the Triple Aim: patients with extremely 

high utilization of health care services.  

1.3. Review of the Literature 

Skewedness of Health Spending. There is a substantial literature describing the distribution of 

health care costs in the United States. Many investigators have demonstrated that health care 
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spending is highly skewed, with a small proportion of individuals accounting for the vast 

majority of total expenses (Marc L. Berk & Monheit, 1992, 2001).  

These findings have been consistent over an extended duration of study. In 1992, Berk 

demonstrated that over a period of almost 60 years from 1928 to 1987, there was a consistent 

distribution of health care costs with the top five percent of individuals accounting for roughly 

50 percent of total expenditures while the bottom 50 percent of individuals accounted for only 

three percent of expenditures (Marc L. Berk & Monheit, 1992). Berk revisited this data in 2001 

and found that even in the face of changes to the health care industry, including managed care 

expansion and the introduction of new technologies, the spending distribution remained similarly 

skewed (Marc L. Berk & Monheit, 2001).   

Defining the Population. This dissertation focuses on patients at the top end of the spending 

distribution. There is a burgeoning literature on the most intensive users of health care services. 

There is considerable variation in methods to identify these patients and terminology describing 

them, which has created some obfuscation in the literature on this topic. The term “Patient with 

Complex Needs” is increasingly favored, but is arguably lacking in specificity. Other common 

terms found in the literature include Super Utilizer, Complex Patient, Frequent Flier, High-Cost, 

High-Needs or High-Risk Patient, Multimorbid Patient, and others. None of these terms has been 

associated with a single common definition and therefore their meanings are somewhat 

ambiguous.  

Patients with complex needs can be identified using varying approaches across several 

dimensions, including criteria (e.g. actual spending, predicted spending, inpatient or emergency 

department utilization), duration of data (e.g. six months, twelve months), data source (e.g. 

electronic medical record, administrative claims/encounter records, provider opinion),  and 
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perspective (e.g. payer, plan, provider). Studies in the literature focus on different population 

groups such as Medicaid or Medicare beneficiaries, focused geographic populations, or users of 

specific delivery systems.  

In this dissertation, I use the term “patient with complex needs” as a generic term to capture all 

of the varied concepts and definitions in the literature. In the research studies that follow in 

Chapters Two through Four, I focus on a very specific population: the top one percent of adults 

with respect to total health care expenditures. In these studies I use the term “patient with high 

costs” to denote the group of interest. In the following sections, I review the literature on patients 

with complex needs, including studies that have employed many different approaches to 

identifying this population. When discussing a specific study and population, I provide detail 

regarding the population definition used.  

Persistence of Extreme Spending. There is an extensive literature that tracks membership in the 

top percentile or decile of spenders over time, to measure persistence of extreme spending 

(Coughlin & Long, 2009; Monheit, 2003; Stanton & Rutherford, 2005). These descriptive 

analyses classify individuals according to their placement in the spending distribution (e.g. the 

top one percent) in one year and assess whether or not they remain in that same placement in 

subsequent years.  

Estimates of the level of persistence in high spending over an extended period of time vary 

according to the population studied, the methods, and the time frame of the assessment. Coughlin 

and Long provide a detailed analysis of Medicaid beneficiaries in 2002 through 2004, with a 

matrix of spending percentile in a base year compared to a follow up period. Their analysis 

shows that a large share of patients in each part of the spending distribution retain their same 

level of spending over the study period (e.g. 46 percent of the top one percent of spenders in the 
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base year stay in the top one percent in the follow up period). They also demonstrate that the vast 

majority (75%) who are in the top one percent in the base year stay in the top 50 percent in the 

follow-up period (Coughlin & Long, 2009).  

Other estimates of persistence in different populations are available. One analysis using the 

Medical Expenditure Panel Survey (MEPS) found that only about 25 percent of individuals in 

the top one percent of spenders in 2002 were still within the top one percent in the following year 

(Stanton & Rutherford, 2005). An analysis using Medicare fee-for-service data found a higher 

level of one-year persistence (44 percent) when it focused on a large swath of the population: the 

top 25 percent of spenders (Congressional Budget Office, May 2005). Persistence measured over 

a longer period of follow-up is much lower. In the same Medicare sample, persistence dropped 

from 44 percent at one year to only 25 percent at four years (Congressional Budget Office, May 

2005).  

When mortality is taken into account, the level of persistence among top spenders is higher over 

time, demonstrating that a meaningful proportion of the attrition from a high-cost cohort is 

driven by death in the near term. Mortality is high among patients with complex needs; extreme 

spending often occurs in the final year of life. In the top 25 percent of spenders in fee-for-service 

Medicare, as many as 14 percent of beneficiaries die during the same year, and 40 percent die 

within four years (Congressional Budget Office, May 2005). Mortality was lower but still 

substantial in a Colorado study of safety net patients with a history of multiple hospitalizations, 

where mortality rate was estimated to be 13 percent over two years (Johnson, Rinehart, et al., 

2015). The Medicare fee-for-service analysis of the top 25 percent of spenders (discussed above) 

found persistence nearly twice as high (roughly 50 percent) when only those beneficiaries who 

did not die during the follow up period were included (compared to 25 percent persistence in the 
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same time period when all original members of the cohort were assessed over the follow up 

period) (Congressional Budget Office, May 2005).  

There are intuitive reasons for the low levels of persistence in high spending. Many patients with 

top tier spending in a given year may have experienced a single traumatic injury or other acute 

episode of illness that does not lead to sustained high spending. An estimate is available from 

safety net patients with frequent hospitalizations in Colorado, where 12 percent had experienced 

a traumatic injury (Johnson, Rinehart, et al., 2015). Others with chronic conditions may receive 

relatively expensive care every year, but only spend enough to join the top one percent in years 

in which they have an exacerbation of their condition or another complication (Stanton & 

Rutherford, 2005).  

Regression to the mean also explains low persistence of high spending. Regression to the mean is 

a statistical concept that holds that the observed value of an outcome variable in a given sample 

of individuals will naturally resolve over time towards the average behavior for the underlying 

population, when that sample was selected on the basis of extreme values in the baseline period 

for the outcome of interest. One estimate of regression to the mean among safety net patients 

with frequent hospitalization found that per person spending was less than half as high on 

average two years after the population was identified (Johnson, Rinehart, et al., 2015), with no 

specific intervention to reduce costs.  

Characteristics of Patients with Complex Needs. There is a fairly limited literature that provides 

data on the characteristics of patients with complex needs. Common preconceptions assume that 

many patients with complex needs are in reality “nervous well” – individuals who seek large 

amounts of unnecessary services (M. L. Berk, Monheit, & Hagan, 1988). Another assumption is 

that frequent users of emergency departments are predominantly patients with mental illness and 
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addiction disorders, or that many of their emergency department visits could be appropriately 

managed in a less acute setting (Billings & Raven, 2013). Yet another assumption is that all 

patients with high costs or frequent utilization have complex or clinically advanced conditions. 

Many studies have provided basic descriptive statistics for patients with high costs, including: 

 Demographics: Race/ethnicity, age/proportion over age 65, gender, language, education, 

marital status (Marc L. Berk & Monheit, 1992; Billings & Raven, 2013; Congressional 

Budget Office, May 2005; Johnson, Rinehart, et al., 2015; Lee, Whitman, Vakharia, Ph, 

& Rothberg, 2016) 

 Homelessness (Johnson, Rinehart, et al., 2015) 

 Fair or poor health (Marc L. Berk & Monheit, 1992) 

 Clinical status: number of chronic conditions, disability status, substance use history, 

mental health (Billings & Raven, 2013; Congressional Budget Office, May 2005; 

Johnson, Rinehart, et al., 2015; Lee et al., 2016) 

 Aggregate measures of clinical status: Charlson Index (Quan et al., 2005), Chronic 

Disability Payment System methodology (Kronick, Gilmer, Dreyfus, & Lee, 2000), and 

the commercial 3M Clinical Risk Group software (Hughes et al., 2004) (Billings & 

Raven, 2013; Congressional Budget Office, May 2005; Johnson, Rinehart, et al., 2015) 

 Summary measures of prior utilization of services (Lee et al., 2016) 

 Mortality (Congressional Budget Office, May 2005; Johnson, Rinehart, et al., 2015) 

The clinical characteristics of patients with complex needs depend on population definition. 

Findings from one of the most detailed studies to date suggest that many have multiple chronic 

conditions (Johnson, Rinehart, et al., 2015). A small but not negligible share have had traumatic 
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injuries (Johnson, Rinehart, et al., 2015; Lee et al., 2016). Some patients with very high costs and 

utilization have cancer or other terminal illnesses and poor survival prognosis (Johnson, 

Rinehart, et al., 2015; Lee et al., 2016). Finally, there are growing data to support the importance 

of social, non-medical needs and the impact of childhood adverse experiences and lifelong 

trauma (R. Davis & Maul, March 2015; Johnson, Rinehart, et al., 2015).  

An important critique of the existing literature on patients with complex needs is the simple 

descriptive nature of most studies. Many studies have not gone beyond a simple univariate 

tabulation of population features. Few more comprehensive studies have used a hierarchy of 

decision rules to assign patients to a priori classes in a taxonomy (Johnson, Rinehart, et al., 

2015). Just emerging are studies that use advanced person-centered statistical techniques to 

identify data-driven clusters of patients (Lee et al., 2016). 

Interventions for Patients with Complex Needs. The skewedness of health care spending has 

prompted interest in intervention strategies that are designed to better address the needs of these 

very complex patients. It has been remarked that efforts to reduce costs among “average users” 

will never have a substantial impact on the total national health care budget (Marc L. Berk & 

Monheit, 1992). In contrast, that even small adjustments to the utilization patterns of extremely 

high cost individuals could generate sizable savings (Congressional Budget Office, May 2005).  

At the time of Berk’s 2001 study assessing the skewedness of health expenditures, he noted that 

there was little focus among policy makers and health plans on addressing the needs of high-cost 

patients (Marc L. Berk & Monheit, 2001). In 2011, Atul Gawande brought the care of patients 

with complex needs to the forefront of national attention when he authored an article on “hot 

spotting,” a project in Camden, New Jersey that sought to identify groups of patients with 

inexplicably high expenditures and to improve their care. (Gawande, 2011). The program he 
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described outreached to the most challenging patients referred by their providers for an intensive 

primary care and case management intervention. They recorded large reductions in utilization 

and costs before and after the intervention, but noted that regression to the mean was a possible 

explanation. Since that time, and in concert with concerns about the health care needs of the new 

Medicaid population under the Affordable Care Act, the focus on patients with complex needs 

has continued to spread (Johnson, Rinehart, et al., 2015).  

While intervention on behalf of high cost patients is an increasingly discussed goal in policy, 

research, and operational domains, the feasibility of modifying spending for this group remains 

poorly understood. Some “impactibility” models have been developed by commercial risk 

management vendors and other stakeholders in an attempt to identify individuals who are (or are 

not) likely to be amenable to intervention, with the goal of isolating patients whose costs and 

utilization theoretically could be altered (Lewis, 2010; Shadmi & Freund, 2013). Approaches 

that have been used to estimate impactibility include proxies for likely non-cooperation, 

predicted death in the near term, predicted change in health plan membership, and other 

approaches (Lewis, 2010). However, these approaches have been criticized because they can 

lead to inequitable selection for intervention (Shadmi & Freund, 2013) and are not necessarily 

well supported by research. 

There are now many programs targeting improvement efforts for patients with complex needs 

around the nation, with varied population foci, intervention approaches, settings of care, and 

other factors (Mann, 24 July 2013). In addition, several policy and practice groups have 

developed around patients with complex needs, including groups organized by the Center for 

Health Care Strategies, the Institute for Healthcare Improvement, and the National Center for 

Complex Health and Social Needs. 
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1.4. Conceptual Framework 

The research presented in this dissertation is guided by an overarching conceptual framework 

that is a theoretical representation of the determinants of utilization of health care services, with a 

specific focus on factors that are associated with extreme patterns of utilization (Figure 1.1). The 

core structure of the framework is adapted from the Andersen Behavioral Model (Aday & 

Andersen, 1974; R. Andersen & Newman, 1973; R. M. Andersen, 1995), which has been 

updated many times since its origination more than 45 years ago and applied in countless studies. 

Building upon the Andersen Model, I incorporate some features of the Health Behavior 

Framework (Bastani et al., 2010) and of the Model of Factors Affecting Treatment Intensity for 

Patients with Serious Illness (Kelley, Morrison, Wenger, Ettner, & Sarkisian, 2010). The new 

conceptual model is called the Health Behavior Model for Extreme Patterns of Utilization. 

The original Andersen Behavioral Model of Utilization posited three major domains of factors 

that drive access to care and utilization: individual determinants (predisposing, enabling, and 

need), societal or contextual determinants, and health services system determinants. An analysis 

of the relative importance of predictors in the individual patient domain of Andersen’s 

Behavioral Model demonstrated that predisposing and enabling factors are more important for 

determining use of discretionary services, while need factors are more important in determining 

non-discretionary service use (Mitchell & Krout, 1998).  

The Andersen model was later adapted to denote potential simultaneity of some relationships in 

the framework, and to acknowledge the role of provider and community characteristics (Phillips, 

Morrison, Andersen, & Aday, 1998). Later versions of the model also suggest that the specific 

factors that determine utilization will vary depending on the type of utilization studied and the 
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unit of analysis (R. M. Andersen, 1995). I will not describe the core components of the 

Behavioral Model of Utilization in detail because they have been extensively described in the 

half century since its introduction. 

In Andersen’s Behavioral Model, health system factors, including resources and organization, 

influence service utilization only through their impact on individual determinants. The Model for 

Treatment Intensity for Patients with Serious Illness differs in this regard by conceptualizing 

provider and system factors as having direct impacts on utilization (Kelley et al., 2010). For 

example, the Treatment Intensity model suggests that physician characteristics influence their 

practice patterns, and practice patterns in turn influence treatment intensity directly, as well as 

through the mediating factors of patient communication of preferences, local practice patterns, 

and regional supply of medical resources. I adopt these relational constructs in the Health 

Behavior Model for Extreme Patterns of Utilization. 

In the Health Behavior Model for Extreme Patterns of Utilization (Figure 1.1), I distinguish 

between perceived and evaluated need for services, placing perceived need in the patient domain. 

Patient’s perceptions of their own need for services will drive their individual care seeking 

intentions and behaviors particularly for discretionary services, along with the other factors in the 

individual patient domain. Perceived need is likely to stem from many sources, such as 

experienced symptoms, culture and norms, medical literacy, prior experience with the health care 

system, and information received from clinicians.  

I place evaluated need for services as one factor in a new domain added to the Health Behavior 

Model for Extreme Patterns of Utilization (Figure 1.1), the role of health services 

system/provider behaviors. This domain includes practice patterns, evaluated need, and provider-

assessed utility or futility of services. This modification acknowledges that – particularly at the 
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high end of the expenditure distribution – provider and system behaviors share responsibility for 

determining utilization. Providers and systems influence patient utilization both directly by 

decision making power and clinical expertise, and through the impact these provider behaviors 

have on patient factors including perceived need, health behaviors, and care seeking. The level of 

need for services, as determined by a clinician, will contribute to decisions about the specific 

treatments offered and received, and may in some cases play a larger role than individual patient 

factors (including perceived need) in determining treatment course and intensity. Systems 

behavioral factors generate directed utilization (e.g. non-discretionary service use, ordered tests 

or medications, planned hospital admissions), and also are likely to play an important role in 

determining treatment intensity such as length of stay and chosen course of therapy.  

These provider/systems behavioral factors interact with patient factors. Provider determinations 

and perceptions will inform patient and family preferences and decisions, just as patient factors 

may influence provider decision making. Provider/systems behavioral factors are also influenced 

by structural features of the system, such as incentives, provider supply and access to resources 

and technologies, and supports such as decision or utilization management and health 

information technology. Finally, provider characteristics, such as provider gender, training, 

experience, and other factors are posited to influence provider behaviors and thereby the 

interaction between providers and patients. 

I also denote the potential feed-back effect of extreme utilization on both the social and cultural 

context and on the structure of the health care system (Figure 1.1). While individual patients’ 

utilization patterns are unlikely to impact the social and structural drivers of health care 

utilization, at the macro level the skewedness of health expenditures and the presence of very-

high-cost patients in individual health systems or coverage programs can lead to changes in 
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policy. In addition, they may cause health systems to reorganize care delivery or shift resource 

and supply allocation, both directly and as a result of contextual policy or financing shifts. 

1.5. Aims 

To enable innovation toward achieving the Triple Aim, it is essential that health systems and 

policy makers develop strategies to improve care for the small number of patients who account 

for the vast majority of health care spending. A comprehensive understanding of the complex 

characteristics, needs, and behaviors of patients with high costs is essential to policy and 

program planning to better address their needs (D. Blumenthal, Chernof, Fulmer, Lumpkin, & 

Selberg, 2016).  

While previous studies of patients with complex needs provide an excellent foundation for 

understanding this complicated population, additional work is needed to generate a more 

comprehensive profile that is free from assumptions and biases. This requires study samples that 

are representative of the full scope of heterogeneity in this population. It also requires the use of 

advanced statistical techniques rather than simple descriptive analyses (Nagin & Odgers, 2010b).  

This dissertation focuses on one subtype of patients with complex needs: patients with high 

costs, defined as the top one percent of adults with respect to total healthcare expenditures. The 

studies contained within leverage data from Kaiser Permanente Southern California, a large 

integrated health care system serving 16 percent of all people in the geographic region. The 

dissertation remedies important gaps in the literature via three proposed aims: 

Aim I: Identify the natural classes of patients with high costs by assessing differing constellations 

of clinical conditions in a representative cohort. 



 

17 

Many studies have used simple descriptive tables to report the prevalence of specific population 

characteristics (e.g. age, gender, race) within a defined group of patients with complex needs. 

What is less well understood is the full scope of characteristics for a representative sample of 

patients with complex needs, and more importantly, the constellations of characteristics that fall 

together to define clusters of similar patients.  

This study will use detailed profiles of individual patients’ clinical characteristics, paired with 

financial and demographic characteristics, to address unanswered questions regarding the natural 

classes of alike patients within a heterogeneous population of high cost patients. We use 

structural equations methods to identify latent classes of alike individuals in a person-centered 

and data-driven framework. Generating a comprehensive description of the sub-types of 

individuals making up the segment of patients with high costs represents a starting point toward 

understanding their behaviors and needs.  

Aim I Hypotheses 

 Hypothesis 1: There are discernable and distinct clusters of patients with similar 

clinical characteristics, that together make up the top one percent of adults in 

terms of spending 

 Hypothesis 2: For some of the top one percent there will be little apparent clinical 

“cause” of their intensive health care utilization  

 Hypothesis 3: Only small cluster of the top one percent will have had a traumatic 

injury or other catastrophic event in the given year, while the majority will be 

characterized by advanced, multiple chronic illnesses 
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Aim II: Characterize the kinetics of spending over time among patients with high costs, and 

identify clusters of patients with similar spending trajectories over time, to understand 

persistence, natural history, and progression of spending among individuals meeting criteria as 

high cost patients at one point in time. 

There is a substantial research literature documenting low levels of persistence of extreme 

spending, and substantial regression to the mean among patients meeting high-cost criteria at one 

point in time. However, studies to date have been designed to assess changes in status or 

membership by classifying patients into one of several categories in intervals of the study period. 

For example, studies have identified an initial cohort of patients and subsequently classified them 

according to their percentile in the spending distribution in one or more future years. This aim 

extends the literature by using advanced structural equations methods paired with longitudinal 

spending data to identify latent trajectory classes (clusters of patients with similar trajectories of 

spending. 

Aim II Hypotheses 

 Hypothesis 1: There are discernable and distinct clusters of patients with alike 

trajectories of spending over time following a high-cost year  

 Hypothesis 2: Few high cost patients at one point in time will have sustained high 

spending; the majority will show spending resolved to more moderate levels 

within one to two years 

 Hypothesis 3: Distinct patterns in longitudinal spending will be found in the 

clinical sub-classes of high cost patients identified in Aim I 
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Aim III: Identify risk and protective factors for longitudinal spending trajectory, to understand 

the role of social determinants and neighborhood context on sustained high spending compared 

to rapid regression to the mean, among high-cost patients with Few Comorbidities at baseline.   

The detailed population profiles that arise out of Aims I and II of this dissertation represent 

possible avenues for better understanding of patients with high costs and their potential 

impactibility. Specifically, some distinct trajectories of expenditures among high cost patients 

may present possible opportunities for intervention.  

This study will use multivariate regression techniques to explore and quantify the predictors (risk 

and protective factors) of membership in the identified trajectories of spending from Aim II. We 

hypothesize that the Aim II analyses will yield information regarding populations with spending 

trajectories such as continually increasing, episodic, or one-time acute/decreasing over the 

duration of the study period. Using logistic regression, we explore risk and protective factors for 

membership in trajectory groups, with the goal of better understanding the causes of sustained 

high spending.  

Specifically, we focus on the role of neighborhood deprivation. Many studies have assessed the 

role of place-based measures of the context in which people live and their impact on health and 

other outcomes. Neighborhood deprivation has found to be linked to some health outcomes such 

as depression. Conceptual models posit several possible pathways through which neighborhood 

deprivation may act on health outcomes, but none has sought to understand the role of 

neighborhood deprivation in health care utilization among high cost patients. 

Aim III Hypotheses 
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 Hypothesis 1: High cost patients living in more deprived neighborhoods have 

greater odds of experiencing sustained high spending than those living in less 

deprived neighborhoods, all else equal.  

 Hypothesis 2: Greater neighborhood deprivation is associated with sustained high 

spending and operates by contributing to worsening health status.  

1.6. Methods 

This section provides a high-level summary of methods that are consistent across all three studies 

contained in the subsequent chapters. Each chapter also contains a detailed methods section 

focused on the specific research presented. All research was approved by the institutional review 

boards of both University of California Los Angeles and Kaiser Permanente Southern California. 

1.6.1. Data Source and Study Population 

This research focuses on patients with high costs, defined as the top one percent of continuously 

enrolled adults with respect to total health care spending. We used data from Kaiser Permanente 

Southern California.  Kaiser Permanente is the largest non-profit health plan in the United States 

with 10 million members across eight states (Kaiser Permanente, 2015), and Kaiser Permanente 

Southern California is one of the largest Kaiser Permanente regions, serving more than four 

million members at fourteen medical centers and 214 medical office buildings (Kaiser 

Permanente, 2015). In 2010, more than 16% of the total census population for the Southern 

California region were members of Kaiser Permanente Southern California (Koebnick et al., 

2012), and in some zip codes in the Southern California region penetration rate is as high as 
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50%. The membership of Kaiser Permanente Southern California is diverse, and is generally 

representative of the greater population of Southern California (Koebnick et al., 2012).  

We used only secondary data drawn from existing data systems. We assembled clinical, 

financial, and demographic data for a large cohort of patients with high costs from within the 

membership of Kaiser Permanente Southern California. Data sources included Kaiser 

Permanente membership records, integrated claims, electronic medical records, administrative 

data repositories, and data from managed research databases linked to vital statistics and other 

public data. Members’ utilization of services outside of Kaiser Permanente facilities is captured 

via claims data. Data covered the time period from 2010 to 2014. 

Cost data within Kaiser Permanente are comprehensive of all services received by Kaiser 

Permanente members, including services outside of Kaiser Permanente facilities.  Cost data 

captured by Kaiser Permanente and included in our measure of total spending include: (1) 

inpatient, emergency department, hospital outpatient, urgent care, ambulatory office/clinic, 

physical therapy/occupational therapy, home health, durable medical equipment, and hospice 

services from both Kaiser Permanente and non-Kaiser Permanente providers; (2) Kaiser 

Permanente pharmacy, laboratory, and radiology services; and (3) skilled nursing, ambulance, 

and dialysis services, which are contracted or provided by non-Kaiser Permanente providers. 

These categories of costs are inclusive of all services used by Kaiser Permanente members. 

Kaiser Permanente derives cost data for patients and encounters using a systematic cost 

accounting methodology (for within-system utilization) and paid claims data (for outside-system 

utilization). The cost accounting methodology is used by Kaiser Permanente to account for all 

utilization within Kaiser Permanente and outside facilities. Physician services, for care provided 

within Kaiser Permanente, are purchased by the Kaiser Foundation Hospital and Health Plan 
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from the Permanente Medical Group. Cost accounting for this portion of costs represents the 

total paid amount for physician services, which includes some profit to the medical group and is 

greater than cost. Other Kaiser Permanente services (e.g. facility fees, nursing, supplies) are 

accounted at cost. For utilization that occurs outside of Kaiser Permanente facilities, costs reflect 

the amount paid via the negotiated claims process.  

We drew the study population from among all adults aged 18 or greater on January 1, 2010 with 

membership in Kaiser Permanente Southern California at any time during 2010. These criteria 

yielded a total of 2,714,005 adult members. From among adults with any membership in 2010, 

we selected those with a full year of membership (continuous from January 1, 2010 through 

December 31, 2010). This reduced the sample size to 2,118,343 individuals. We excluded 17,988 

individuals (less than 0.05% of the total original sample) for whom membership data were 

discrepant between the two data sources, and 564,618 individuals with only partial-year 

membership during 2010. A sample selection diagram is shown in Figure 1.2. 

Membership data for patients who had a recorded date of death sometimes indicated ongoing 

coverage through the end of the month in which a patient died. For this reason, membership end 

date was overwritten with date of death, so that all patients included in the studies were alive as 

of December 31, 2010. We chose to focus on full-year members so that sensitivity would be 

equivalent within the sample for measures based on clinical or utilization data from the study 

period. 

After limiting the initial population to adults with continuous membership in 2010, we sorted the 

population according to their total health care costs for all services within and outside of Kaiser 

Permanente during the study year. We then selected the top one percent of patients based on 
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these costs, for a sample of 21,183 adults who qualified as patients with high costs per our study 

definition. 

For comparison with the selected population of patients with high costs, we also drew a simple 

random sample from among the bottom 99 percent of patients in the spending distribution. This 

sample of “all other adults” was created to provide contextual information about the relative 

utilization and characteristics of our high cost cohort. We used a ten percent simple random 

sample to obtain a population of 209,716 adults. As with patients with high costs, other adults 

were limited to those alive as of December 31, 2010 and with continuous enrollment throughout 

2010. 

Specific additional population criteria and data sources for each aim will be described in the 

subsequent chapters. 

1.6.2. General Limitations 

Population Definition. We have defined a simple and clear population for these studies: the top 

one percent of adults with respect to total health care spending. This is one specific facet of the 

multidimensional concept of patients with complex needs. The population definition is simple 

and easily replicated, and can be used in any other setting to select a similar segment of the total 

adult population.  

The Kaiser Permanente Setting. A common limitation of research using data from integrated 

health care systems is that the study sample may not be representative of the general population, 

and that therefore results are not generalizable. Biases related to self-selection, the healthy 

worker effect, and others, could systematically differentiate health plan members from the rest of 
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the population (Koebnick et al., 2012). A comparative study completed in 2012 used census data 

from both 2000 and 2010 to assess the representativeness of the Kaiser Permanente Southern 

California membership (Koebnick et al., 2012). This analysis suggested that the Kaiser 

Permanente Southern California membership was similar to the census population in both years, 

and the authors concluded that studies in the Kaiser population could be generalizable to the 

Southern California general population. While there were certain limitations to this study (it 

relied on geocoded rather than self-reported income and education data, there are missing values 

for some demographic data in the Kaiser data systems, and it was not possible to fully tease out 

the potential presence of a healthy worker effect), the data support generalizability of the Kaiser 

membership to the overall population (Koebnick et al., 2012).  

Another potential limitation of research focused on Kaiser Permanente is the integrated nature of 

the delivery system. Care delivery within Kaiser Permanente is different from many other 

settings because Kaiser is accountable for all utilization by its members, and has a large, 

integrated system supported by an electronic medical record available across all settings. 

Medical services are provided by the Permanente Medical Group, which is contracted with the 

non-profit Kaiser Foundation Hospital and Health Plan, and clinicians in Kaiser Permanente 

facilities work exclusively with Kaiser Permanente. Incentives for billing completeness may be 

weaker in Kaiser Permanente than in other health care systems, because salaried providers do not 

directly experience the same financial incentives for coding. 

Cost data arising from Kaiser Permanente also present a potential limitation in that they may not 

be directly generalizable to other payers and providers. The cost figures that arise from Kaiser 

Permanente cost accounting may not be comparable to costs derived in other settings of care. 

However, Kaiser Permanente’s cost accounting methodology is internally consistent across 
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patients and over time. Thus, it is valid to use Kaiser Permanente cost data as we have in our 

aims, such as to select the top one percent of patients, to compare relative spending among 

Kaiser Permanente patients, and to follow longitudinal patterns in spending within Kaiser 

Permanente.  

At the time of our study, Kaiser Permanente Southern California had few Medicaid enrollees. 

Medicaid enrollment has since increased. As a consequence of the timing of our study, we have 

limited ability to draw conclusions about high-cost Medicaid beneficiaries. 

The results of our analyses should ideally be replicated in another sample outside of Kaiser 

Permanente to confirm that our findings represent a generalizable reality and would be robust in 

other populations of similar patients. 

1.7. Contribution to the Field of Health Policy and Management 

There is relatively little known about patients with complex needs. Descriptive analyses of 

certain sub-sets of complex patients have been published in the literature, but these studies have 

several limitations. They have defined patients with complex needs in a variety of ways (some of 

which are idiosyncratic or lack clarity), have presented only limited data on user characteristics, 

have generally presented simple univariate statistics for selected chronic conditions or other 

clinical features, and have often focused on a specific sub-population defined by features such as 

age or health insurance coverage source.  

Thus, the characteristics of the complex, high needs, high cost users of health care services are 

largely undescribed. While there is an extensive literature on the distribution of health care 

spending in the United States, and on the persistence of high spending among patients with 
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complex needs, these studies have provided little insight into the segments or subgroups of 

patients with similar behavior and characteristics.  

One of the most comprehensive studies in this arena was only recently published (Johnson, 

Rinehart, et al., 2015). This study focused on users of a safety net system who they called “super 

utilizers,” defined as patients who had three or more inpatient or emergency department visits in 

the prior year (or two or more visits and a diagnosis with a serious mental illness). In it, the 

authors presented detailed data about the dispersal of an original cohort of super utilizers, as 

individuals lost their super utilizer status, lost but later regained the status, or maintained it over 

the full two years of follow up. This presented one of the more detailed analyses of persistence in 

this group over time. This authors also stated that they “identified groups of patients amenable to 

interventions.” However, their analysis simply applied a hierarchical method to assign patients to 

one of six groups based on diagnoses in their claims history, including recipients of emergency 

inpatient dialysis, terminal cancer, trauma, orthopedic surgery, serious mental health conditions, 

and multiple chronic conditions. They highlight some potential intervention strategies that might 

pair with these condition categories (e.g. highway safety initiatives) (Johnson, Rinehart, et al., 

2015).  

Nagin criticizes an approach like the one used by Johnson to assign patients to clusters, which 

relied on a priori assignment rules, because he notes that the existence of distinct groups is an 

assumption in this type of analysis, and that it is not possible to test for the “reality” of these 

distinctions. In addition, “ex ante specified rules provide no basis for calibrating the precision of 

individual classifications” so that it is not possible to capture or measure the uncertainty about 

the groups themselves or the membership of individuals in those groups (Nagin & Odgers, 

2010b).  
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There has been little systematic investigation of representative populations of high cost or 

complex patients across different insurance programs, ages, conditions, and other features. 

Moreover, there have been very limited analyses that include comprehensive data from across 

the care continuum and that contain a representative sample of patients with complex needs 

across important characteristics. In fact, Johnson et al. stated that their study was the first to use 

longitudinal data and to include care from throughout an integrated system. However, they 

lacked data for most utilization outside of the safety net system (Johnson, Rinehart, et al., 2015).  

Despite the limited information available as to the characteristics and utilization patterns of 

patients with complex needs, there is a growing national consensus that it is essential to address 

their utilization as one aspect of current efforts to slow the rate of growth of total health care 

costs in the US (D. Blumenthal et al., 2016; Kanzaria & Hoffman, 2016).  

This dissertation contributes to the literature by making substantial advances in several areas. 

First, we include all patients with high costs in a large integrated health system. Second, we draw 

the high-cost cohort from a very large health plan, Kaiser Permanente, with high geographic 

penetration rates and a membership that is generalizable to the overall population. Moreover, we 

include data from the full continuum of care and representing all utilization for identified 

patients, including services delivered by providers outside of Kaiser Permanente’s integrated 

delivery system. Finally, we employ advanced statistical methods in a data-driven and person-

centered framework, avoiding some of the common pitfalls that occur when less advanced 

methods are brought to bear. 
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1.9. Tables and Figures 

Figure 1.1. Health Behavior Model for Extreme Patterns of Utilization: Conceptual 

Framework for Determinants of Utilization by Patients with High Costs. 
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Note: Adapted from the Andersen Behavioral Model (Aday & Andersen, 1974), the Health 

Behavior Framework (Bastani et al., 2010), and the Model of Factors Affecting Treatment 

Intensity for Patients with Serious Illness (Kelley et al., 2010). 
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Figure 1.2. Sample Selection Diagram for Patients with High Costs within Kaiser 

Permanente Southern California 
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CHAPTER 2. SEGMENTATION OF PATIENTS WITH HIGH COSTS: SEVEN 

DISTINCT SUB-TYPES BASED ON CLINICAL CONDITIONS 

2.1. Abstract 

Background 

Health spending is concentrated among relatively few patients who have intensive utilization and 

consume a disproportionate share of health care dollars. Efforts to slow the rate of health care 

cost growth must target individuals with high costs. Better understanding the characteristics of 

high-cost patients is one step toward understanding opportunities for improvement. 

Methods 

We focused on patients with high costs in a large integrated delivery system in 2010, defined as 

the top one percent with respect to total healthcare spending across the continuum of care. We 

used latent class analysis to identify clusters of alike patients based on categories of diagnosis 

codes. We describe the resulting classes according to demographic data and prospective survival 

and utilization.  

Results 

A seven-class solution best described the distinct clusters of patients with high costs. Charlson 

comorbidity scores ranged from 2.2 to 6.8 and four-year survival from 43% to 88%. Most costly 

on average was a class of patients (11% of the sample) with acute illness superimposed on 

chronic conditions ($110,000 per year). Other distinctive groups included patients with 

conditions such as cancer or transplant requiring highly specialized care (14%) and those with 
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neurologic or catastrophic conditions (5%), both with similarly high per patient spending 

($92,000 and $98,000 respectively).  The largest class of patients with high costs (33%) had 

relatively few comorbidities (Charlson score = 2.2) and lower average costs ($65,000). Other 

classes included patients with cardiopulmonary conditions (17%), end-stage renal disease (12%), 

and diabetes with multiple comorbidities (8%).  

Conclusions 

High-cost patients can be grouped into clinically intuitive classes that vary by size, comorbidity 

burden, survival, and historical spending. For some classes spending may be largely appropriate 

and is unlikely to be modifiable; for others there may be opportunities for improvement that 

should be tailored to patient needs. 

2.2. Introduction 

High and increasing costs are a recognized problem in the United States’ health care system 

(Squires, 2012). Total national health care expenditures consume an increasing share of 

governmental budgets (Orszag & Ellis, 2007), and strain employer and individual finances. 

Health care spending is highly skewed (Marc L. Berk & Monheit, 1992, 2001) with 20% of 

patients accounting for 80% of costs. Because of the concentrated nature of health spending, 

efforts to reduce total national health care dollars must include a concerted focus on the small 

proportion of patients with the highest costs (Marc L. Berk & Monheit, 1992; Thomas 

Bodenheimer & Berry-Millett, 2009).  

A recent article by leaders of five foundations called for more research to better characterize this 

population so care for them can be more effectively designed (D. Blumenthal et al., 2016). 
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Despite broad and growing interest from many vantage points and recognition that improvement 

for these patients with very intensive utilization is critical to overall system performance (D. 

Blumenthal et al., 2016), studies describing patients with high costs have had limitations. Most 

have been restricted to only Medicare (Clough et al., 2016; Lee et al., 2016) or Medicaid 

(Billings & Raven, 2013; Coughlin & Long, 2009) beneficiaries, or patients who received care at 

a given hospital (Johnson, Rinehart, et al., 2015).  

This study goes beyond the existing literature by establishing a highly granular and data driven 

characterization of a representative sample of patients with high costs. Specifically, we segment 

high-cost patients using detailed clinical data and analytic methods designed to identify latent 

subtypes of individuals within a heterogeneous population. This paper leverages a large, diverse 

patient population from an integrated health care system that captures data on utilization across 

the continuum of care. We use advanced statistical techniques that have significant advantages 

over prior approaches (Muthen & Muthen, 2000) and have recently been adopted by other 

researchers with similar aims (Clough et al., 2016).  

2.3. Methods 

This is a retrospective observational cohort study. We used Latent Class Analysis (LCA) to 

uncover the clustering of patients with high costs, defined for this study as the top one percent in 

terms of total healthcare spending during 2010. We used 2010 data so we could follow the 

population prospectively for survival over four subsequent years. LCA is a “person-centered 

analytic approach” that identifies subgroups with similar response patterns and as such allows for 

more unbiased classification of population sub-groups (Muthen & Muthen, 2000). The study was 



 

33 

approved by appropriate Institutional Review Boards; no patient consent was required for this 

data-only study. 

2.3.1. Data Source and Setting 

We used data from Kaiser Permanente Southern California, an integrated delivery system with a 

comprehensive electronic medical record that provides care to over 4 million members in 14 

hospitals and over 200 medical offices (Permanente, 2015). Kaiser Permanente Southern 

California has a penetration rate of nearly 19 percent of the total population in the geographic 

areas served. The membership is diverse, and is generally representative of the population of 

Southern California (Koebnick et al., 2012).  

Data sources included Kaiser Permanente membership records, integrated claims, electronic 

medical records, administrative data repositories, and data from managed research databases 

linked to vital statistics and other public data. Patients’ utilization of services outside of Kaiser 

Permanente facilities is captured via claims data. All costs are derived using Kaiser Permanente’s 

cost accounting methodology (for within-system utilization) or claims data (for outside-system 

utilization). All data are from calendar year 2010 with exception of vital status records through 

2014. 

2.3.2. Study Population 

The study population was drawn from among all 2,714,005 adult members of Kaiser Permanente 

Southern California in 2010. We focused on the 2,118,343 adults with continuous membership, 

and then selected the top one percent with respect to total health care spending during 2010, to 
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arrive at the study population of 21,183 adults. To provide context, we also drew a 10% simple 

random sample of 209,716 “other adults” from among the bottom 99% of spenders. 

2.3.3. Variable Creation 

Latent Class Indicators. We used the publicly available Hierarchical Condition Categories 

(HCCs) from the Centers for Medicare and Medicaid Services (CMS) to define the indicators 

used in the LCA model (Centers for Medicare and Medicaid Services, 2015). The CMS-HCC 

methodology generates 79 condition category (CC) indicators for each patient based on 

International Classification of Diseases (ICD-9) diagnosis codes, and weights them in a 

regression model to calculate current and prospective risk scores. We did not use the risk scores 

in this analysis. We based the indicators on all ICD-9 codes recorded in the electronic medical 

record during 2010. 

Fewer than 1% of patients with high costs in our study had conditions within 14 of the 79 CMS-

HCCs. We aggregated these low-prevalence CCs with other related CCs to obtain more stable 

results; using very rare indicators in the LCA model caused convergence problems. We also 

combined together two CCs related to lower limb amputations, and two CCs related to vascular 

disease (the supplemental appendix contains a detailed description). The final 53 CCs were the 

only indicators used in the LCA model to define classes of patients. 

Descriptive Variables. Demographic characteristics of patients as of January 1, 2010 included 

age, gender, race/ethnicity, marital status, and area of residence. Because individual level data 

were sparsely populated, we also included geocoded income and education at the level of the 

census block group. We also gathered smoking status and body mass index from the electronic 

medical record. To complement the CMS-HCCs, we computed the Charlson index of chronic 
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illness (Quan et al., 2005) and we identified patients who were pregnant or gave birth during 

2010. Vital statistics from the California State and the Social Security Administration Death 

Master Files were used to identify deaths through the end of 2014. We captured utilization and 

cost data for 2010, for all services received by patients including those provided by non-Kaiser 

Permanente facilities/providers.  

2.3.4. Statistical Analyses 

We described patients with high costs and compared them to all other adults with frequency 

tables (categorical variables) and bivariate analyses (continuous variables). We used LCA to 

identify distinct clusters of patients with high costs. LCA is an application of finite mixture 

modelling, and relies on observed data at the individual level to identify an underlying structure 

of classes that are collectively exhaustive and mutually exclusive (Berlin, Williams, & Parra, 

2014; Huh et al., 2011; Lanza, Collins, Lemmon, & Schafer, 2007; Muthen & Muthen, 2000; 

Schmiege, Meek, Bryan, & Petersen, 2012). The model estimates posterior probabilities of class 

membership for each individual, and individuals are assigned to the class for which their 

probability of membership is greatest (Muthen & Muthen, 2000; Schmiege et al., 2012). The 

measurement theory framework of LCA offers substantial advantages over other clustering 

techniques (Hastings et al., 2014; Lanza et al., 2007). 

We post-linked class membership with all available data and generated descriptive statistics for 

each class. We used the Kaplan Meier method to estimate survival probabilities in each latent 

class over time, with death data captured from vital records. There is no right censoring in the 

survival analysis because death dates are known for all patients including those lost to follow-up 

after exiting Kaiser Permanente coverage. 
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We did not report p-values in tables because our sample sizes were large enough that nearly all 

differences were statistically significant. Analysis was conducted with the MPLUS and SAS 

statistical software packages.   

2.3.5. Limitations 

Our work has some limitations. Because individual level education and income data were not 

available, we used census data which have clear limitations for inference (but which we used 

only for descriptive purposes). Census tract data are much more granular than frequently used 

ZIP code-level data.  

Cost data as captured by Kaiser Permanente may not be readily generalizable to other providers, 

but are based on a consistent methodology within Kaiser Permanente and can thus be used to 

understand relative differences in spending between clusters of patients.  

We clustered patients on the basis of categories of diagnosis codes, although there are many 

other possible ways to conceptualize distinctive classes of patients with high costs. We created 

CMS-HCCs using all coded ICD-9 diagnoses during 2010, which we believe is adequate for 

patients with intensive utilization, and balanced the competing priority of retaining a large 

portion of the original sample since we required continuous membership. Some of the ICD-9 

codes recorded by providers may denote preexisting conditions; without chart review it is 

impossible to tell which codes represent conditions actively treated or newly diagnosed during 

2010.   

We used CMS-HCCs rather than the more detailed DxCG-HCC methodology licensed by Verisk 

Health, because CMS-HCCs are publicly available (Wagner et al., 2016). The CMS-HCC 
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methodology does not capture and use every ICD-9 diagnosis code in the diagnostic manual, so 

some clinically relevant features of younger adult populations may not be fully captured in our 

analysis. We created indicators to capture pregnancy and birth to overcome this specific 

shortcoming of the CMS-HCC system. 

2.4. Results 

Among patients with high costs in 2010, total annual per patient health care costs ranged from 

$40,000 to $3.6 million, and the median was $57,500 (Table 2.1). Patients with high costs in our 

study accounted for 22% of total health care spending for all patients continuously enrolled 

during 2010 (not shown). Patients with less than $40,000 in total costs during 2010 were among 

the bottom 99% of spenders, and 75% of these patients spent less than $3,180 for the year (Table 

2.1).  

The average age of patients with high costs was 62 years old compared to 48 years among all 

other adults (Table 2.1). Patients with high costs were more likely than other adults to be non-

Hispanic White, male, and Medicare beneficiaries. Only 69% were alive at the end of 2014 

versus 98% of all other adults. The level of comorbidity among patients with high costs was 

substantial when compared to all other adults; the top three Condition Categories were diabetes 

with complications (34%), vascular disease (32%), and congestive heart failure (30%). Their 

high level of spending is reflected in their inpatient hospitalization and emergency care (87% and 

58% respectively had at least one encounter). 

A seven-class LCA model provided the best-fit solution to describe the population, based on fit 

statistics and interpretability/parsimony (Huh et al., 2011; Muthen & Muthen, 2000). The 
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average of the posterior probabilities of class membership ranged from 0.79 to 0.89 (Table 2.2), 

meeting the rule of thumb for good model performance (Nagin, 2005).  

We characterized the seven latent classes according to their distinctive features, summarized in 

Table 2.2. We defined distinctive class features as those with in-class prevalence greater than 

five percentage points higher than the average prevalence among all high-cost patients in our 

study. We used the clinical profiles on which the LCA model was built (Figure 2.1 shows the top 

clinical conditions in each class), as well as socio-demographic characteristics and survival 

(Table 2.3) and spending and utilization data (Figure 2.2).  The full condition detail for each 

class is shown in Appendix Table a2.1 Appendix Figure a2.1.  

The constellations of conditions in the latent classes showed clinically intuitive clustering of 

comorbidities. We characterized one class as having “Acute Exacerbation of Chronic Illness” 

conditions (11% of the sample), whereas another class was dominated by patients with 

transplants and cancer, which we termed “Highly Specialized Treatments” (14%), and one class 

contained patients with “Neurologic and Catastrophic” conditions (5%). Three other classes 

contained distinct clusters of patients with a high prevalence of specific chronic conditions 

(“End-Stage Kidney Disease,” “Cardio-Vascular and Pulmonary” diseases, and “Diabetes with 

Multiple Comorbid Conditions (MCCs)” – 12%, 17%, and 8% respectively). The final and 

largest class (33%) contained patients who we characterized as having “Few Comorbidities” 

because their comorbidity profile was closest to that of all other adults. This final group with 

“Few Comorbidities” had the best survival prognosis and lowest average per patient costs within 

the super-utilizer population, consistent with their few comorbidities. Survival probabilities 

varied by class, with survival ranging from 43% to 88% after four years (Figure 2.2 and Table 

2.3). 
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Per-patient and total aggregate annual spending varied across the classes (Figure 2.3). The range 

of per-patient spending extended above $1.5 million in five of the classes, and above $3.5 

million in one (“Acute Exacerbation of Chronic Illness,” data not shown). Mean per patient 

spending was highest in the “Acute Exacerbation of Chronic Illness” and “Neurologic and 

Catastrophic” groups, $110,000 and $98,000 per year respectively. Patients in the “Few 

Comorbidities,” “End-Stage Renal Disease” and “Cardio-Vascular and Pulmonary” classes had 

similar, lower mean spending ($65,000-$67,000 per year). While the “Few Comorbidities” class 

had the lowest per-person spending, total aggregate spending was greatest in this class due to its’ 

large size.  

The locus of spending varied widely among the classes, but for all classes hospital services were 

a significant driver of total spending (Figure 2.3). The proportional distribution of spending 

across types of care in the “Few Comorbidities” group was closest to that seen among all other 

adults, although the total volume of spending was by definition very different. The “End-Stage 

Kidney Disease” class had the greatest proportion of dialysis spending, but the “Diabetes with 

MCCs” class also required a substantial amount of dialysis services. 

Sensitivity Analysis. In addition to testing models with varying numbers of classes, we tested 

models with gender and race as covariates. We found no meaningful differences in model 

performance or interpretability, and thus retained the seven-class solution as our final LCA 

approach.  

2.5. Discussion 

In this analysis of patients with high costs from a large integrated health care system, we 

identified several distinct classes of chronically ill patients with differing utilization and clinical 
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and demographic profiles, using an LCA fit based on categories of diagnosis codes. A detailed 

description of patients with complex needs that avoids “stereotypes and oversimplification” is 

essential to understanding their needs and deploying appropriate care models (D. Blumenthal et 

al., 2016).  

Our analysis identified several classes of patients with high costs that align with existing 

literature including catastrophic injury or illness, and renal disease (Johnson, Rinehart, et al., 

2015). Our analysis however provided new insight into this group by distinguishing between 

various sub-types of chronically ill patients with widely divergent survival prognosis (four-year 

survival ranged from 46% to 68% in our three chronic illness classes). We also identified several 

classes of patients not clearly elucidated in prior studies using ex ante categorization, including a 

class with acute interventions superimposed on significant chronic disease burden, as well as a 

low-comorbidity class, which together add considerable nuance to the understanding of patients 

with high costs. We defined latent classes in this study based only on diagnostic history, but 

patterns in survival time, age, and locus of utilization and spending all reinforced the 

cohesiveness of the groups.  

We characterized the largest class of patients with high costs as having “Few Comorbidities” 

because they had relatively low levels of chronic disease – more than half had zero or one 

Charlson condition diagnosed during their super-utilizing year (data not shown), and all CMS-

HCC indicators were less prevalent in this group than in the high-cost population on average. 

This minimal disease group merits further study because their utilization appears to be 

disproportionate to the clinical burden of disease, their survival is excellent (Figure 2.2), they 

have a high prevalence of smoking and overweight/obesity, and taken together, their aggregate 

spending is far greater than the other clusters of patients with high costs (Figure 2.3). Although 
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we lack data on social needs of the study population, we hypothesize that social factors may be 

underlying drivers of utilization among these high-cost patients with “Few Comorbidities.” 

Recent work among similar patients has revealed substantial rates of food and income insecurity, 

safety concerns, and housing instability (Shah, Rogers, & Kanter, 2016), and other research has 

shown that non-medical factors are a dominant contributor to health (McGinnis, Williams-Russo, 

& Knickman, 2002). Social needs can exacerbate many health conditions (D. Blumenthal et al., 

2016).  

Many prior studies describing patients with high costs have focused on specific populations and 

have taken a simple descriptive approach. In a recent study of frequent acute care users in a 

safety net system in Colorado (Johnson, Rinehart, et al., 2015), super-utilizers were assigned to 

six predefined sub-groups. Roughly 82% of the sample was assigned to one of the final two 

groups: “individuals with serious mental illness”, and “patients with multiple chronic 

diseases/other.” In contrast, the LCA methodology used in our analysis does not rely on a priori 

assumptions (Muthen & Muthen, 2000) and yielded novel clusters of patients, including several 

distinctive clusters of patients with multiple chronic conditions.  

Segmentation of a population into cohesive sub-groups is increasingly deployed in varied 

industries (Ersi, 2016) and is recognized as a key strategy to improve health care (Vuik, Mayer, 

& Darzi, 2016). LCA is an optimal approach for identifying latent classes of people in a 

heterogeneous sample. Unlike other clustering methods, LCA is based on measurement theory 

and provides nuanced information to quantify measurement error (Muthen & Muthen, 2000). 

This is an important difference from assignment methodologies based on pre-defined groups of 

patients (Nagin & Odgers, 2010b). It is also an advantage over other clustering methodologies 

such as that used by Lee et al. in a recent analysis of high cost Medicare beneficiaries with 
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multiple acute care encounters (Kanzaria & Hoffman, 2016; Lanza et al., 2007; Lee et al., 2016; 

Schmiege et al., 2012).  

Other authors have used LCA to describe a variety of populations (Hastings et al., 2014; 

Miaskowski et al., 2015; Peacock et al., 2015) but this study is one of the first to use this 

advanced statistical methodology to discover underlying classes of patients with high costs. A 

recent study that identified patterns of multi-morbidity among high-cost Medicare beneficiaries 

used LCA with self-reported comorbidity data for 13 conditions (Whitson et al., 2016). Our 

analysis demonstrates the feasibility of LCA based on a large number of indicators (we used 53 

indicators in our model) which has not to our knowledge previously been shown. 

Additional research is merited to replicate this analysis outside of Kaiser Permanente, although 

the membership of Kaiser Permanente Southern California is representative of the greater 

geographic area with regard to demographic characteristics (Koebnick et al., 2012). Because 

population-level characteristics of patients with high costs are relatively stable (Coughlin & 

Long, 2009; Johnson, Rinehart, et al., 2015) this study should be generalizable to similarly 

defined groups of individuals at other points in time. Future work should follow classes of 

patients with high costs over time to understand the trajectory of their illness and utilization, and 

should better characterize social needs.  

Research focused on patients with extremely intensive utilization of health care services is a high 

priority in a time of increasing concern over the ongoing growth in health care spending (D. 

Blumenthal et al., 2016). According to one economist, “If we solve our health care spending, 

practically all of our fiscal problems go away” (Kolata, 2012). The top one percent of patients of 

Kaiser Permanente accounted for roughly 22% of total health care spending – improving care for 

patients with high costs is one essential domain of effort needed to curb the rate of cost growth.  
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It is increasingly recognized that we urgently need evidence of effective approaches to improve 

care for patients with complex needs based on carefully controlled studies (D. Blumenthal et al., 

2016). A rich understanding of the subgroups of patients with high costs, and their characteristics 

and patterns of utilization can inform planning and strategy to improve care in this segment of 

the population (D. Blumenthal et al., 2016). While for many patients very high spending is 

driven by high quality and appropriate care, we believe that for many, opportunities exist to 

optimize care, lowering costs while maintaining or improving quality. This may include better 

coordinating and organizing care, aligning care with patient and family wishes and values, 

shifting the locus of care delivery, and matching highly resource intensive interventions to 

patient needs. Some clinical improvements further upstream are also suggested by our analysis, 

such as maximizing optimal starts for dialysis, preventing and treating obesity, and improving 

chronic disease self-management. Better screening and treatment for behavioral health 

conditions is also warranted given their high prevalence among patients with high costs.  

2.6. Appendix 

Detailed Description of Latent Class Analysis. Latent class analysis (LCA) is a person-centered 

analytic technique that uses observable data on individuals to identify underlying latent classes 

whose members are alike in an unmeasured way (Muthen & Muthen, 2000). LCA is an 

application of finite mixture modelling. It is based on measurement theory, and quantifies error 

by generating posterior probabilities of class membership and item response within classes 

(Muthen & Muthen, 2000; Schmiege et al., 2012).  

The goal of LCA is to arrive at the “most parsimonious and interpretable set of classes” (Huh et 

al., 2011), a determination based in part on subjective investigator decisions (Nagin & Odgers, 
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2010b). To arrive at the final latent class solution, models are fit with increasing numbers of 

classes. These models are compared using model-fit indexes, to identify the number of classes 

(y) at which the model no longer performs better than a model with (y-1) classes (Muthen & 

Muthen, 2000). In addition, content and distinctiveness of each class is considered when 

selecting the best fitting model (Huh et al., 2011).  

Once the best-fitting model is selected, individuals are assigned to specific classes based on the 

greatest of their posterior probabilities for class assignment. Model performance is validated 

using average posterior probabilities for each class among individuals assigned to that class, with 

a rule of thumb suggesting that the average of posterior probabilities within a class should be 0.7 

or greater (Nagin, 2005). 

Additional Description of Multivariate Analysis. Our study is focused on super-utilizers, defined 

as the top one percent of continuously enrolled adults with respect to their total health care 

spending. We focused on continuously enrolled adults to minimize differential ascertainment of 

clinical or utilization data within the sample. We fit an LCA model based on the total clinical 

profile of continuously enrolled adults in an integrated delivery system capturing data on all 

utilization from the full continuum of care.  

We described individuals’ clinical profiles using the Centers for Medicare and Medicaid (CMS) 

Hierarchical Condition Category (HCC) system. This publicly available method groups 

individual diagnosis codes together into related categories within organ systems.  Although the 

CMS-HCC method does not perform as well for risk adjustment purposes as the DxCG method 

from Verisk Health (Wagner et al., 2016), the CMS-HCC method was appropriate for our 

purposes because we required only the condition indicators and not the risk scores (Wagner et 

al., 2016).  



 

45 

The CMS-HCC methodology does not capture and use every ICD-9 diagnosis code in the 

diagnostic manual, with incomplete recognition of some clinical conditions that were determined 

by CMS to be less relevant in Medicare, such as pregnancy-related and neonatal conditions. 

Roughly half of our super-utilizers were seniors. We created indicator variables to capture 

pregnancy and birth to overcome this specific shortcoming of the CMS-HCC system, but some 

clinically relevant distinctions in care among younger adult populations may not be fully 

captured in our analysis. 

We drew a large array of other data about our population of interest, to post-link to our LCA 

results to aid in complete interpretation of the model solution. Fields capturing utilization and 

costs contain information on all services received by patients, including those provided by non-

Kaiser Permanente facilities/providers. This included inpatient hospital, emergency department, 

outpatient hospital, urgent care, ambulatory clinic/office, home health, hospice, and skilled 

nursing facility services. We counted ambulatory clinic use separately for primary care clinic 

services, sub-specialty clinic services, and physical therapy or occupational therapy services. We 

also captured data on spending for ambulance, dialysis, and laboratory services, and prescription 

drugs. 

Initial Model. We initially fit LCA models with 55 CMS-HCC indicators and three through nine 

classes. Model fit indices were ambiguous as to the superiority of an eight or nine class model. 

We completed the analysis and tabulation of both model solutions and determined that the eight 

and nine class models were equally interpretable, and we therefore selected the eight class model 

for its parsimony. We post-linked the class assignment data with the original CMS-HCC 

indicators used to fit the classes, as well as a range of other data on the population including 
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characteristics, utilization, and spending data from 2010. We used this full description to identify 

the distinctive features of the classes, and develop an interpretation of each class.  

We found two very similar classes in our initial eight class solution. Both classes had similar 

levels of multi-morbidity; the classes appeared to be distinguished based on the type of vascular 

disease (general “vascular disease” versus “atherosclerosis” HCCs) and type of lower limb 

amputation (general “amputation” versus “traumatic amputation” HCCs). There were an 

improbably large number of individuals with coded “traumatic amputations,” and we 

hypothesized that the distinctions between the amputation HCCs was potentially reflective of 

coding error. The distinction between the vascular disease HCCs had limited clinical meaning for 

this purpose.  

Final Model. Based on our findings related to the multi-morbid classes in the eight class 

solution, we conducted a sensitivity analysis to test the miscoding hypothesis. We collapsed the 

two pairs of related HCCs into combined indicators, resulting in one HCC for all amputation 

types, and one HCC for vascular disease and atherosclerosis. We fit a new LCA model using the 

resulting 53 CMS-HCC indicators, which yielded in a seven class solution.  

The seven class model was nearly identical to the eight class model, with virtually all individuals 

remaining grouped together in the same clusters of alike patients, and with the two related 

classes from the initial model being largely collapsed into one “Multi-Morbid” class. The result 

confirmed that the two multi-morbid classes in the initial model were distinguished based on the 

related amputation and vascular disease HCCs only. In LCA, more parsimonious and 

interpretable models are preferred. Therefore, we selected the seven class solution as the final 

model.  Appendix exhibits contain detailed descriptive tables for the final seven-class model. 
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Appendix Table a2.1 contains all of the CMS-HCC indicators, showing prevalence within each 

class and overall, and Appendix Figure a2.1 is a graphical representation of the same data.  

Additional Sensitivity Analyses. In sensitivity analyses we tested models with gender and 

white/non-white race as covariates, and found no evidence of superior fit based on Bayesian 

information criterion. We also obtained longitudinal CMS-HCC indicators for the cohort, for 

years 2011 through 2014, and tested whether the profiles of the classes changed with other years 

of HCC data. The Bayesian information criterion for the restricted and unrestricted models were 

less than 0.1% different from each other, indicating that there was no difference and the 

assumption of measurement invariance holds.  
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2.8. Tables and Figures 

Table 2.1. Characteristics of Patients with High Costs and All Other Adults  

 Patients with High Costs 

N=21,183 

All Other Adults (10% 

Sample) 

N=209,716 

Total Healthcare Utilization Costs   

Mean  $77,600 $3,000 

Median $57,500 $1,200 

Q1, Q3 $47,200, $79,700 $360, $3,180 

Range ($40,041-$3,631,700) ($0-$40,040) 

Age     

Mean (SD) 61.9 (16.23) 48.5 (16.94) 

Median 63 48 

Q1, Q3 52.0, 74.0 35.0, 60.0 

Range (19.0-101.0) (18.0-110.0) 

Gender    

Female 48% 53% 

Race/Ethnicity   

White 51% 39% 

Black 16% 10% 

Hispanic 25% 33% 

Asian/Pacific Islander 7% 10% 

Others 1% 2% 

Insurance Type   

Commercial 43% 78% 

Medicaid 2% 1% 

Medicare 51% 16% 

Self-pay 3% 5% 

Dual Medicare/Medicaid 1% 0% 

Education (Geocoded)    

Education High school or less 42% 42% 

Education Some college or less 31% 30% 

Education College+ 26% 27% 

Income (Geocoded)   

Income <$15,000 11% 10% 

Income $15,000 - $34,999 19% 18% 

Income $35,000 - $49,999 14% 14% 

Income $50,000 - $74,999 19% 19% 

Income $75,000 - $99,999 13% 14% 

Income $100,000 - $149,999 15% 15% 

Income >=$150,000 9% 10% 

Condition Categories (CMS-HCCs)    

Diabetes with Chronic Complications 34% 7% 

Vascular Disease 32% 3% 

Congestive Heart Failure 30% 2% 

Protein-Calorie Malnutrition 27% 1% 

Specified Heart Arrhythmias 24% 2% 

Major Depressive, Bipolar, and Paranoid Disorders 21% 6% 

Other Significant Endocrine and Metabolic Disorders 19% 1% 

Dialysis Status 19% 0% 

Acute Renal Failure 16% 0% 

Septicemia, Sepsis, Systemic Inflammatory Response   

Syndrome/Shock 
16% 0% 

Chronic Obstructive Pulmonary Disease 16% 2% 

Cardio-Respiratory Failure and Shock 13% 0% 

Coagulation Defects and Other Specified Hematological   

Disorders 
12% 1% 
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 Patients with High Costs 

N=21,183 

All Other Adults (10% 

Sample) 

N=209,716 

Intestinal Obstruction/Perforation 10% 0% 

Complications of Specified Implanted Device or Graft 10% 0% 

Survival   

Alive as of December 31, 2011 88% 100% 

Alive as of December 31, 2014 69% 98% 

Utilization of Hospital Services 
  

Any Emergency Department Visit 58% 13% 

    Mean Number of Emergency Department Visits 1.6 0.2 

Any Inpatient Admission 87% 6% 

    Mean Number of Inpatient Admissions 2.3 0.1 

    Mean Number of Inpatient Days 13.8 0.2 

Any Hospital Outpatient Visit 52% 7% 

    Mean Number of Hospital Outpatient Visits 1.9 0.1 

Utilization of  Kaiser Permanente Ambulatory Clinics 
  

Any Primary Care Clinic Visit  92% 74% 

Any Sub-Specialty Care Clinic Visit 94% 46% 

     Mean Number of Distinct Sub-Specialty Clinics Accessed 2.6 0.6 

Any Urgent Care Clinic Visit  31% 18% 

Any Physical or Occupational Therapy Clinic Visit  21% 7% 

Spending for Ancillary Services and Other Settings of Care 
  

Any Dialysis  18% 0% 

Any Ambulance  57% 3% 

Any Skilled Nursing Facility  18% 0% 

Any Hospice  1% 0% 

Any Home Health  19% 1% 

Any Outpatient Radiology  87% 43% 

Any Outpatient Laboratory  97% 69% 

Any Outpatient Prescription  98% 73% 

 

Notes: The population is limited to adults who had continuous membership throughout 2010. Patients with high 

costs are the top one percent of the adult population in terms of actual spending during 2010. All other adults are a 

10% simple random sample of the bottom 99% of the population in terms of actual spending during 2010. CMS-

HCCs are calculated based on a 12-month ICD-9 code diagnostic history for 2010. Only HCCs with 10% prevalence 

or greater among patients with high costs are shown. Survival data are based on vital statistics linked to Kaiser 

Permanente data systems.  Hospital Outpatient Visits include observational stays, hospital outpatient procedures, 

and some dialysis services. Education and income are based on geocoded data at the census tract level. Some 

available characteristics such as tobacco use and marital status are not reported in this table because missingness 

among all other adults results in incomparable estimates. Utilization is during calendar year 2010.   
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Table 2.2. Summary Description of Latent Classes of Patients with High Costs 

Class 

Number 
Class Size 

Average 

Posterior 

Probability 

of Class 

Assignment 

Interpretation Distinctive Class Features 

Class 1 
N=2,459 

(12%) 
0.89 

"End-Stage Renal 

Disease" 

Patients with renal disease and dialysis status, having 

some comorbidities (but fewer than “multi-morbid” 

patients), and with spending dominated by dialysis 

costs. Survival prognosis is good. 

Class 2 
N=1,124 

(5%) 
0.85 

"Neurologic and 

Catastrophic" 

Patients with neurologic illnesses and catastrophic 

events, relatively higher rates of skilled nursing, 

ambulance service use, and physical therapy and 

occupational therapy clinic visits. Survival prognosis 

is good. 

Class 3 
N=3,637 

(17%) 
0.83 

"Cardio-Vascular and 

Pulmonary" 

Patients with various combinations of heart and lung 

disease, and with relatively low average per patient 

total annual costs. Survival prognosis is fairly good. 

Class 4 
N=1,656 

(8%) 
0.82 

"Diabetes with 

Multiple Comorbid 

Conditions" 

Patients with diabetes and multiple chronic 

comorbidities. Many have advanced complications of 

chronic illness (e.g. amputation, retinopathy), high 

numbers of specialty care clinic visits, and a notable 

contribution of dialysis to total health care spending. 

Survival prognosis is poor at three years. 

Class 5 
N=2,913 

(14%) 
0.79 

"Highly Specialized 

Treatments" 

Patients who received high-intensity, highly 

specialized treatment, such as organ transplantation or 

cancer treatment. Patients had high outpatient 

prescription drug spending and high numbers of 

specialty care clinic visits, and had lower instances of 

chronic conditions such as diabetes but higher 

instances of markers including protein calorie 

malnutrition, coagulation defects, and artificial 

openings for feeding or elimination. Survival 

prognosis is fair. 

Class 6 
N=2,380 

(11%) 
0.82 

"Acute Exacerbation of 

Chronic Illness" 

Patients who were acutely ill, frail, and elderly, with 

acute intervention layered over chronic illness. 

Patients had higher rates of hospice, skilled nursing, 

and home health spending, more inpatient spending 

per patient on average, and poor survival prognosis at 

one and three years. 

Class 7 
N=7,014 

(33%) 
0.88 "Few Comorbidities" 

Patients with a variety of isolated conditions (e.g. 

cancer, pregnancy, behavioral health conditions) and 

few co-morbidities, characterized by youngest average 

age, and having the lowest average per patient total 

health care spending among patients with high costs – 

driven primarily by inpatient and emergency room 

services. Survival prognosis is very good. 

 

Note: The ordering of the classes is an arbitrary output of the LCA model. 
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Figure 2.1. Top Fifteen Clinical Conditions of Latent Classes of Patients with High Costs 
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Notes: Clinical Conditions are CMS-HCCs based on 12 months of 

diagnosis data. Condition categories are not mutually exclusive. Distinctive 

class features are those with in-class prevalence more than 5 percentage 

points higher than among all patients with high costs on average, and are 

shown in orange. Distinctive features by this definition but not within the 

top 15 conditions per class are not shown. 
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Table 2.3. Socio-Demographic Characteristics and Survival of Patients with High Costs, by Latent Class 

 
Class 1: "End-

Stage Renal 

Disease" 

Class 2: 

"Neurologic and 

Catastrophic" 

Class 3: 

"Cardio-

Vascular and 

Pulmonary" 

Class 4: 

"Diabetes with 

Multiple 

Comorbid 

Conditions" 

Class 5: "Highly 

Specialized 

Treatments" 

Class 6: "Acute 

Exacerbation of 

Chronic Illness" 

Class 7: "Few 

Comorbidities" 

Age        

    Mean 61.8 62.7 70.1 66.9 60.4 71.2 54.0 

    Median 63 64 71 68 62 74 55 

    Q1, Q3 52.0, 73.0 53.0, 75.0 62.0, 79.0 60.0, 75.0 52.0, 71.0 64.0, 82.0 43.0, 65.0 

    Range (19.0-98.0) (19.0-97.0) (19.0-101.0) (24.0-98.0) (19.0-97.0) (19.0-101.0) (19.0-95.0) 

Gender        

    Female 44% 45% 43% 41% 50% 49% 54% 

Race/Ethnicity        

    Black 27% 16% 13% 20% 14% 17% 12% 

    White 23% 50% 63% 33% 54% 60% 55% 

    Hispanic 37% 23% 17% 37% 23% 17% 25% 

    Asian/Pacific Islander 11% 9% 6% 8% 8% 5% 6% 

    Other 1% 2% 2% 1% 1% 2% 2% 

Marital Status        

    Partnered 57% 56% 56% 57% 57% 50% 53% 

    Un-partnered 37% 36% 36% 38% 36% 45% 38% 

    Missing 6% 8% 8% 5% 7% 5% 10% 

Insurance Type        

    Commercial 24% 48% 32% 21% 51% 24% 64% 

    Medicaid 1% 2% 1% 1% 2% 2% 3% 

    Medicare 72% 46% 65% 76% 41% 72% 28% 

    Dual Medicare/Medicaid 2% 1% 1% 2% 1% 1% 1% 

    Private pay 1% 4% 2% 1% 5% 1% 5% 

Education (Geocoded)        

    Education High school or less 49% 42% 41% 48% 41% 42% 41% 

    Education Some college or less 29% 30% 31% 30% 31% 31% 31% 

    Education College+ 22% 27% 27% 22% 28% 27% 28% 

Income (Geocoded)        

    Income <$15,000 12% 11% 10% 12% 10% 11% 10% 

    Income $15,000 - $34,999 21% 19% 19% 20% 18% 19% 18% 

    Income $35,000 - $49,999 15% 14% 14% 14% 14% 14% 14% 

    Income $50,000 - $74,999 20% 19% 19% 19% 19% 19% 19% 

    Income $75,000 - $99,999 13% 13% 13% 13% 14% 13% 14% 
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Class 1: "End-

Stage Renal 

Disease" 

Class 2: 

"Neurologic and 

Catastrophic" 

Class 3: 

"Cardio-

Vascular and 

Pulmonary" 

Class 4: 

"Diabetes with 

Multiple 

Comorbid 

Conditions" 

Class 5: "Highly 

Specialized 

Treatments" 

Class 6: "Acute 

Exacerbation of 

Chronic Illness" 

Class 7: "Few 

Comorbidities" 

    Income $100,000 - $149,999 13% 15% 15% 13% 15% 15% 15% 

    Income >=$150,000 7% 9% 9% 7% 10% 9% 10% 

Tobacco Use        

    Current  4% 6% 6% 4% 7% 7% 9% 

    Quit 40% 39% 55% 49% 44% 51% 35% 

    Never 52% 51% 39% 45% 48% 39% 52% 

    Passive 1% 1% 0% 0% 1% 1% 1% 

    Missing 3% 3% 1% 1% 1% 3% 3% 

Body Mass Index (BMI)        

    Underweight (<18.5) 2% 4% 2% 2% 6% 8% 2% 

    Normal weight (18.5-24.9) 32% 36% 26% 29% 39% 40% 28% 

    Overweight (25-29.9) 32% 35% 33% 30% 30% 27% 34% 

    Obese (>30) 34% 24% 39% 39% 25% 25% 36% 

    Missing 1% 1% 0% 0% 0% 0% 1% 

Charlson Index Weight Score        

    Mean 4.6 4.3 5.0 6.8 4.9 5.8 2.2 

    Median 4 4 5 7 4 5 1 

    Q1, Q3 3.0, 6.0 2.0, 6.0 3.0, 7.0 6.0, 8.0 2.0, 8.0 4.0, 8.0 0.0, 3.0 

    Range (1.0-15.0) (0.0-16.0) (0.0-18.0) (1.0-17.0) (0.0-18.0) (0.0-19.0) (0.0-15.0) 

Survival         

    Alive as of December 31, 2011 91% 90% 87% 80% 81% 72% 96% 

    Alive as of December 31, 2014 68% 73% 66% 46% 62% 43% 88% 

 

Note: Totals may not sum to 100% due to missing data and rounding. The population is limited to adults who had continuous membership throughout 2010. 

Education and income are based on geocoded data at the census tract level. Survival data are based on vital statistics linked to Kaiser Permanente data systems.  

Survival through the end of 2010 was a criterion for inclusion in this study. 
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Figure 2.2. Survival Probability Over Four Years for Latent Classes of Patients with High-Costs  

  

Note: There is no right censoring because death dates are known for all patients including those lost to follow-up after exiting Kaiser Permanente coverage.
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Figure 2.3. Spending Patterns by Type of Care for Latent Classes of Patients with High 

Costs 
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Appendix Table a2.1. Prevalence of Condition Categories by Latent Class and for Super-Utilizers Overall 

    Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Total 

   
N=245

9 
N=1124 N=3637 N=1656 N=2913 N=2380 N=7014 

N=21,18

3 

   12% 5% 17% 8% 14% 11% 33% 100% 

   

"End-

Stage 

Renal 

Disease" 

"Neurologic 

and 

Catastrophic

" 

"Cardio-

Vascular 

and 

Pulmonary

" 

"Diabetes 

with 

Multiple 

Comorbid 

Conditions

" 

"Highly 

Specialized 

Treatments

" 

"Acute 

Exacerbatio

n of Chronic 

Illness" 

"Few 

Comorbidities

" 

All Top 

1%  

Infection 

HIV/AIDS 1% 0% 0% 1% 2% 0% 3% 2% 

Septicemia, Sepsis, Shock 6% 8% 7% 24% 27% 66% 1% 16% 

Opportunistic Infections 1% 0% 1% 1% 6% 6% 0% 2% 

Neoplasms 
Blood and Lymph Neoplasms 1% 9% 5% 2% 34% 7% 10% 10% 

Solid Tumor 6% 9% 11% 7% 18% 14% 13% 12% 

Diabetes, 

Nutritional & 

Metabolic 

Diabetes with Complications 57% 21% 43% 99% 19% 39% 12% 34% 

Diabetes without Complications 3% 11% 6% 0% 10% 10% 6% 6% 

Protein-Calorie Malnutrition 9% 27% 19% 44% 53% 84% 3% 27% 

Morbid Obesity 6% 5% 12% 13% 6% 12% 8% 9% 

Other Significant Endocrine and 

Metabolic Disorders 
74% 9% 8% 55% 9% 15% 5% 19% 

Liver  

End-Stage Liver Disease 1% 1% 0% 2% 10% 4% 0% 2% 

Cirrhosis of Liver 2% 1% 1% 2% 3% 3% 1% 1% 

Chronic Hepatitis 4% 2% 2% 3% 3% 2% 3% 3% 

Gastrointestinal 

Intestinal Obstruction/Perforation 3% 3% 3% 6% 33% 23% 6% 10% 

Chronic Pancreatitis 1% 0% 0% 1% 2% 2% 1% 1% 

Inflammatory Bowel Disease 0% 1% 1% 0% 5% 3% 2% 2% 

Musculoskeleta

l & 

Hematologic 

Bone/Joint/Muscle Infections/Necrosis 1% 1% 1% 20% 2% 12% 2% 4% 

Rheumatoid Arthritis and 

Inflammatory Connective Tissue 

Disease 

6% 4% 7% 4% 8% 11% 5% 6% 

Severe Hematological Disorders 0% 1% 1% 1% 9% 3% 1% 2% 

Disorders of Immunity 1% 1% 1% 2% 23% 4% 1% 4% 
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    Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Total 

   
N=245

9 
N=1124 N=3637 N=1656 N=2913 N=2380 N=7014 

N=21,18

3 

   12% 5% 17% 8% 14% 11% 33% 100% 

   

"End-

Stage 

Renal 

Disease" 

"Neurologic 

and 

Catastrophic

" 

"Cardio-

Vascular 

and 

Pulmonary

" 

"Diabetes 

with 

Multiple 

Comorbid 

Conditions

" 

"Highly 

Specialized 

Treatments

" 

"Acute 

Exacerbatio

n of Chronic 

Illness" 

"Few 

Comorbidities

" 

All Top 

1%  

Coagulation Defects and Other 

Specified Hematological Conditions 
8% 10% 12% 15% 21% 24% 4% 12% 

Behavioral 

Health 

Substance Use 2% 13% 8% 5% 15% 19% 12% 11% 

Schizophrenia 0% 2% 1% 0% 0% 2% 3% 2% 

Major Depressive, Bipolar, and 

Paranoid Disorders 
11% 25% 18% 26% 19% 32% 22% 21% 

Neurologic 

Paralysis and Coma 0% 18% 1% 1% 1% 11% 2% 3% 

Spinal Cord Disorders/Injuries 0% 3% 1% 1% 2% 3% 2% 2% 

Degenerative Neurological Conditions 1% 6% 1% 2% 2% 8% 3% 3% 

Polyneuropathy 1% 1% 1% 1% 3% 2% 1% 1% 

Seizure Disorders and Convulsions 3% 31% 2% 5% 4% 13% 5% 6% 

Heart 

Cardio-Respiratory Failure or Arrest 3% 13% 26% 19% 10% 40% 2% 14% 

Congestive Heart Failure 31% 12% 76% 65% 6% 57% 2% 30% 

Coronary Artery Disease 10% 9% 53% 34% 2% 25% 10% 20% 

Specified Heart Arrhythmias 14% 22% 59% 30% 9% 49% 6% 24% 

Cerebrovascula

r & Vascular 

Vascular Disease and Atherosclerosis  37% 38% 59% 89% 39% 76% 11% 41% 

Stroke 2% 84% 4% 10% 1% 17% 1% 9% 

Post-Stroke Paralysis 3% 58% 3% 10% 0% 14% 1% 7% 

Lung 

Lung Fibrosis 1% 3% 3% 4% 5% 7% 1% 3% 

Chronic Obstructive Pulmonary Disea

se 
7% 11% 33% 16% 12% 36% 5% 16% 

Lung Infection 1% 15% 4% 5% 7% 33% 1% 7% 

Eyes Diabetic/Other Retinopathy 21% 1% 5% 54% 1% 3% 1% 9% 

Urinary System 
Chronic Kidney Disease 0% 1% 3% 3% 1% 1% 3% 2% 

Dialysis Status 100% 1% 1% 71% 2% 7% 0% 19% 
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    Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Class 7 Total 

   
N=245

9 
N=1124 N=3637 N=1656 N=2913 N=2380 N=7014 

N=21,18

3 

   12% 5% 17% 8% 14% 11% 33% 100% 

   

"End-

Stage 

Renal 

Disease" 

"Neurologic 

and 

Catastrophic

" 

"Cardio-

Vascular 

and 

Pulmonary

" 

"Diabetes 

with 

Multiple 

Comorbid 

Conditions

" 

"Highly 

Specialized 

Treatments

" 

"Acute 

Exacerbatio

n of Chronic 

Illness" 

"Few 

Comorbidities

" 

All Top 

1%  

Acute Renal Failure 0% 8% 27% 9% 27% 53% 1% 16% 

Skin 

Pressure Ulcer 0% 3% 0% 5% 1% 21% 0% 3% 

Chronic Ulcer of Skin, Except Pressur

e 
4% 2% 7% 32% 4% 9% 1% 6% 

Injury 

Severe Head Injury or Burn 0% 29% 1% 2% 0% 5% 3% 3% 

Vertebral Fractures without Spinal 

Cord Injury 
1% 5% 3% 2% 3% 7% 4% 4% 

Hip Fracture/Dislocation 1% 4% 4% 5% 3% 10% 5% 5% 

Transplants, 

Amputations & 

V-Codes 

Amputation Status and 

Related Complications 
2% 2% 2% 31% 1% 5% 2% 4% 

Complications of Specified Implanted 

Device or Graft 
16% 4% 4% 22% 9% 19% 7% 10% 

Artificial Openings for Feeding or 

Elimination 
1% 16% 0% 2% 21% 25% 2% 7% 

Respirator Dependence/Tracheostomy 

Status 
0% 9% 1% 0% 2% 12% 0% 2% 

Major Organ Transplant or 

Replacement Status 
1% 0% 1% 2% 13% 1% 0% 2% 

Reproductive 
Pregnant at Any Time During 2010 0% 0% 0% 0% 1% 0% 5% 2% 

Gave Birth at Any Time During 2010 0% 0% 0% 0% 1% 0% 4% 1% 

 

Notes: Clinical conditions are CMS-HCCs based on 12 months of diagnosis data. Condition categories are not mutually exclusive. Table shows the percent of 

patients within each latent class with the clinical condition. Green shading denotes the most prevalent features within each class, with darker green indicating 

greater prevalence.  

  



 

60 

Appendix Figure a2.1. Prevalence of Condition Categories among Patients with High Costs, by Latent Class  
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CHAPTER 3. CLUSTERING HIGH-COST PATIENTS BASED ON 

LONGITUDINAL TRAJECTORIES OF HEALTHCARE SPENDING: A 

LATENT GROWTH CURVE ANALYSIS  

3.1. Abstract 

Background 

The spending patterns of many patients with high costs appear to be “intense but temporary.” 

Previous studies of the short and long-term persistence of intensive spending have typically used 

a classification approach with segments of the spending distribution categorized at several points 

in time. A more nuanced approach that follows individual patterns of spending is needed to 

correctly understand the natural history of spending among high cost patients. 

Methods 

We focused on patients with high costs in a large integrated delivery system in 2010, defined as 

the top one percent with respect to total healthcare spending across the continuum of care. We 

used latent growth curve modelling to identify sub-groups in this high cost population that had 

shared trajectories of spending over a four-year follow-up period from 2011 through 2014. We 

describe the resulting trajectory groups according to survival, demographic, and clinical 

characteristics.  

Results 

We selected as the best fitting model a solution containing five sub-groups of patients with high 

costs. Two groups displayed relatively stable spending throughout the follow-up time: 48% of 
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the sample had sustained high spending characterized by a curve following the 85th to 95th 

percentiles of spending, while 15% of the sample returned to the median in the cost distribution 

and maintained this low level of spending over time. The three remaining groups contained 

nearly all of the decedents in the sample as well as some survivors, and were characterized by 

differential speeds with which spending declined to the bottom of the distribution (immediately, 

16%, gradually, 12%, and delayed to the third year, 9%). There were no clinical or demographic 

characteristics that appeared to be deterministic of trajectory group membership. 

Conclusions 

Roughly half of the highest cost patients in 2010 died or regressed to very low spending within a 

four year follow-up period. The other half maintained consistently high spending, although 

actual costs over time for this group were below the top one percent level observed in the base 

year. Efforts to improve care quality and value should focus on patients with sustained high 

spending, but more work is needed to prospectively identify these groups early in their spending 

trajectory. 

3.2. Introduction 

Health care costs in the United States are higher than in other developed nations (Organization 

for Economic Co-operation and Development (OECD), 2012), and are growing at an 

unsustainable rate (Kellermann et al., 2012). In this environment of extreme health care costs and 

high rates of spending growth, Donald Berwick introduced the triple aim of Better Health, Better 

Care, and Lower Costs (Berwick et al., 2008). Recently, burgeoning effort to improve value for 

the most intensive users of health care services has arisen as one domain of work across the 
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Triple Aim. However, who these patients are and what improvement opportunities exist, remain 

in question.  

Complicating this work is the dynamic nature of the population segment with very high costs. It 

is well recognized that a considerable degree of churn is present at the top of the spending 

distribution. There is an extensive literature that measures persistence of extreme spending by 

tracking membership in the top percentile or decile of spenders over time (Coughlin & Long, 

2009; Monheit, 2003; Stanton & Rutherford, 2005). Estimated spending persistence over an 

extended period of time varies according to the population studied, the methods, and the time 

frame of the assessment. Studies have estimated one-year persistence in the top one percent of 

spenders ranging from 25 percent (Stanton & Rutherford, 2005) to 46 percent (Coughlin & Long, 

2009); over a longer period of follow-up time, most high-cost patients regress toward the mean 

(Congressional Budget Office, May 2005). When mortality is taken into account, it is apparent 

that a meaningful proportion of attrition from a high-cost cohort is driven by death in the near 

term. Mortality is high in populations with complex needs; in the top 25 percent of spenders in 

fee-for-service Medicare, as many as 14 percent of beneficiaries die during the same year, and 40 

percent die within four years (Congressional Budget Office, May 2005). Thus, previous work has 

shown that the spending patterns of many patients with high costs appear to be “intense but 

temporary” (Johnson, Rinehart, et al., 2015).  

There are intuitive reasons for low persistence of extreme spending. Many high-cost patients in a 

given year may have experienced a single traumatic injury or other acute episode of illness that 

will not lead to sustained intensive utilization. One recent estimate from a safety net system in 

Colorado found that 12 percent of their sample of super utilizers with frequent acute care use had 

experienced a traumatic injury (Johnson, Rinehart, et al., 2015). Others with chronic conditions 
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may receive relatively expensive care every year, but only spend enough to join the top one 

percent in years in which they have an exacerbation of their condition or another complication 

(Stanton & Rutherford, 2005). Finally, when a population is selected on the basis of extreme 

behavior or outcomes, it is expected that regression to the mean will occur. One attempt to 

quantify regression to the mean among patients with frequent acute care use suggested that per 

person spending was less than half as high on average two years after the population was 

identified (Johnson, Rinehart, et al., 2015), even with no specific intervention completed to 

reduce utilization and costs.  

An important critique of previous studies estimating persistence of high spending is that they 

have typically used a classification approach with segments of the spending distribution 

categorized at several points in time. These descriptive analyses classify individuals according to 

their spending category (e.g. the top one percent), and assess whether or not they remain in that 

same category in subsequent years (Marc L. Berk & Monheit, 1992). This approach does not 

follow each individual to assess the curve or trajectory of their expenditures, nor does it identify 

the predominant patterns of expenditures over time. These are important limitations, because 

they mask the latent clustering of sub-groups of patients with shared spending patterns over time. 

This study expands on the previous literature by overcoming these challenges using advanced 

multivariate methods. We characterized the trajectories of longitudinal spending that arise within 

a cohort of patients with very high costs in a single base year. We hypothesized that there are 

discernable and distinct clusters of high cost patients with alike patterns of spending over time. 

Based on previous research, we expected to find limited persistence of high spending over time, 

and significant regression to the mean. 
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Using four years of quarterly spending data, we applied a latent growth curve or growth mixture 

model, to cluster patients into subgroups with similar individual spending trajectories over time. 

This methodology has significant advantages over other simple descriptive methods used in the 

literature. While it remains descriptive in aim and is not used for inference, it is driven by the 

data and reveals patterns in individual-level trajectories that are not easily discernable in 

summary statistics, assigning each individual patient to a trajectory group that best matches their 

profile over time.  

The latent growth curve method has been most widely used in fields such as sociology and 

criminology, in which investigators follow groups of people over extended periods to discern 

their developmental trajectories with respect to behaviors such as delinquency (Erosheva, 

Matsueda, & Telesca, 2014). Latent growth curve modelling is an ideal method for parsing 

shared experiences over time within a heterogeneous population, because it is a data-driven 

classification approach that does not rely on a priori assumptions. 

3.3. Methods 

This is a retrospective observational study of longitudinal trajectories of spending over time for a 

cohort of high-cost patients, defined for this study as the top one percent in terms of total 

healthcare spending during 2010. We used measures of total healthcare spending, by quarter, for 

2011 through 2014. The study was approved by the Institutional Review Boards at Kaiser 

Permanente Southern California and University of California, Los Angeles; no patient consent 

was required for this data-analysis only study. 
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3.3.1. Data Source and Setting 

We used data from Kaiser Permanente Southern California, an integrated delivery system with a 

comprehensive electronic medical record that provides care to over 4 million members in 14 

hospitals and over 200 medical offices (Permanente, 2015). At the time of this study, Kaiser 

Permanente Southern California has a penetration rate of 16 percent of the total population in the 

geographic areas served. The membership is diverse, and is generally representative of the 

population of Southern California (Koebnick et al., 2012). Data sources included Kaiser 

Permanente membership records, integrated claims, electronic medical records, administrative 

data repositories, and data from managed research databases linked to vital statistics and other 

public data.   

We obtained quarterly cost data from 2011 through 2014 for our cohort of interest drawn based 

on extreme spending in 2010. All costs are derived using Kaiser Permanente’s cost accounting 

methodology (for within-system utilization) or claims data (for outside-system utilization). The 

cost accounting methodology is used by Kaiser Permanente to account for all utilization within 

Kaiser Permanente and outside facilities. Physician services, for care provided within Kaiser 

Permanente, are purchased by the Kaiser Foundation Hospital and Health Plan from the 

Permanente Medical Group. Cost accounting for this portion of costs represents the total paid 

amount for physician services, which includes some profit to the medical group. Other Kaiser 

Permanente services (e.g. facility fees, nursing, supplies) are accounted at cost. For utilization 

that occurs outside of Kaiser Permanente facilities, costs reflect the amount paid via the 

negotiated claims process.  
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We also obtained quarterly membership data capturing the percent of days in each quarter during 

which each patient was enrolled in coverage, and vital record data capturing the date of death for 

all decedents during the study period. This allowed us to understand gaps in coverage, and to 

differentiate for each individual between quarters with coverage but no costs and quarters 

without coverage.  

Finally, we assembled a person-level dataset with demographic and clinical characteristics for 

descriptive purposes. All demographic and clinical characteristics were captured as of 2010, the 

start of the study period. 

3.3.2. Study Population 

We drew the study population from among all 2,714,005 adult members of Kaiser Permanente 

Southern California in 2010. We focused on the 2,118,343 adults with continuous membership in 

2010 (and excluded those with partial year membership in 2010), and then selected the top one 

percent of the population with respect to total health care spending during 2010, to arrive at the 

study population of 21,183 adults.  

We followed the top one percent from 2010 forward in time through the end of 2014. In our 

cohort, all patients were in the top one percent in 2010 by definition, but costs fell across the 

spending distribution in subsequent years. We retained in the study all patients in the original 

2010 high-spending cohort regardless of their vital status or change in Kaiser Permanente 

membership status over time. 



 

68 

3.3.3. Variable Creation 

We assembled a person-level dataset containing repeated observations of quarterly total health 

care expenditures for the years 2010 through 2014. We extracted cost data for all years in May of 

2015, to allow ample time for claims to be fully collected. We created quarterly and annual 

versions of cost variables. We adjusted all costs for the duration of enrollment in the 

corresponding time period by dividing total costs by percent of time enrolled. We did not adjust 

cost data for inflation, which would have scaled all years of data to 2010 costs. Although such an 

adjustment is commonly used, we argue that it was unnecessary for our aims. 

3.3.4. Statistical Analyses 

We used simple descriptive methods to assess longitudinal spending patterns for the population 

as a whole and for each of the latent classes of clinically similar patients we previously identified 

(“Latent Classes”). Because spending was highly skewed at all time-points, we displayed median 

costs, as well as 25th, 75th, and 90th percentiles of costs.  

We used latent growth curve modelling, implemented in SAS under Proc Traj, to identify distinct 

subgroups of the population with shared patterns in the trajectory of costs over time. Latent 

growth curve models are one application of finite mixture modelling. The method has been 

widely used in the social sciences (Erosheva et al., 2014), and was recently used to model cost 

trajectories for patients in the last year of life (M. A. Davis, Nallamothu, Banerjee, & Bynum, 

2016). Repeated observations of an outcome of interest are collected for a population, and the 

model then approximates the longitudinal trajectories in sub-groups with similar outcomes over 

time. In latent growth curve modelling, it is preferable to have a minimum of 4-5 time points and 
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at least 300-400 observations (Nagin, 2005; Nagin & Odgers, 2010a). Our dataset far exceeded 

these rules of thumb (16 quarters of cost data for 21,183 individual people). 

Latent growth curve modelling has several advantages over alternative approaches.  First, it uses 

individual level data to derive the shapes of trajectories, and provides probabilistic data about 

membership in those trajectories. These are far preferable to the common approach of using 

assignment rules to assign individuals to subgroups that are presumed to exist (Nagin & Odgers, 

2010b). Furthermore, it recognizes multinomial heterogeneity in change, in which both the 

strength and direction of change varies within the sample (Andruff, Carraro, Thompson, 

Gaudreau, & Louvet, 2009). This is a major advantage over alternative growth analyses such as 

MANOVA, which assume a single average trajectory in a population. Data may be from 

specific, identical time periods, or can be measured at different times for various members of the 

population. Latent growth curve modelling also allows the shape of trajectory curves to be 

described by second and third order polynomials, and allows the researcher to specific the 

polynomial for each curve separately.  

To determine the best fitting latent growth curve solution, one must fit sequentially more 

complex models and use model fit statistics to test the hypothesis that the more complex model is 

superior. Complexity can be added by increasing the number of classes or by increasing the order 

of the polynomial for a given curve. The most parsimonious model that is not substantially 

outperformed by the next more complex model is chosen as the best solution. Researchers may 

also use other guidelines in model selection. It is suggested that models in which there are 

classes making up less than 10% of the sample are not desirable, and intuition is also used to 

identify the point at which additional complexity is not meaningfully interpretable (Nagin, 2005; 

Nagin & Odgers, 2010b). We used all of these criteria in selecting our final model. 
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The model generates a series of posterior probabilities of group membership for each individual 

and each trajectory group, which is a measure of the uncertainty about group membership. 

Individuals were assigned to the group for which their odds of membership are highest. In post-

hoc tests of model performance, the research can confirm validity by calculating the average 

posterior probability of group membership for individuals assigned to each group, which is 

suggested should be no less than 0.8 on average for each group (Nagin, 2005; Nagin & Odgers, 

2010b). 

We modeled longitudinal cost data in the latent growth curve framework for the population of 

top one percent spenders from 2010. We modeled only spending during follow-up time; the 

model assumes consistency in data distribution between time periods, and the data from 2010 

violated this assumption by design given our population selection criteria. We also completed 

sub-analyses assessing latent growth curves of spending within each of the clinically similar 

latent classes derived in Chapter Two. For these sub-analyses, we treated the Chapter Two latent 

class assignment as a fixed trait.  

For latent growth curve analyses, we used a health plan perspective, meaning that costs were 

written to zero any time there were missing data due to death or loss to follow-up. The raw cost 

data (adjusted for enrollment duration only) were too skewed for the model to converge. We 

used costs translated to a percentile distribution (ranging from 0 to 100) for the final model 

because it converged in all iterations and the scale was intuitive. Cut points for quarterly 

spending at each percentile in the cost distribution were based on the spending distribution for 

the total continuously enrolled adult population of Kaiser Permanente Southern California in 

2010, and are shown in Appendix Table a3.1. 
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After completing latent growth curve analyses, we used Kaplan Meier survival analysis to plot 

time-to-event outcomes. Since our study has descriptive aims, this non-parametric method was 

appropriate for estimating survival functions without controlling for any covariates. We plotted 

two events using survival analysis: (1) time to death (from January 1, 2011 until the exact date of 

death according to vital records); and (2) time to the first exit from the top 25% of the spending 

distribution (from January 1, 2011, until the ending date of the quarter in which spending first 

fell below the 75th percentile of spending).  

Finally, we completed descriptive analyses of the trajectory groups to better understand their 

characteristics. We cross-tabulated each patient’s subgroup classifications from the analyses 

contained in Chapters Two and Three, to assess how the clinically similar latent classes were 

distributed across the longitudinal spending trajectory groups . We also used simple frequency 

tables to assess demographic and clinical characteristics of patients in each trajectory group. 

3.3.5. Limitations 

For patients with partial-period membership, we adjusted their spending for enrollment duration 

in the quarter(s) of partial membership only. This adjustment can falsely overstate or understate 

costs in time periods with partial enrollment duration. For individuals whose partial-period 

membership is due to death, the adjustment may overstate their final-quarter costs, because of the 

intensity of care immediately prior to death. For individuals whose partial-period coverage is not 

due to death (those who exit Kaiser Permanente coverage but survive), it is impossible to know 

whether their health care spending in the remainder of the time period was lower or higher than 

their spending during the covered period. We assume most exit from coverage represented a 

change of provider/health plan, rather than a total loss of health insurance. Therefore, we do not 
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believe there is a systematic bias in either direction for patients whose partial-period membership 

was due to exit from Kaiser Permanente coverage. 

Our statistical method had some limitations. One limitation of latent growth curve modelling is 

that it assumes missing data are missing completely at random and uses imputation; thus the 

researcher must address missingness before running the analysis if the data are not missing 

completely at random (Nagin & Odgers, 2010b). There were increasing numbers of missing 

values in our data over time as the number of decedents in the sample increased and as 

individuals were lost to follow-up after exiting Kaiser Permanente coverage. To address this 

missingness, we decided to complete our analysis from a health plan perspective. We wrote all 

observations in which costs were missing (after death or loss to follow-up) to zero, because for 

the health plan there were no longer any costs attributed to that individual. This solution was 

determined to be preferable than alternatives, which would have imputed costs or would have 

required us to focus only on survivors over the full study period. We felt imputation was 

inappropriate because the majority of missing data were due to death, and imputation of costs 

after death could create challenges in interpretation. 

Another limitation is that the method is implemented for only select probability distributions: the 

censored normal, logit, Poisson, and zero inflated Poisson (Andruff et al., 2009). We tested 

models with many alternative transformations of the cost data, including natural log, square root, 

1/1000, log/1000 and square root/ 1000. All of these transformations caused some convergence 

problems in model fit, and were also judged difficult to interpret because the scale of the 

transformed data was not intuitive.  We determined that a transformation to percentiles of 

spending using the total population cost distribution from 2010 was the best solution for 

convergence and interpretability reasons. 



 

73 

Model selection is a somewhat subjective process in the finite mixture model framework. 

Because group membership is unobservable, it is impossible to ever reach perfect assurance of 

correct model fit. The latent growth curves that result from the model are also best thought of as 

approximations of a complex reality (Nagin & Odgers, 2010b). They should not be interpreted as 

literal entities that are perfectly distinct from one another. Rather, they represent clusters of 

people who have similar trajectories over time. Replication in other datasets and populations 

should also be completed to ensure that the results found in this sample represent a meaningful 

approximation of reality (Nagin & Odgers, 2010b).  

We completed latent growth curve analysis in the high-cost cohort as a whole, as well as within 

each of the clinically similar latent classes derived in the Chapter Two analyses. For these sub-

analyses, we treated latent class assignment (from Chapter Two) as a fixed trait, which is not 

technically appropriate since it ignores the error terms for class/group membership generated in 

the first model. These error terms are a major advantage of finite mixture models. By losing 

detail about the uncertainty in class assignment from the first analysis, we risk underestimating 

the standard errors in the second analysis. This is not an issue when the latent growth curves are 

estimated for the cohort as a whole. 

We tabulated the clinical characteristics of each of the final trajectory groups identified in the 

latent growth curve analysis. The CMS-HCCs used to capture clinical features are calculated 

based on calendar year 2010 diagnosis codes. It is likely that the clinical features of each group 

evolved over the follow-up period, and these changes in clinical conditions are not shown. 
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3.4. Results 

The cohort for this study was selected on the basis of top one percent spending during 2010. 

However, over time the spending level in the cohort attenuated, with the proportion spending at a 

top one percent level decreasing to 38% of the cohort in 2011, and 19% of the cohort by 2014 

(Figure 3.1). Coinciding with this shift was an increase over time in the number of patients who 

had no spending at all because they had deceased or were lost to follow-up after exiting Kaiser 

Permanente coverage. By the end of 2014, 31% of the original cohort had died (data not shown). 

In the same time period, 15% of the original cohort had some gap in coverage; 10% of these did 

not re-enroll before the end of our study period, while 5% re-enrolled (data not shown). In Figure 

3.1, patients with no covered days during a given year are those who either died prior to that year 

or had zero coverage during that year; thus the proportion with no covered days in the final year 

is lower than the total proportion who eventually died or lost coverage because some died or lost 

coverage only in the final months of 2014 (and thus had some spending in all years). 

More granular data containing quarterly spending in dollars by patients in each of the clinically 

similar latent classes (Figure 3.2) shows remarkably similar patterns of median spending over 

time among the clinical sub-groups, despite their varied profiles of clinical conditions. Again, 

2010 spending was high by definition in this cohort. In Figure 3.2, median spending in two of the 

latent classes remained consistently high throughout the follow-up period: End-Stage Renal 

Disease and Diabetes with Multiple Comorbid Conditions. Each of the other five classes shows a 

rapid pattern of regression downward. In all classes, there continued to be some cases of very 

high spending throughout the time period.  



 

75 

The descriptive analyses shown in Figures 1 and 2 do not provide information about individual-

level spending patterns, making it impossible to tell whether outlier observations are generated 

by the same individual patients in each class over time, or by many different individuals having 

select instances of high spending.  

We fit models with one through six classes for the cohort as a whole, and tested first, second, and 

third order polynomials for each class as indicated by model fit statistics. We selected the five-

trajectory model as the best fitting solution, with the first trajectory described by a second order 

polynomial, and all others by third order polynomials. The resulting growth curves are shown in 

Figure 3.3. Group assignment probabilities for the final model were greater than 0.97 in all 

trajectory groups, indicating excellent model fit (Nagin & Odgers, 2010b). 

Two of the trajectories (Figure 3.3) were characterized by stable spending over the four years 

following the extremely high cost base year: the “Sustained High” trajectory (48% of the cohort) 

and the “Return to Median” trajectory (15%). In the Sustained High trajectory, the cost curve 

ended around the 85th percentile of spending. Individuals classified in this group had a median 

spending level of roughly $3,000 to $4,000 per patient per quarter. Costs were considerably 

lower – $300 to $400 per quarter – in the Return to Median group. The level of spending in the 

Return to Median group was lower than the mean level of spending for all adults in Kaiser 

Permanente. This group can be thought of as having a pattern of stable and appropriate outpatient 

primary care and specialty care utilization.  

The remaining three trajectories were characterized by differential speeds of decline in spending, 

all ending in the bottom of the cost distribution. Costs began falling immediately for the first of 

these groups, which we called the “Immediate Drop-off” trajectory (16%). The “Gradual Fall” 

(12%) and “Delayed Fall” (9%) trajectories both had periods of sustained spending before 
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spending declined during 2012 and 2013, respectively. The Delayed Fall group displayed 

spending similar to the Sustained High group for the first two years of follow-up time, before 

spending dropped off during the third year. 

The health plan perspective of this analysis allows us to include all patients in the original cohort 

(rather than only patients who survived and retained coverage throughout the follow-up period). 

However, it masks the contribution of death to these growth curves. Figure 3.4 displays survival 

curves for each of the trajectory groups, calculated using the Kaplan Meier method.  

The two trajectories with sustained spending had near perfect survival throughout the study 

period. In contrast, a substantial proportion of the Immediate Drop-off, Gradual Fall, and 

Delayed Fall groups become deceased as time progresses. Therefore, these three trajectories can 

be understood to some extent to describe survival time. Roughly 30% of patients in each of these 

three trajectories remained alive as of the end of the follow-up period, and were grouped together 

with decedents because their patterns of spending were similar. However the reason for the 

spending decrease was different: survivors in these groups regressed to having a long-term trend 

of very little or no spending; decedents had no spending after their date of death.  

We used a second survival analysis to validate the spending of survivors in each of the trajectory 

groups. Figure 3.5 shows the survival function for time elapsed until spending first dipped below 

the 75th percentile of spending. This analysis provides one view of spending that reinforces the 

validity of the trajectory analysis, although it does not account for the longer-term patterns in 

individual spending. Notably, this analysis masks the existence of patients who exit and re-enter 

the top 25% several times during the study period.  
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To more fully describe groups of patients having shared longitudinal trajectories of costs, we 

tabulated demographic characteristics and clinical conditions of each trajectory group as of 2010. 

Table 3.1 displays survival through December 31, 2014 by latent curve trajectory group. There 

were few notable differences in demographic characteristics, shown in Table 3.2. Survival in 

Groups 1 and 5, those with sustained spending, was near perfect over the four-year follow-up 

period. The trajectory groups with low survival (Groups 2, 3 and 4) had greater numbers of older 

patients with Medicare coverage.  

Table 3.3 contains the top clinical conditions in each Trajectory Group. Seven specific CMS-

HCCs were common to the top ten list of conditions for all five trajectory groups. An additional 

six CMS-HCCs were in the top ten list for at least one of the Trajectory Groups. Prevalence of 

each condition varied across groups, but the similarities of the top ten lists across Trajectory 

Groups suggests that the simple presence of any of these conditions was not deterministic of 

longitudinal spending group membership.  

Appendix Table a3.2 contains the full clinical detail of all trajectory groups, shown with both 

column and row percent calculations. The Return to Median trajectory group had many 

distinctively low prevalence conditions that were less common than in the cohort as a whole (e.g. 

14% of the Return to Median group had diabetes with complications, compared to 34% in the 

high cost cohort overall; 15% had congestive heart failure compared to 30% overall; 13% had 

major depression compared to 21% overall) but contained the majority of patients who were 

pregnant or gave birth during 2010. In contrast the three falling trajectory groups had many 

distinctively high prevalence conditions (e.g. septicemia, protein-calorie malnutrition, pressure 

ulcer) many of which were indicative of end-of-life care. The clinical conditions of the Sustained 

High trajectory group most closely mirrored the cohort as a whole.  
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We fit latent growth curve models for each of the clinically similar subgroups identified 

previously using latent class analysis. We found very similar growth trajectory solutions for each 

of the seven latent classes, which was not surprising based on the descriptive data shown in 

Figure 3.2. Because of the limited differences between classes, and because it is technically 

incorrect to treat the class assignments as a fixed trait in a subsequent multivariate analysis, we 

determined that the class-specific latent growth curve analyses were not meaningful and do not 

present those results. However, we did produce simple cross tabulations of latent class 

assignment and trajectory group assignment (Table 3.4 and Figure 3.6), with both row and 

column percent shown. 

Because of their excellent survival, patients in Latent Class 7 “Few Comorbidities” were over-

represented in the two high-survival trajectory groups: “Return to Median” and “Sustained High” 

(Table 3.4). The vast majority (nearly 70%) of patients in the “End-Stage Renal Disease” class 

were classified as “Sustained High” spenders, with quarterly costs averaging $3,000 to $4,000 

per patient. The “Acute Exacerbation of Chronic Illness” group, with worst survival prognosis, 

was the only class that was substantially under-represented in the “Sustained High” spending 

group. All other classes (2-5 and 7) were proportionally represented in the “Sustained High” 

group. 

3.5. Discussion 

We followed a cohort of patients with extremely high costs during 2010 for four years of follow-

up time, from 2011 through 2014. We identified five distinct clusters of patients with similar 

longitudinal trajectories of spending across a four year follow-up period. We used individual 
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level spending data, by quarter, from an integrated delivery system capturing all utilization 

across the continuum of care.  

Our analysis confirms that many patients with high costs in a given year are near the end of life, 

and others experience a rapid regression to the mean. Thirty-one percent of patients in our high-

cost cohort died within four years. We identified three groups of patients with steeply declining 

costs during the first, second, and third years of follow-up, respectively. In each of these groups, 

survival was poor (30-40%) by the time costs reached near-zero levels. An additional 12% of 

patients were in a group that experienced an immediate regression to a pattern of consistent and 

low spending. Actual quarterly cost for patients in the Return to Median group was low, and 

likely reflects appropriate ongoing outpatient management by primary care providers and 

specialists. 

However, nearly half of high-cost patients from 2010 fell into a class we called “Sustained High” 

because costs remained in the 85th to 95th percentile throughout the follow-up period. This 

translates to $3,000 to $4,000 per patient per quarter, which is well below the top one percent 

level but nevertheless quite high.  

The three trajectory groups that followed a pattern of declining costs over time were 

characterized by differing periods of sustained high spending following the base year. The 

distinction between these classes appeared to be largely a function of survival time. While we 

elected to use a health plan perspective in this analysis for technical reasons, it presents a 

different picture of cost trajectories over time than would have been seen if we had imputed data 

for those patients who died, or limited our analysis to only survivors.  
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By employing an advanced statistical technique, latent growth curve modelling, we were able to 

follow individual patterns and group patients on the basis of similarities and differences in the 

outcome. Our data are novel in that we capture all utilization including pharmacy drug costs and 

care across the continuum for this cohort.  

One limitation of our approach is that the model is not designed to fit very small clusters of 

patients. Trajectory groups arising from group based trajectory models are useful for 

summarizing complex individual-level data in a compact format. However, they are in reality an 

approximation and do not capture every nuance of the population distribution over time (Nagin 

& Odgers, 2010b). Review of raw cost data for each of the trajectory groups over time shows 

that there is some variation in spending within each trajectory group, with the latent growth 

curves representing an approximation of each group’s overall generalized pattern over time. In 

fact, when we explicitly tracked top one percent status during the follow-up period we found that 

there were 2,126 individuals from the original 2010 high cost cohort whose spending stayed 

above the top one percent threshold across all four years of follow-up. These patients were all 

captured within the Sustained High trajectory group. This group, like the others, is a 

simplification of a complex cluster of patients with varied levels of stable high spending over 

time. 

Nevertheless, our analysis is a substantial advance over prior studies assessing spending 

outcomes for high-cost patients. While similarly advanced techniques have very recently been 

employed to classify spending patterns at the end of life (M. A. Davis et al., 2016), we are the 

first to our knowledge to use these methods to uncover latent clustering of spending trajectories 

in a representative sample of high-cost patients. Prior studies focused on top spenders have used 

simple classification matrices showing the distribution of the population in categories of 
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spending at several follow-up points (Marc L. Berk & Monheit, 1992; Coughlin & Long, 2009; 

Monheit, 2003). These methods are not able to distinguish individual-level trajectories or the 

clustering of the population into sub-groups with shared trajectories. 

From an operational perspective, the different trajectory groups represent different potential 

opportunities for improvement. We did not attempt to understand appropriateness of spending 

for the subgroups in this paper. Payers and providers wishing to identify populations for cost-

saving interventions might require two years of high-spending as a criterion for intervention. 

Such a rule would focus effort on the Delayed Fall and Sustained High groups, which both 

maintained very high spending for roughly three continuous years.  

In contrast, the Immediate Drop-Off and Gradual Fall groups are also a potentially critical point 

of focus. Our analyses highlight the high costs incurred for some groups nearing the end of life. 

While we may not be able to prevent or delay death in these very sick cohorts, effort should be 

intensified to ensure care at the end of life is appropriate and well-aligned to patient and family 

preferences. Other research has suggested that end-of-life care in the US often falls far short of 

these ideals (Baker et al., 2000; Winzelberg, Hanson, & Tulsky, 2005). By better aligning care 

with these preferences, we may be able to make improvements across the Triple Aim for patients 

in the top spending group who would otherwise die within relatively few years. Given the widely 

differential survival functions by trajectory group, it may be operationally viable to predict death 

among top one percent spenders as a means of prospectively identifying this group. 

For any of these operational efforts to be feasible, further research is needed to find algorithms 

that can predict membership in these trajectory groups, rather than solely identifying 

membership after the fact. In addition, it is essential that we build better capability to distinguish 

low value and high value spending, appropriate and inappropriate spending, and modifiable and 
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non-modifiable spending. For many patients, high spending may be an appropriate reflection of 

high quality care that is aligned with needs. Some work has begun to assess “impactibility” 

models designed to identify high-cost patients for whom there is a real opportunity for 

improvement (Lewis, 2010), but the science is still very weak in this area and some have raised 

worrisome equity concerns (Shadmi & Freund, 2013). 

When we assessed spending trajectories for the clinically-coherent classes of patients identified 

in Chapter Two, we found that patients from each LCA class were represented in each of the five 

observed longitudinal spending trajectories. The LCA clustered patients who appeared alike 

based on the presence and absence of clinical conditions (grouped using CMS-HCCs). However, 

the varied longitudinal spending trajectories found within each of the LCA classes suggests that 

there was some heterogeneity within the LCA classes not measured by the CMS-HCCs. Patients 

within the same LCA class have had slightly different constellations of comorbidities or the 

acuity of their conditions may have varied. It is also possible that their clinical needs evolved 

differentially over time. Patients within the same LCA class may also have differed across 

features such as care preferences, social determinants, familial support, and other characteristics. 

One group that merits very careful study and monitoring to ensure that care and quality is 

optimized is the sub-set of top one percent spenders who have end-stage renal disease. Our 

analysis suggests that patients with end-stage renal disease are a significant portion of the high-

cost population, and are among the most likely to have sustained high spending over time. This 

makes sense from a clinical perspective: the need for dialysis services is costly and permanent. 

Health plans should consider business strategies to manage these expenditures, such as contract 

negotiation to ensure patients have access to top quality dialysis services and that services are 

purchased at competitive pricing.  
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Also of interest is the subgroup of high cost patients with isolated illness. This group, which 

made up the largest share of the top one percent population in 2010, also included many patients 

(more than 3,000 individuals) who experienced Sustained High spending in the four subsequent 

years. It is unclear what may explain persistently high costs in this group, and thus it may 

represent opportunities to improve value and redirect care to the right provider, time, and place. 

Further analysis is needed to understand their evolving clinical needs. 

A nuanced and data driven understanding of the flow of high cost patients through the population 

cost distribution over time is critical to our understanding of the characteristics and needs of this 

cohort. Many providers and payers are tempted to focus intervention on patients who have high 

costs at a point in time. We go beyond the existing literature by characterizing subgroups of 

patients that experience divergent rates of decline in spending, tied for many patients to their 

survival function. Our analysis confirms previous findings suggesting that the period of high 

spending is brief for many high-cost patients, even in the absence of any targeted intervention. 

However, in this representative sample of very high cost patients from an integrated health 

system capturing all utilization and costs across the continuum of care, we discover a substantial 

portion of the population – 57% – that continues to experience spending around the top decile of 

the population cost distribution for three years or greater.  

This unique, data-driven vantage point on patients with high costs has laid the foundation for 

future work that is critically needed to answer key questions. These may include: is the level of 

spending found among sustained high spenders reflective of high-quality, preference-aligned 

care? Is spending adequate for those who quickly regress to the median? What are risk and 

protective factors for sustained high spending? Is care at the end-of-life optimized for value, 

appropriateness, and preferences? The nascent fields of study assessing value, efficiency, and 
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impactibility can leverage this work to assess these questions in homogenous cohorts of patients. 

The value of the present work will be maximized if we can leverage it to answer the next tiers of 

questions in the complex arena of Triple Aim improvement for patients with high costs.  
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3.6. Tables and Figures 

Figure 3.1: Changing Cost Distribution in 2011 through 2014 for the Top One Percent of Patients from 2010. 

 

Note: The cohort was selected on the basis of top one percent spending in 2010.   
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Figure 3.2: Spending by Quarter from 2010 to 2014 for the Top One Percent of Patients from 2010, by Latent Class. 

 

Note: patients with true spending of zero are included in calculations. Decedents, and patients who were lost to follow-up are included in calculations up until the 

time of their exit from the population; thereafter (in the quarters in which they have missing data) they are excluded from the calculations. 
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Figure 3.3. Latent Growth Curves of Spending from 2011 to 2014 for the Top One Percent of Patients from 2010. 

 

Note: The cohort is defined as the top one percent of patients with respect to total healthcare spending during 2010, among all adult members of Kaiser 

Permanente Southern California who were continuously enrolled throughout 2010.    
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Figure 3.4. Time to Death, by Latent Growth Curve Trajectory Group 

 

Note: survival functions are calculated based on vital record date of death, as of March 2016, and are known for all 

patients including those who lost coverage. 
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Figure 3.5. Time to Exit from the Top 25th Percentile of Spending, by Latent Growth Curve 

Trajectory Group 

 

Note: survival functions are calculated as of the last date of the quarter in which spending first dipped below the top 

25 percentile, which accounts for the stepwise appearance of the curves. 
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Table 3.1. Survival by Trajectory Group 

  

  

Trajectory 1: 

Return to Median                                    

 

3,255 

15% 

Trajectory 2: 

Immediate Drop Off                                     

 

3,359 

16% 

Trajectory 3: 

Gradual Fall                                     

 

2,591 

12% 

Trajectory 4: 

Delayed Fall                                   

 

1,888 

9% 

Trajectory 5: 

Sustained High                                     

 

10,090 

48% 

 

Total                                       

 

21,183 

100% 

Survival (Percent) 
      

    Alive as of Dec 31, 2011 100% 35% 85% 100% 100% 88% 

    Alive as of Dec 31, 2012 100% 33% 28% 100% 100% 81% 

    Alive as of Dec 31, 2013 100% 32% 23% 39% 100% 74% 

    Alive as of Dec 31, 2014 97% 31% 22% 22% 94% 69% 

       

Survival (Row Percent) 
      

    Alive as of Dec 31, 2011 18% 6% 12% 10% 54% 
 

    Alive as of Dec 31, 2012 19% 7% 4% 11% 59% 
 

    Alive as of Dec 31, 2013 21% 7% 4% 5% 64% 
 

    Alive as of Dec 31, 2014 21% 7% 4% 3% 65% 
 

 

Note: survival is calculated based on vital record date of death, as of March 2016, which is known for all patients including those who lost coverage. 
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Table 3.2. Demographic Characteristics by Trajectory Group 

  

  

Trajectory 1: 

Return to 

Median                                    

 

3,255 

15% 

Trajectory 2: 

Immediate 

Drop Off                                     

 

3,359 

16% 

Trajectory 3: 

Gradual Fall                                     

 

 

2,591 

12% 

Trajectory 4: 

Delayed Fall                                   

 

 

1,888 

9% 

Trajectory 5: 

Sustained 

High                                     

 

10,090 

48% 

 

Total                                       

 

 

21,183 

100% 

Age 
      

    Mean 55.4 63.1 66.1 66.5 61.7 61.9 

    Median 57 65 68 69 63 63 

    Q1, Q3 44.0, 67.0 52.0, 78.0 57.0, 78.0 58.0, 78.0 53.0, 72.0 52.0, 74.0 

    Range (19.0-98.0) (19.0-101.0) (19.0-98.0) (19.0-98.0) (19.0-96.0) (19.0-101.0) 

Gender 
      

    Female 47% 44% 46% 48% 51% 48% 

    Male 53% 56% 54% 52% 50% 52% 

Race/Ethnicity 
      

    White 53% 52% 55% 53% 49% 51% 

    Black 12% 15% 14% 16% 17% 16% 

    Hispanic 25% 22% 23% 23% 26% 25% 

    Asian and Pacific Islander 9% 6% 6% 7% 7% 7% 

    Other 2% 4% 1% 1% 1% 2% 

Marital Status 
      

    Partnered 55% 50% 52% 53% 57% 55% 

    Un-partnered 34% 41% 41% 40% 37% 38% 

    Missing 11% 9% 7% 7% 6% 8% 

Insurance Type 
      

    Commercial 67% 45% 35% 31% 39% 43% 

    Medicare 27% 50% 60% 64% 54% 51% 

    Medicaid 2% 1% 2% 1% 2% 2% 

    Medicare/Medicaid 0% 1% 1% 1% 2% 1% 

    Self-Pay 5% 4% 2% 2% 3% 3% 

Tobacco Use 
      

    Yes 7% 9% 8% 7% 6% 7% 

    Quit 36% 45% 47% 47% 44% 43% 

    Never 54% 43% 43% 44% 48% 47% 

    Passive 1% 1% 1% 0% 1% 1% 

    Missing 3% 4% 2% 2% 2% 2% 

Body Mass Index (BMI) 
      

    Underweight (<18.5) 2% 6% 5% 4% 2% 3% 
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Trajectory 1: 

Return to 

Median                                    

 

3,255 

15% 

Trajectory 2: 

Immediate 

Drop Off                                     

 

3,359 

16% 

Trajectory 3: 

Gradual Fall                                     

 

 

2,591 

12% 

Trajectory 4: 

Delayed Fall                                   

 

 

1,888 

9% 

Trajectory 5: 

Sustained 

High                                     

 

10,090 

48% 

 

Total                                       

 

 

21,183 

100% 

    Normal weight (18.5-24.9) 29% 39% 37% 34% 28% 31% 

    Overweight (25-29.9) 35% 28% 31% 31% 33% 32% 

    Obese (>30) 33% 26% 28% 31% 37% 33% 

    Missing 1% 1% 1% 0% 0% 1% 

 

Note: Demographic characteristics are captured as of January 1, 2010, the start of the base year in which patients incurred top one percent spending. 
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Table 3.3. Top Ten Clinical Characteristics of Each Trajectory Group 

  Trajectory 1: 

Return to 

Median                                    

 

3,255 

15% 

Trajectory 2: 

Immediate 

Drop Off                                     

 

3,359 

16% 

Trajectory 3: 

Gradual Fall                                     

 

 

2,591 

12% 

Trajectory 4: 

Delayed Fall                                   

 

 

1,888 

9% 

Trajectory 5: 

Sustained 

High                                     

 

10,090 

48% 

Vascular Disease and Atherosclerosis 23% 49% 54% 52% 39% 

Coronary Artery Disease 18% 21% 23% 22% 19% 

Protein-Calorie Malnutrition 18% 41% 37% 31% 22% 

Specified Heart Arrhythmias 17% 29% 31% 30% 22% 

Congestive Heart Failure 15% 37% 41% 41% 28% 

Diabetes with Complications 14% 33% 40% 45% 37% 

Major Depressive, Bipolar, and Paranoid Disorders 13% 20% 22% 23% 23% 

Septicemia, Sepsis, Systemic Inflammatory Response Syndrome 11% 24% 19% 17% 13% 

Intestinal Obstruction/Perforation 11% 12% 11% 11% 9% 

Acute Renal Failure 11% 22% 19% 17% 14% 

Dialysis Status 1% 15% 24% 27% 23% 

Other Significant Endocrine and Metabolic Disorders 4% 17% 23% 25% 23% 

Chronic Obstructive Pulmonary Disease 7% 21% 22% 22% 14% 

 

Note: The top ten clinical conditions are ranked within each trajectory group, and are shown in black font. Grey font is used for clinical characteristics that were 

outside of the list of top 10 conditions for a given trajectory group, but were within the top 10 for at least one other group.   
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Table 3.4. Cross Tabulation of Latent Class by Trajectory Group 

  

  

Trajectory 

1: 

Return to 

Median                                    

 

3,255 

15% 

Trajectory 

2: 

Immediate 

Drop Off                                     

 

3,359 

16% 

Trajectory 

3: 

Gradual Fall                                     

 

 

2,591 

12% 

Trajectory 

4: 

Delayed Fall                                   

 

 

1,888 

9% 

Trajectory 

5: 

Sustained 

High                                     

 

10,090 

48% 

 

Total                                       

 

 

 

21,183 

100% 

Latent Class Group (Row Percent) 
      

Class 1: End-Stage Renal Disease 0% 8% 12% 12% 68% 100% 

Class 2: Neurologic & Catastrophic 21% 18% 12% 8% 42% 100% 

Class 3: Cardiovascular & Pulmonary 13% 14% 12% 10% 50% 100% 

Class 4: Diabetes with Multiple Comorbid Conditions  2% 18% 20% 13% 47% 100% 

Class 5: Specialized Treatments 14% 20% 13% 8% 44% 100% 

Class 6: Acute Exacerbation of Chronic Illness 9% 27% 18% 11% 34% 100% 

Class 7: Few Comorbidities 27% 13% 8% 6% 46% 100% 

Total 15% 16% 12% 9% 48% 100% 

       

Latent Class Group (Column Percent) 
      

Class 1: End-Stage Renal Disease 0% 6% 12% 15% 17% 12% 

Class 2: Neurologic & Catastrophic 7% 6% 5% 5% 5% 5% 

Class 3: Cardiovascular & Pulmonary 14% 15% 17% 20% 18% 17% 

Class 4: Diabetes with Multiple Comorbid Conditions  1% 9% 13% 11% 8% 8% 

Class 5: Specialized Treatments 13% 18% 14% 13% 13% 14% 

Class 6: Acute Exacerbation of Chronic Illness 7% 19% 16% 14% 8% 11% 

Class 7: Few Comorbidities 58% 27% 22% 21% 32% 33% 

Total 100% 100% 100% 100% 100% 100% 

 

Note: Group assignment is made for both analyses based on greatest probability assignment rules, and is tabulated as if it is a fixed trait.  
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Figure 3.6. Proportional Distribution of Latent Classes across Trajectories of Spending Over Time 

 

Note:  Stacked columns represent row percent data shown in Table 3.4. 
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Appendix Table a3.1. Quarterly Spending Cut Points for Percentiles of the Total 

Population Cost Distribution in 2010 

Percentile 

Quarterly 

Spending 

Threshold 

 Percentile 

Quarterly 

Spending 

Threshold 

 Percentile 

Quarterly 

Spending 

Threshold 

0% $0  42% $229  72% $721 

13% $2  43% $239  73% $753 

14% $10  44% $249  74% $786 

15% $23  45% $259  75% $822 

16% $33  46% $270  76% $861 

17% $37  47% $281  77% $903 

18% $44  48% $292  78% $948 

19% $52  49% $304  79% $997 

20% $59  50% $315  80% $1,051 

21% $66  51% $327  81% $1,110 

22% $71  52% $329  82% $1,175 

23% $78  53% $352  83% $1,247 

24% $85  54% $365  84% $1,326 

25% $93  55% $379  85% $1,417 

26% $100  56% $393  86% $1,518 

27% $107  57% $408  87% $1,629 

28% $114  58% $422  88% $1,758 

29% $121  59% $438  89% $1,906 

30% $129  60% $454  90% $2,078 

31% $135  61% $471  91% $2,276 

32% $143  62% $489  92% $2,513 

33% $151  63% $507  93% $2,800 

34% $159  64% $526  94% $3,150 

35% $167  65% $546  95% $3,602 

36% $175  66% $567  96% $4,209 

37% $184  67% $590  97% $5,099 

38% $193  68% $613  98% $6,551 

39% $201  69% $638  99% $10,010 

40% $210  70% $663  100% $907,927 

41% $220  71% $691    

 

Note: Cut-points were used to translate 2011 through 2014 quarterly spending to a percentile distribution.  These 

cut-points are based on the cost distribution for the complete continuously enrolled adult population of Kaiser 

Permanente Southern California in 2010.  The bottom 13% of patients had zero spending and are grouped together 

into a single category.
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Appendix Table a3.2. Clinical Characteristics by Trajectory Group 

  

  

Trajectory 

1: 

Return to 

Median                                    

 

3,255 

15% 

Trajectory 

2: 

Immediate 

Drop Off                                     

 

3,359 

16% 

Trajectory 

3: 

Gradual 

Fall                                     

 

2,591 

12% 

Trajectory 

4: 

Delayed 

Fall                                   

 

1,888 

9% 

Trajectory 

5: 

Sustained 

High                                     

 

10,090 

48% 

 

Total                                       

 

 

 

21,183 

100% 

CMS-HCCs (Column Percent)       

    HIV/AIDS 1% 1% 1% 1% 2% 2% 

    Septicemia, Sepsis, Systemic Inflammatory Response Syndrome 11% 24% 19% 17% 13% 16% 

    Opportunistic Infections 1% 3% 2% 2% 2% 2% 

    Blood and Lymph Neoplasms 5% 20% 15% 11% 8% 10% 

    Solid Tumor 9% 11% 14% 12% 13% 12% 

    Diabetes with Complications 14% 33% 40% 45% 37% 34% 

    Diabetes without Complication 7% 6% 6% 5% 6% 6% 

    Protein-Calorie Malnutrition 18% 41% 37% 31% 22% 27% 

    Morbid Obesity 7% 7% 8% 8% 10% 9% 

    Other Significant Endocrine and Metabolic Disorders 4% 17% 23% 25% 23% 19% 

    End-Stage Liver Disease 1% 3% 3% 2% 2% 2% 

    Cirrhosis of Liver 1% 2% 2% 2% 1% 1% 

    Chronic Hepatitis 1% 2% 3% 3% 3% 3% 

    Intestinal Obstruction/Perforation 11% 12% 11% 11% 9% 10% 

    Chronic Pancreatitis 1% 1% 1% 1% 1% 1% 

    Inflammatory Bowel Disease 2% 2% 2% 2% 2% 2% 

    Bone/Joint/Muscle Infections/Necrosis 3% 4% 5% 5% 5% 4% 

    Rheumatoid Arthritis and Inflammatory Connective Tissue Disease 3% 6% 7% 7% 8% 6% 

    Severe Hematological Disorders 1% 4% 3% 2% 2% 2% 

    Disorders of Immunity 2% 7% 5% 4% 4% 4% 

    Coagulation Defects and Other Specified Hematological Disorders 8% 15% 14% 12% 11% 12% 

    Substance Use 9% 12% 11% 11% 11% 11% 

    Schizophrenia 1% 2% 2% 1% 2% 2% 

    Major Depressive, Bipolar, and Paranoid Disorders 13% 20% 22% 23% 23% 21% 

    Paralysis and Coma 3% 5% 3% 3% 3% 3% 

    Spinal Cord Disorders/Injuries 2% 2% 2% 1% 2% 2% 

    Degenerative Neurological Conditions 2% 4% 4% 3% 2% 3% 

    Polyneuropathy 1% 2% 1% 2% 1% 1% 

    Seizure Disorders and Convulsions 5% 7% 8% 7% 6% 6% 

    Cardio-Respiratory Failure or Arrest 10% 20% 17% 17% 11% 14% 
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Trajectory 

1: 

Return to 

Median                                    

 

3,255 

15% 

Trajectory 

2: 

Immediate 

Drop Off                                     

 

3,359 

16% 

Trajectory 

3: 

Gradual 

Fall                                     

 

2,591 

12% 

Trajectory 

4: 

Delayed 

Fall                                   

 

1,888 

9% 

Trajectory 

5: 

Sustained 

High                                     

 

10,090 

48% 

 

Total                                       

 

 

 

21,183 

100% 

    Congestive Heart Failure 15% 37% 41% 41% 28% 30% 

    Coronary Artery Disease 18% 21% 23% 22% 19% 20% 

    Specified Heart Arrhythmias 17% 29% 31% 30% 22% 24% 

    Vascular Disease and Atherosclerosis 23% 49% 54% 52% 39% 41% 

    Stroke 10% 12% 9% 9% 7% 9% 

    Post-Stroke Paralysis 5% 9% 8% 8% 6% 7% 

    Lung Fibrosis 2% 4% 4% 3% 3% 3% 

    Chronic Obstructive Pulmonary Disease 7% 21% 22% 22% 14% 16% 

    Lung Infection 6% 12% 9% 7% 5% 7% 

    Diabetic/Other Retinopathy 1% 7% 11% 12% 10% 9% 

    Chronic Kidney Disease 0% 2% 2% 2% 3% 2% 

    Dialysis Status 1% 15% 24% 27% 23% 19% 

    Acute Renal Failure 11% 22% 19% 17% 14% 16% 

    Pressure Ulcer 2% 7% 5% 4% 2% 3% 

    Chronic Ulcer of Skin, Except Pressure 2% 6% 9% 7% 6% 6% 

    Severe Head Injury or Burn 5% 5% 3% 3% 2% 3% 

    Vertebral Fractures without Spinal Cord Injury 4% 6% 4% 4% 3% 4% 

    Hip Fracture/Dislocation 5% 7% 6% 5% 3% 5% 

    Amputations and Related Complications 2% 5% 7% 6% 4% 4% 

    Complications of Specified Implanted Device or 8% 11% 11% 12% 11% 10% 

    Artificial Openings for Feeding or Elimination 8% 10% 10% 8% 6% 7% 

    Respirator Dependence/Tracheostomy Status 2% 4% 3% 3% 2% 2% 

    Major Organ Transplant or Replacement Status 1% 3% 2% 2% 3% 2% 

    Pregnant at any time during CY2010 7% 2% 1% 1% 1% 2% 

    Birth during CY2010 5% 1% 0% 1% 1% 1% 

CMS-HCCs (Row Percent)       

    HIV/AIDS 5% 9% 8% 8% 71%  

    Septicemia, Sepsis, Systemic Inflammatory Response Syndrome 11% 24% 15% 10% 41%  

    Opportunistic Infections 8% 28% 12% 8% 45%  

    Blood and Lymph Neoplasms 7% 31% 18% 10% 35%  

    Solid Tumor 12% 15% 14% 9% 50%  

    Diabetes with Complications 6% 15% 15% 12% 52%  

    Diabetes without Complication 18% 16% 12% 7% 47%  
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100% 

    Protein-Calorie Malnutrition 10% 24% 17% 10% 39%  

    Morbid Obesity 13% 13% 11% 8% 56%  

    Other Significant Endocrine and Metabolic Disorders 3% 14% 15% 12% 56%  

    End-Stage Liver Disease 7% 25% 18% 10% 41%  

    Cirrhosis of Liver 8% 24% 13% 14% 42%  

    Chronic Hepatitis 8% 15% 14% 11% 52%  

    Intestinal Obstruction/Perforation 17% 18% 13% 9% 43%  

    Chronic Pancreatitis 10% 21% 12% 12% 45%  

    Inflammatory Bowel Disease 13% 17% 11% 8% 53%  

    Bone/Joint/Muscle Infections/Necrosis 9% 16% 15% 11% 49%  

    Rheumatoid Arthritis and Inflammatory Connective Tissue Disease 6% 15% 13% 9% 57%  

    Severe Hematological Disorders 6% 29% 16% 6% 43%  

    Disorders of Immunity 6% 24% 13% 8% 49%  

    Coagulation Defects and Other Specified Hematological Disorders 10% 21% 15% 9% 45%  

    Substance Use 12% 17% 13% 10% 48%  

    Schizophrenia 14% 17% 15% 8% 46%  

    Major Depressive, Bipolar, and Paranoid Disorders 10% 15% 13% 10% 52%  

    Paralysis and Coma 17% 23% 12% 9% 40%  

    Spinal Cord Disorders/Injuries 15% 21% 13% 8% 43%  

    Degenerative Neurological Conditions 9% 21% 20% 10% 41%  

    Polyneuropathy 13% 20% 12% 11% 45%  

    Seizure Disorders and Convulsions 11% 19% 16% 9% 45%  

    Cardio-Respiratory Failure or Arrest 12% 24% 15% 11% 38%  

    Congestive Heart Failure 8% 19% 17% 12% 44%  

    Coronary Artery Disease 14% 17% 14% 10% 45%  

    Specified Heart Arrhythmias 11% 19% 16% 11% 44%  

    Vascular Disease and Atherosclerosis 9% 19% 16% 11% 45%  

    Stroke 17% 22% 13% 9% 39%  

    Post-Stroke Paralysis 12% 21% 15% 11% 41%  

    Lung Fibrosis 11% 22% 16% 9% 42%  

    Chronic Obstructive Pulmonary Disease 7% 21% 17% 12% 43%  

    Lung Infection 13% 27% 16% 10% 35%  

    Diabetic/Other Retinopathy 2% 14% 16% 13% 56%  
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    Chronic Kidney Disease 4% 12% 11% 11% 62%  

    Dialysis Status 1% 13% 16% 13% 58%  

    Acute Renal Failure 11% 22% 15% 10% 42%  

    Pressure Ulcer 8% 33% 20% 12% 27%  

    Chronic Ulcer of Skin, Except Pressure 5% 16% 19% 11% 49%  

    Severe Head Injury or Burn 25% 22% 10% 8% 35%  

    Vertebral Fractures without Spinal Cord Injury 17% 24% 14% 10% 36%  

    Hip Fracture/Dislocation 16% 24% 16% 10% 35%  

    Amputations and Related Complications 8% 18% 20% 11% 44%  

    Complications of Specified Implanted Device or 11% 16% 13% 10% 49%  

    Artificial Openings for Feeding or Elimination 16% 22% 16% 10% 36%  

    Respirator Dependence/Tracheostomy Status 14% 25% 15% 12% 34%  

    Major Organ Transplant or Replacement Status 5% 17% 11% 9% 59%  

    Pregnant at any time during CY2010 55% 16% 3% 5% 21%  

    Birth during CY2010 57% 14% 3% 5% 21%  

 

Note: CMS-HCCs are calculated for calendar year 2010 diagnosis codes. The clinical features of each group are likely to have evolved over the follow-up period; 

only clinical status during 2010 is shown in this table.
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CHAPTER 4. WHO REMAINS HIGH COST AND WHY? THE ROLE OF 

NEIGHBORHOOD DEPRIVATION AS A RISK FACTOR FOR 

PERSISTENTLY HIGH HEALTH CARE EXPENDITURES  

4.1. Abstract 

Background 

Concern over national health care spending in the United States frequently centers on spending 

by patients with complex needs and high costs. Longitudinal spending patterns by patients with 

extreme utilization at a point in time are of great interest to health systems, payers, and 

providers. But for many high cost patients, spending will naturally regress to moderate levels 

relatively quickly. In prior analyses of patients with high costs, we identified a subgroup with 

limited and isolated illness during the initial high-cost year, and more than half of them remained 

high cost over four years of follow up. This study assess risk factors for sustained high spending 

and tests the importance of neighborhood deprivation. 

Setting and Population 

This study is set within the adult membership of Kaiser Permanente Southern California. We 

focused on one segment of high-cost patients: those with Few Comorbidities (n = 7,014). We 

further limited the population to patients with a “Return to Median” (n=1,873) or “Sustained 

High” (n=3,253) spending pattern over time. 

Methods 
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We used mixed effects logistic regression to adjust for the clustering of the population at the 

neighborhood level. We included individual characteristics (age, sex, race/ethnicity, marital 

status, insurance type, body mass index, and tobacco use), health status (baseline DxCG score), 

and an index of neighborhood deprivation in the model. The outcome was sustained high 

spending. 

Results 

We found no significant association between neighborhood deprivation and sustained high 

spending. Men and Asian/Pacific Islanders had lower odds of sustained high spending, and 

current smokers, people without a partner/spouse, and Medicaid beneficiaries had higher odds of 

sustained high spending. Baseline health status had a significant effect, and post-hoc analyses 

uncovered a substantial divergence in health status over time between the two groups. 

Conclusions 

While our original hypothesis was not held up by the data, we incidentally found a pattern of 

diverging health status/risk profiles over time for the two trajectory groups. We lacked data on 

individual-level social determinants, and a similar analysis with other measures in this domain 

could yield different findings.  

4.2. Introduction 

Concern over national health care spending in the United States frequently centers on spending 

by patients with complex needs and high costs (Congressional Budget Office, May 2005). Trials 

aimed at improving the value of care for high-cost patients have proliferated in recent years, led 

in part by the Centers for Medicare and Medicaid Services (CMS). Through waivers and other 
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federally-sponsored programs, CMS and the Center for Medicare and Medicaid Innovation 

(CMMI) have sought to drive innovation in the arena of care for patients with complex needs 

(Mann, 24 July 2013).  

Longitudinal spending patterns by patients with extreme utilization at a point in time are of great 

interest to health systems, payers, and providers. Previous research has shown that for many 

patients with high costs, spending will naturally regress to moderate levels relatively quickly 

(Johnson, Rinehart, et al., 2015). These patients for whom high spending is transient do not 

present a substantial opportunity for improvement because their costs subside without any 

specific intervention. On the other hand, there are some patients who have sustained high costs 

over a multi-year period (Cohen, Ezzati-Rice, & Yu, 2006). Even small reductions in per patient 

spending within this group could yield large budget savings. 

In prior analyses of patients with high costs, we identified a subgroup with limited and isolated 

illness during the initial high-cost year. These patients were classified together as a relatively 

homogenous group from a clinical standpoint, compared to other high-cost patients. They had 

the fewest chronic and acute conditions and the best survival prognosis among all groups of 

patients with high costs. We followed these high-cost patients forward in time to model their 

trajectories of spending over a four-year follow-up period, and found five distinct classes of 

patients. Two classes experienced stable spending over time. The first regressed to a median 

level of spending immediately after the high-cost year, and maintained that level over four years, 

while the second sustained a very high level of spending (around the 90th percentile) that was 

persistent throughout the follow-up period. The remaining three classes of patients were 

dominated by individuals who died in the first, second, and third years of follow-up, 

respectively. 
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Patients with sustained high spending have been called “emblematic” of failures in the health 

care system (Kanzaria & Hoffman, 2016). It is argued that these patients represent missed 

opportunities to provide the right care, at the right time, and in the right place. These health 

system failures may be amplified by failures of social services and by social determinants of 

health. The United States spends more on health care services than other developed nations, but 

less on social services as a share of total gross domestic product (Fuchs, 2013; Organization for 

Economic Co-operation and Development (OECD), 2012; Reinhardt et al., 2004).  

This study tests the relationship between neighborhood deprivation and persistent high spending 

by patients with high costs. We hypothesized that among high cost patients, social determinants 

were associated with diverging spending profiles over time. We leverage our prior work, and 

investigate specifically the subset of high-cost patients with isolated illness during the initial 

high-cost year. We focus on this group because we were unable to find any readily available 

explanation for their extreme spending at baseline, and a surprisingly large proportion of them 

continued to exhibit relatively high spending over several years of follow-up. We theorized that 

these patients with isolated illness were experiencing the effects of underlying social 

determinants of health, and that those with sustained high spending had a greater burden of social 

determinants than those whose spending resolved after a single high-cost year.   

Conceptual Framework 

Many individual characteristics and behaviors such as increasing age, smoking status and obesity 

are generally known to be risk factors for chronic and acute conditions, which are in turn tied to 

higher utilization of health care services. Increasingly, social determinants are also recognized as 

a critical factor driving health and utilization (Messer et al., 2006), particularly for patients with 

complex needs and high costs (Heiman & Artiga, 2015; Mautner et al., 2013).  
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There are two basic accepted explanations for health inequality, which are generally agreed to be 

co-occurring rather than mutually exclusive (Kawachi, Subramanian, & Almeida-Filho, 2002). 

Perhaps most intuitive is the relationship between socioeconomic status and real access to 

material goods (food, shelter, credit, transport, etc.), which has been called the “absolute 

poverty” model (Kawachi et al., 2002; Klijs et al., 2016). Also present are the psychosocial and 

behavioral effects of stress stemming from material deprivation and the experience of relative 

disadvantage compared to others (Kawachi et al., 2002), which has been termed the “relative 

poverty” model (Klijs et al., 2016).  

In the domain of social determinants and health inequalities, neighborhood context is an area of 

increasing study (Kawachi et al., 2002). Conceptual models and theoretical framing have posited 

multiple possible linkages between neighborhood conditions and health outcomes (Kawachi et 

al., 2002). Place or context can be understood to impact health through collective group norms 

and behaviors that impact health, and through the features of places such as infrastructure, 

resources, and environmental factors. Studies investigating the effect of the neighborhood on 

health have shown a clear direct effect neighborhood context (Messer et al., 2006), as well as 

interactions with other characteristics such as gender (see (Barber, Hickson, Kawachi, 

Subramanian, & Earls, 2016) for example).   

In our conceptual model, individual and family, social and contextual, and health care system 

factors all impact utilization. We focus on the role of Neighborhood deprivation – the context in 

which people live – as the primary relationship of interest. Neighborhood deprivation is 

potentially associated with extreme patterns of health care utilization via two mechanisms. First, 

by a direct and positive association with worsening health status over time (the absolute poverty 

model), and second, by moderating the relationship between health status and utilization (the 
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relative poverty model). Our conceptual framework denoting these possible relationships is 

shown in Figure 4.1.  

There are theoretical rationales for both potential pathways of association. Focusing on the 

direct-effect conceptualization (“Path A”), we can argue that low-income neighborhoods 

frequently have worse access to healthy foods, and to safe environments for outdoor recreation, 

and have greater emotional and psychological stress, and other characteristics. These are material 

manifestations or consequences of the neighborhood context.  

In an alternative pathway (“Path B”), neighborhood context changes the relationship between 

health status and utilization. For individuals coping with poor health status, neighborhood 

deprivation may exacerbate high-intensity utilization. This could operate for example by causing 

delays in care seeking, creating barriers to self-management and health maintenance behaviors, 

or through reliance on ambulance transport when care is needed. In contrast for patients with 

similarly poor health status, living in a resource rich neighborhood may attenuate their 

utilization.  

In both of these pathways, our hypothesis would suggest a positive association between NDI and 

extreme patterns of healthcare utilization because low income would drive worse health status 

and therefore greater need for services. Alternatively, a negative coefficient on NDI is a plausible 

finding which would represent worse access to care and other generally recognized barriers to 

care for people with low income.  

Our study is based within Kaiser Permanente Southern California. In this integrated health care 

system, material access to care and quality of care is generally equivalent in that all patients have 

access to the same providers and facilities, are assigned a primary care doctor, and have 
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minimum comparable covered benefits. This is an advantage for our study, because the 

associations between income, health status, and health outcomes are typically influenced by 

differential access to care and quality of care depending in part on income. Lower income 

patients outside of Kaiser Permanente may visit safety net facilities which may in some instances 

be overburdened or have fewer resources to offer.  

Aims 

The first aim of this study was to measure the association between neighborhood deprivation and 

the experience of sustained high healthcare spending over time. Second, we aimed to evaluate 

whether neighborhood deprivation moderates the relationship between health status and health 

care utilization, after adjusting for individual-level demographic and clinical covariates. 

4.3. Methods 

This is a retrospective observational study. The study was approved by the Institutional Review 

Boards at Kaiser Permanente Southern California and University of California, Los Angeles; no 

patient consent was required for this data-only study. 

4.3.1. Data Source and Setting 

We used data from Kaiser Permanente Southern California, an integrated delivery system with a 

comprehensive electronic medical record that provides care to over 4 million members in 14 

hospitals and over 200 medical offices (Permanente, 2015). At the time of this study, Kaiser 

Permanente Southern California had a penetration rate of nearly 16 percent of the total 

population in the geographic areas served. The membership is diverse, and is generally 
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representative of the population of Southern California (Koebnick et al., 2012). Data sources 

included Kaiser Permanente membership records, integrated claims, electronic medical records, 

administrative data repositories, area-level estimates from census-linked data, and data from 

managed research databases linked to vital statistics and other public data. 

4.3.2. Study Population 

We drew the initial population from among all 2,714,005 adult members of Kaiser Permanente 

Southern California in 2010. A sample selection diagram is shown in Figure 4.2. We focused on 

the 2,118,343 adults with continuous membership in 2010 (and excluded those with partial year 

membership or missing membership data in 2010), and then selected the top one percent of the 

population with respect to total health care spending during 2010, to arrive at a population of 

21,183 high-cost adults.  

For this study, we then limited the population to one segment of patients: those with “Few 

Comorbidities” from Chapter Two of this dissertation (n = 7,014). We further focused the study 

on those with a “Return to Median” (n=1,873) or “Sustained High” (n=3,253) spending 

trajectory from Chapter Three of this dissertation. These criteria yielded a sample of 5,126 

patients. Finally, we excluded 11 patients for whom no geocoded address was available in the 

Kaiser Permanente data systems (and thus neighborhood was unknown), and 6 patients for whom 

the DxCG risk score in 2010 could not be calculated, for a final sample of 5,109 individuals.  

4.3.3. Variable Creation 

Outcome 
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The outcome variable was a binary variable capturing membership in the return to median versus 

the sustained high spending trajectory group. Trajectory group membership was an output of the 

second aim of this dissertation, and is described in detail in Chapter 3. The unit of observation 

was the individual.  

Independent variables 

Independent variables included neighborhood-level deprivation data and individual-level 

measures.  

Neighborhood Deprivation. We measured neighborhood deprivation using the Neighborhood 

Deprivation Index (NDI) developed by Messer et al. (Messer et al., 2006). The NDI is a 

composite measure of economic resources at the census tract level, based on data captured in the 

US Census and the American Community Survey. Higher NDI scores indicate greater 

disadvantage.  

The index construction has been explained fully elsewhere (Messer et al., 2006). To summarize, 

eight variables capturing education, income, poverty, employment, housing, and occupation were 

selected through a principle components analysis, and were then weighted to generate a score 

through a second principle components analysis (Messer et al., 2006). 

Kaiser Permanente routinely links census tract-level estimates from the NDI to individual patient 

records using geo-coded address data within a maintained data repository (the Geographically 

Enriched Member Socio-Demographics or GEMS datamart). There are examples of other health 

care systems that use area-level index scores as a proxy for patient-level socioeconomic status, 

and to study the presence of area-level effects (Knighton, Savitz, Belnap, Stephenson, & 

VanDerslice, 2016).  
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Individual-level variables. We selected individual-level variables based on the conceptual model 

and on data availability. Final variables included: age, gender, race/ethnicity, marital status, 

smoking status, body mass index, insurance coverage type, and health status. Each variable is 

described in detail below. 

Age was calculated from date of birth to January 1, 2010. 

Gender, race/ethnicity, and marital status were all captured from the most recent self-reported 

data for each patient as of January 1, 2010. Data are routinely captured during acute care 

encounters and periodically in ambulatory clinic encounters. Gender was classified as male, 

female, or other. Race/ethnicity was classified as Black, White non-Hispanic, Hispanic, 

Asian/Pacific Islander, Other and Unknown. Other race included Alaska Native, Native 

American, and all others. Marital status was classified as partnered, un-partnered, or unknown. 

Partnered included the self-reported statuses of married, common law, and registered domestic 

partner. Un-partnered included self-reported status of single, legally separated, divorced, 

widowed, separated, and “other.”  

Insurance coverage type was captured as of January 1, 2010, and was classified as Commercial, 

Medicare, Medicaid, Self-Pay, and Dual Medicare/Medicaid. We combined the duals with other 

Medicaid-covered individuals because there were few duals and we believed duals were more 

alike Medicaid patients with regard to socioeconomic status. 

Smoking status was based on most recent self-reported status available in the electronic medical 

record as of January 1, 2010. Smoking status was classified as current smoker, former smoker 

(quit), never smoker (includes passive smokers), and unknown.  
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Body mass index was based on the most recent biometric data available in the electronic medical 

record as of January 1, 2010. Continuous body mass index score was categorized using the 

accepted thresholds for underweight, normal weight, overweight, or obese.  

Clinical status at baseline was captured using the DxCG prospective medical risk score for the 

calendar year of 2010. Kaiser Permanente is a licensed user of the Verisk Health software that 

calculates this industry standard actuarial measure. Higher scores indicate greater risk of 

spending in the future year. The DxCG algorithm has been described fully elsewhere (Centers 

for Medicare and Medicaid Services, 2015; Wagner et al., 2016). We also captured DxCG score 

for each year in the follow-up period, and retained all 79 specific CMS-HCC indicator variables 

for each person and each year, so we could follow the progression of clinical status over time in 

each sub-group.  

4.3.4. Statistical Analyses 

First, we completed descriptive analyses of the dependent and independent variables. We 

assessed the univariate characteristics of NDI for the outcome variable (trajectory group 

membership), and for the individual-level predictor variables. We also checked correlations 

between the independent variables. 

We used mixed effect “hierarchical” or “multilevel” logistic regression models to account for the 

clustering of the data at the neighborhood level. A multilevel analytic approach is necessary to 

account for the clustering of the data, in this case at the neighborhood level, particularly when 

that clustering is of interest to the research question. Multilevel models can accommodate several 

levels of clustering or hierarchy in the data. The model estimates variance at each level of the 
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hierarchy; thus sample size must be adequate at each level of clustering. We completed the final 

models using the xtmelogit routine in Stata 14, adjusted for clustering at the neighborhood level.  

To empirically test our conceptual model, we first fitted a model adjusted only for neighborhood 

deprivation (NDI) to determine the unadjusted log odds of sustained high spending given 

neighborhood deprivation. Next, we added age and sex (model 2) and other individual-level 

covariates (model 3). In Model 4 we added an adjustment for individual health status at baseline. 

Finally, we added an interaction term between clinical characteristics and neighborhood 

deprivation (model 5). This interaction term between health status and neighborhood deprivation 

allowed us to evaluate the presence of the moderating relationship denoted in Path B of our 

conceptual model. 

Sensitivity Analyses 

We tested a linear probability model framework, which models binomial data in an OLS 

regression, as well as a naïve simple logistic model. If clustered data are modelled in a naïve 

framework, such as a simple ordinary least squares (OLS) or logistic framework, we would have 

concern that standard errors are underestimated because of the violation of the assumption that 

observations are independent of one another.  

We also tested alternative methods of accounting for the clustered nature of the data, including a 

logistic model with a clustering correction and robust standard errors, and a generalized 

estimating equation (GEE) model with a binary distribution, logit link, and an independent 

correlation matrix. The GEE model treats clustering as a nuisance that should be adjusted away, 

but is a simpler model than mixed effects logistic regression. GEE is sufficient when cluster-

level profiling is not required for the inferential questions at hand (Hubbard et al., 2010; 
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Subramanian & O’Malley, 2010).We tested mixed effects logistic regression implemented via 

the GLMER routine in the R statistical analysis package (to compare with the STATA 

implementation). 

We tested a version of the STATA mixed effects logistic model with NDI and DxCG as 

categorical variables (low, moderate, high) in place of continuous scores. For these models, we 

created categorical versions of NDI and DxCG, in which we classified the scores as low (greater 

than one standard deviation below the mean), moderate (within one standard deviation of the 

mean), or high (greater than one standard deviation above the mean).  

The study results were robust to every tested model specification and analysis package in both 

direction and significance of point estimates.  

4.3.5. Limitations 

To operationalize this analysis, we treated latent class assignments from Chapter Two (clinical 

clusters) and Chapter Three (trajectory groups) of this dissertation as fixed traits. This has the 

disadvantage of losing information about measurement error that is a central feature of the finite 

mixture methods used in the first two aims of this dissertation. The risk from treating class 

assignment as a fixed trait is an underestimation of the standard errors in subsequent analyses. 

Class assignments from both analyses met the rule of thumb for good model fit (greater than 

80% probability of class assignment) and in the trajectory analysis in Chapter Three were greater 

than 97%. To account for the loss of information regarding measurement error, we used robust 

standard errors in the statistical analyses for this study. 
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We lacked data on familial and household relationships beyond marital status. We were unable 

to discern any possible additional clustering of individuals in this study other than shared 

neighborhood geography. We also did not assess movement between neighborhoods which may 

have occurred during the period of follow-up. We included data on the characteristics of the 

neighborhood in which each patient lived during 2010, the base year of top one percent 

spending. 

Kaiser Permanente does not capture individual-level data on social determinants such as income 

and education, although we had data on marital status. We used insurance coverage type as a 

proxy for individual income, but this is an imperfect approximation of personal economic 

resources. Some demographic data were also missing in this sample. We opted to include all 

patients in the study regardless of missing data for covariates, and classified those with missing 

data as ‘unknown’ because we believe data are missing systematically, since many demographic 

fields are captured at the point of care and thus patients with more frequent utilization may be 

less likely to have missing data. 

The number of patients in each neighborhood was very low, which is not unexpected given that 

we are focusing on a sub-group of the most costly one percent of Kaiser Permanente Southern 

California’s adult membership. This is not an issue in model specification and does not impact 

the efficiency or consistency of the multivariate regression. 

4.4. Results 

The study population was distributed across 2,785 census tracts in Southern California according 

to their 2010 address of residence. Census tracts in the study had a mean population of 1.84 

patients in our study, ranging from 1 to 14 patients per census tract. The intraclass correlation 
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coefficient was 0.05539 which is small and suggests that the clustering effect in this study is 

minimal. 

NDI scores averaged 0.1295 and ranged from -1.4425 to 5.3793 in the study population as a 

whole, indicating substantial differences in level of deprivation between the neighborhoods in 

our study. However, comparing the NDI scores for both levels of the outcome variable in simple 

descriptive analysis, we found very little evidence that neighborhood deprivation was associated 

with sustained high spending. On average, NDI scores in the sustained high spending group were 

0.1217 and in the return to median group were 0.1431. Higher NDI scores indicate greater 

deprivation (Table 4.1).  

At baseline (in 2010), the population in the sustained high spending trajectory was older (mean 

age of 57 compared to 50), and a greater proportion were White non-Hispanic and covered by 

Medicare (Table 4.1). There was no substantial difference in proportion partnered (married or 

domestic partnership), and slightly more of the sustained high spending group were current or 

former smokers and were obese. At baseline, the DxCG risk score for the two trajectory groups 

was somewhat different. In the return to median spending group, DxCG prospective medical risk 

score as 5.9 compared to 9.5 in the sustained high spending group. These results suggest that the 

trajectory analysis, which grouped patients according to their cost trajectory over four years, 

further discriminated between sub-types of individuals within the class of relatively homogenous 

patients according to their clinical conditions at baseline. Patients within each of the trajectory 

groups of interest in this study were different according to their baseline characteristics.  

We fitted five sequential multilevel models regressing NDI and increasing numbers of covariates 

on membership in the sustained high spending category. Table 4.2 shows coefficient estimates, 

standard errors, and significance levels for all five models. In Model 1, NDI was negatively 
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associated with sustained high spending, but the relationship was not significant. As we added 

age and gender (Model 2) and other individual-level characteristics (Model 3), the associations 

between most regressors and the outcome remained constant. In Model 4 we added health status 

(captured by DxCG), and in the final model, we included an interaction term between clinical 

status and DxCG as suggested by our conceptual model.  

We selected the fourth model as the best fitting model. Likelihood ratio tests for pairwise 

comparisons of the increasingly complex multilevel models showed that Model 5 was not 

superior to Model 4. Moreover, the interaction term between DxCG and NDI was not significant 

in the main multilevel model or in any sensitivity analyses fitted in other estimation routines. 

Therefore, for ease of interpretation and parsimony, we focused on the model results excluding 

the interaction term. The odds ratios from Model 4 are displayed graphically in Figure 4.3.  

In all of the models, the effect of NDI was insignificant. Focusing on Model 4, we find some 

individual characteristics were significantly associated with having sustained high spending. 

Higher DxCG scores in 2010 were associated with higher log odds of sustained high spending 

(0.127, p<0.001). After controlling for DxCG and NDI, and all else equal, being in the younger 

age groups as well as the oldest group (age 85 or greater) was significantly negatively associated 

with sustained high spending, while having age 65 to 84 was significantly positively associated 

with sustained high spending. Men (-0.344, p<0.001) and people of Asian/Pacific Islander decent 

(-0.605, p<0.001) had significantly lower log odds of sustained high spending than women and 

non-Hispanic Whites, respectively. Patients with Medicaid coverage (which included so-called 

“duals’ with both Medicaid and Medicare coverage) were more likely (0.866, p<0.001) to have 

sustained high costs, as were current smokers (compared to never smokers, 0.302, p<0.05) and 

un-partnered individuals (compared to partnered individuals, 0.216, p<0.01). The highest age-
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group category only became significant after controlling for DxCG in 2010; all other variables 

maintained consistent direction and significance across each of the sequential models.  

The model results indicated that DxCG was an extremely important explanatory factor for 

spending patterns over time, with the probability of remaining in the high group increasing 

substantially as DxCG increases. Using descriptive statistics, we assessed the evolution of the 

clinical status of the two trajectory groups over time using DxCG and CMS-HCC data for 2010 

through 2014. Table 4.3 displays summary DxCG and CMS-HCC data for each trajectory group 

across years, and Table 4.4 displays the specific CMS-HCC indicators by year for each group. 

These data clearly show that clinical status deteriorated for individuals in the Sustained High 

spending group, while they remained relatively stable for individuals in the Return to Median 

spending group. At baseline (in 2010) DxCG scores between the two groups differed by roughly 

3.6 points (5.9 versus 9.5). At the end of 2014, DxCG scores differed by 5.4 points (3.0 versus 

8.4), showing a pattern of diverging health status and spending risk as time progressed.  

The two trajectory groups were notably different at baseline with regard to diagnosed major 

depression, bipolar, and paranoid disorders, and became increasingly different over time (15 

percentage points different in 2010 and 22 points different in 2014) (Table 4.4). Diabetes with 

chronic complications was also substantially different at baseline. Most rapidly diverging was 

vascular disease, which changed from 4% higher in the high spending group compared to the low 

spending group at baseline, to more than 20% higher in 2014. 

Because of collinearity between the indicator for Medicaid coverage and the NDI score, we re-

ran Model 4 without the Medicaid indicator as a final sensitivity analysis. The coefficient on 

NDI changed from -0.035 to -0.024, and remained insignificant. The null findings were robust to 

every specification tested.  
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4.5. Discussion 

We used individual characteristics and health status data to evaluate risk and protective factors 

associated with a pattern of sustained high spending, within a cohort of patients who had 

somewhat inexplicable very high spending in a base year. This cohort, which we called the “Few 

Comorbidities” group, was characterized as the least ill among all top one percent spenders in 

2010, and had the best survival prognosis and lowest age compared to all other subgroups of top 

one percent spenders. Nevertheless, a large proportion of them continued to exhibit relatively 

high spending (around the 90th percentile of the cost distribution) over the subsequent four years. 

We set out to explain this Sustained High spending, with a hypothesis that it was driven in part 

by social determinants as measured by neighborhood deprivation. 

We found no significant association between neighborhood deprivation and sustained high 

spending, both in a simple model with no covariates, and after controlling for individual-level 

characteristics (age, gender, race/ethnicity, marital status, insurance type, BMI, smoking status) 

and individual health status (measured by DxCG at baseline).  

In our main analyses, we did not control for change in DxCG during the study period because we 

believed the worsening of health status was one of the theoretical pathways through which 

neighborhood effect might operate. As a sensitivity analysis, we tested a model controlling for 

both starting and ending DxCG scores; the addition of ending DxCG did not change the direction 

or significance of the neighborhood deprivation measure. Assuming that our dataset is 

representative of the population we aimed to study, we can interpret these findings as a true 

representation of the effect of neighborhood context.  
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While our original hypothesis was not held up by the data, we incidentally found a pattern of 

diverging health status/risk profiles over time for the two trajectory groups. The Sustained High 

group had an increasing burden of positive CMS-HCCs as years progressed, and ended up with 

DxCG scores roughly 5.4 points higher than the group with Return to Median expenditures. In 

some ways, one could argue that this simply reflects the correct performance of the DxCG score, 

which is designed to estimate risk of future spending, and which will output higher scores for 

people with more encounters with the health system. However, one must necessarily ask why 

clinical status diverged so markedly for these groups over time. This study was not designed to 

address the cause of this divergence in health status, and future work should strive to understand 

the factors that explain the rapidly worsening health status of the Sustained High spending group 

(or the apparently improving health status of the Return to Median group). In addition, we will 

test future analyses of the impact of neighborhood deprivation, stratified by DxCG score at 

baseline or within a sub-sample with more uniform clinical risk at baseline. 

We lacked individual-level data on social determinants, including income (for which we used 

insurance coverage type as a proxy) and many other important characteristics. There are 

examples of other health systems that use area-level estimates of deprivation as a proxy for 

individual-level need (Knighton et al., 2016; Maroko et al., 2016). It remains plausible, however, 

that individual-level social determinants – which we were unable to measure fully – contribute to 

the explanation of the divergent clinical status and spending trajectories seen in this cohort of 

low-acuity high spenders. It is also plausible that other features of neighborhoods are more 

important to utilization trends over time than the features captured by the deprivation index we 

used. The NDI was focused entirely on measures of neighborhood economic status. It is 

unknown whether other social determinants, such as neighborhood safety, environmental 
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exposures, or other place-based factors could be linked with utilization over time. Our inability 

to find an effect at the neighborhood level does not conclusively suggest that there is no role of 

social determinants.  

We built on two prior studies, both of which produced error terms around classification of 

patients into clinical subgroups and spending trajectory groups. For the purpose of this analysis 

we treated these classifications as fixed traits. We used robust standard errors to raise the 

threshold for significance in this study, to at least partially account for the loss of measurement 

error information.  

It is possible that the Few Comorbidities group on which we focused in this study is too 

heterogeneous to discern neighborhood effects, or that the clinical conditions in this group were 

less susceptible to the pathways we elucidated in our conceptual model than other clinical sub-

groups of high cost patients such as those with end stage renal disease. Future research should 

investigate the other sub-groups we identified in Chapter Two, and consider other measures of 

social determinants and place-based risk factors. Furthermore, future research might investigate 

the role of these factors in determining which patients initially become high cost, in addition to 

assessing the association of these factors with having persistently high costs. 

Efforts to improve the value of care for patients with high costs pre-suppose that high spending is 

in some way inappropriate or inefficient. There has been in reality little progress understanding 

potential impactibility of spending (Lewis, 2010). It remains unclear when and for whom costs 

could be reduced via a case management intervention or another approach. One complicating 

factor is the heterogeneity of the high-cost population. We argue that work to characterize and 

segment high-cost patients into homogenous subgroups, and to understand non-clinical risk and 

protective factors for high spending, represents one of the most promising steps toward 



 

121 

identifying patients with impactible utilization and the matched interventions that could yield 

savings. Interventions for patients with high costs will only be effective if they are appropriately 

customized to match interventions and services to patient needs and preferences. 

While neighborhood deprivation is outside of the realm of responsibility for health systems in a 

traditional framework, there is a slowly growing national movement within health systems 

recognizing the critical role of social determinants and taking ownership for addressing them 

(Shah et al., 2016). In addition, most health systems make community benefit investments, and 

could exercise their social capital to advocate toward socially-progressive policies that improve 

the contexts in which people live. If future studies identify a clear association between 

neighborhood deprivation and utilization, it will help to define the business case for investing in 

communities. One could argue that there remains a humanitarian case for such investment, even 

if we cannot yet demonstrate a business case. 

The United States spends a substantially lower share of its gross domestic product on social 

services relative to other OECD countries (Organization for Economic Co-operation and 

Development (OECD), 2012). Future research should seek to definitively link this gap in social 

service spending to poor outcomes across the Triple Aim. Without a business case for such 

spending, we argue it is unlikely the US will take definitive steps to address inequalities and 

create equal opportunities for health and wellness across our nation. 
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4.7. Tables and Figures 

Figure 4.1. Conceptual Framework for the Effect of Neighborhood Deprivation on 

Persistent High-Cost Utilization of Health Care Services 
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Figure 4.2. Sample Selection Diagram 
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Table 4.1. Characteristics of the Study Population in 2010, by Spending Trajectory Group 

  
Return to Median                                        

(N=1,866) 

Sustained High Cost                                       

(N=3,243) 

Total                                       

(N=5,109) 

Neighborhood Deprivation Index       

    Mean 0.15 0.12 0.13 

    Median -0.08 -0.11 -0.10 

    Q1, Q3 -0.6, 0.7 -0.6, 0.7 -0.6, 0.7 

    Range (-1.4-5.4) (-1.4-4.2) (-1.4-5.4) 

Age Category       

    Age 18 to 24 7% 3% 4% 

    Age 25 to 44 28% 15% 20% 

    Age 45 to 64 46% 49% 48% 

    Age 65 to 84 17% 32% 26% 

    Age 85 or greater 2% 2% 2% 

Gender       

    Female 51% 58% 55% 

    Male 49% 42% 45% 

Race/Ethnicity       

    White Non-Hispanic 51% 58% 55% 

    Black 11% 13% 12% 

    Asian/Pacific Islander 8% 5% 6% 

    Hispanic 28% 23% 25% 

    Other 1% 1% 1% 

    Unknown 1% 0% 0% 

Insurance Type       

    Commercial 76% 53% 62% 

    Medicaid 2% 5% 4% 

    Medicare 17% 38% 30% 

    Self-Pay 5% 4% 4% 

Tobacco Use       

    Current 7% 8% 8% 

    Quit 33% 38% 36% 

    Never 58% 52% 54% 

    Unknown 2% 2% 2% 

Body Mass Index (BMI)       

    Underweight (<18.5) 2% 1% 1% 

    Normal weight (18.5-24.9) 27% 26% 26% 

    Overweight (25-29.9) 35% 34% 34% 

    Obese (>30) 35% 39% 38% 

    Unknown 1% 1% 1% 

Marital Status       

    Partnered 55% 55% 55% 

    Un-partnered 33% 38% 36% 

    Unknown 12% 7% 9% 

DxCG Prospective Medical Risk Score 

for 2010 
      

    Mean 5.9 9.5 8.2 

    Median 4.6 7.9 6.6 

    Q1, Q3 2.9, 7.3 5.2, 12.6 4.1, 10.5 

    Range (0.2-27.5) (0.1-55.1) (0.1-55.1) 

Note: Study population is limited to the latent class with “Few Comorbidities” from Chapter Two of this 

dissertation. Higher neighborhood deprivation index denotes a more deprived neighborhood. We did not display p-

values because our sample size was large enough that all differences were significant.  
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Table 4.2. Multilevel Models for Risk and Protective Factors for Sustained High Spending  

    

FINAL 

MODEL  

Parameter 

Model 1 

NDI 

 

b / se 

Model 2 

Age & 

Sex 

b / se 

Model 3 

All 

Demographics 

b / se 

Model 4 

Health 

Status 

b / se 

Model 5 

Interaction 

Term 

b / se 

Equation 1      

Intercept 0.579*** 0.814*** 0.707*** -0.215* -0.224* 

 0.03 0.06 0.09 0.11 0.11 

Neighborhood Deprivation 

Index  -0.026 0.008 -0.021 -0.035 0.04 

 0.03 0.03 0.04 0.04 0.06 

Age (45 to 64)      

    Age 18 to 24  -1.117*** -1.254*** -0.876*** -0.877*** 

  0.15 0.16 0.16 0.16 

    Age 25 to 44  -0.748*** -0.768*** -0.537*** -0.538*** 

  0.08 0.08 0.09 0.09 

    Age 65 to 84  0.609*** 0.634*** 0.302*** 0.299*** 

  0.08 0.08 0.09 0.09 

    Age 85 or greater  -0.099 -0.132 -0.708** -0.721** 

  0.24 0.24 0.25 0.25 

Gender (Female)      

    Male  -0.378*** -0.367*** -0.344*** -0.345*** 

  0.06 0.07 0.07 0.07 

Race (White Non-Hispanic)      

    Black   0.028 -0.025 -0.027 

   0.11 0.11 0.11 

    Asian/Pacific Islander   -0.545*** -0.605*** -0.602*** 

   0.13 0.14 0.14 

    Hispanic   -0.123 -0.154 -0.156 

   0.08 0.08 0.08 

    Other   -0.329 -0.347 -0.339 

   0.32 0.32 0.32 

    Unknown   -2.340* -1.854 -1.862 

   1.08 1.09 1.09 

Insurance Coverage (Commercial)   

    Medicaid   1.027*** 0.866*** 0.863*** 

   0.19 0.2 0.19 

    Self-Pay   0.017 -0.025 -0.019 

   0.15 0.15 0.15 

Body Mass Index (Normal Weight (18.5-24.9))   

    Underweight (<18.5)   -0.321 -0.371 -0.375 

     0.27 0.27 0.27 

    Overweight (25-29.9)   -0.049 -0.013 -0.015 
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FINAL 

MODEL  

Parameter 

Model 1 

NDI 

 

b / se 

Model 2 

Age & 

Sex 

b / se 

Model 3 

All 

Demographics 

b / se 

Model 4 

Health 

Status 

b / se 

Model 5 

Interaction 

Term 

b / se 
 

  0.08 0.08 0.08 

    Obese (>30)   0.122 0.115 0.114 

   0.08 0.08 0.08 

    Unknown   0.408 0.872 0.866 

   0.5 0.5 0.5 

Smoking Status (Never)      

    Current smoker   0.308* 0.302* 0.303* 

   0.12 0.13 0.13 

    Quit   0.131 0.093 0.096 

   0.07 0.07 0.07 

    Unknown   0.385 0.545* 0.549* 

   0.23 0.24 0.24 

Marital Status (Partnered)      

    Un-partnered   0.237*** 0.216** 0.217** 

   0.07 0.07 0.07 

    Unknown   -0.460*** -0.366** -0.367** 

   0.11 0.11 0.11 

Health Status      
2010 DxCG Prospective 

Medical Risk Score    0.127*** 0.128*** 

    0.01 0.01 

Moderating Effect of NDI       
Interaction Term between NDI 

and DxCG     -0.011 

      0.01 

Equation 2      

Constant -0.785*** -0.879*** -0.961** -1.290* -1.285* 

  0.22 0.26 0.31 0.6 0.6 

* p<0.05, ** p<0.01, *** p<0.001     
 

Note: Higher neighborhood deprivation index denotes a more deprived neighborhood. Higher DxCG risk score 

indicates greater risk of spending in the next year. 
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Figure 4.3. Odds Ratios for Risk and Protective Factors for Sustained High Spending 

 

* p<0.05, ** p<0.01, *** p<0.001  

Notes: Estimates are based on Model 4 shown in Table 4.2. 
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Table 4.3 Number of Positive Hierarchical Condition Categories per Person and DxCG 

Prospective Medical Risk Score for 2010-2014, by Spending Trajectory Group Among 

High-Cost Patients with Few Comorbidities 

 
  

Return to Median                                        

(N=1,866) 

Sustained High Cost                                       

(N=3,243) 

Total                                       

(N=5,109) 

Count of Total Number of Positive HCC Indicators per Person 

 Calendar Year 2010       

     Mean 1.5 2.3 2 

     Q1, Q3 1.0, 2.0 1.0, 3.0 1.0, 3.0 

     Range (0.0-7.0) (0.0-8.0) (0.0-8.0) 

 Calendar Year 2011       

     Mean 0.9 2.1 1.7 

     Q1, Q3 0.0, 1.0 1.0, 3.0 1.0, 2.0 

     Range (0.0-8.0) (0.0-15.0) (0.0-15.0) 

 Calendar Year 2012       

     Mean 0.8 2.2 1.7 

     Q1, Q3 0.0, 1.0 1.0, 3.0 1.0, 2.0 

     Range (0.0-6.0) (0.0-15.0) (0.0-15.0) 

 Calendar Year 2013       

     Mean 0.8 2.5 1.9 

     Q1, Q3 0.0, 1.0 1.0, 3.0 1.0, 3.0 

     Range (0.0-11.0) (0.0-16.0) (0.0-16.0) 

 Calendar Year 2014       

     Mean 1 2.8 2.2 

     Q1, Q3 0.0, 2.0 1.0, 4.0 1.0, 3.0 

     Range (0.0-13.0) (0.0-18.0) (0.0-18.0) 

DxCG Prospective Medical Risk Score 

 Calendar Year 2010       

     Mean 5.9 9.5 8.2 

     Q1, Q3 2.9, 7.3 5.2, 12.6 4.1, 10.5 

     Range (0.2-27.5) (0.1-55.1) (0.1-55.1) 

 Calendar Year 2011       

     Mean 3.6 9.1 7.1 

     Q1, Q3 1.4, 4.2 3.9, 12.0 2.6, 9.1 

     Range (0.1-32.5) (0.2-75.8) (0.1-75.8) 

 Calendar Year 2012       

     Mean 3.2 9.4 7.1 

     Q1, Q3 1.2, 3.6 3.9, 12.3 2.3, 9.1 

     Range (0.1-28.7) (0.4-69.3) (0.1-69.3) 

 Calendar Year 2013       

     Mean 3.3 10.2 7.7 

     Q1, Q3 1.2, 3.7 3.9, 13.5 2.4, 9.9 

     Range (0.1-35.3) (0.1-68.1) (0.1-68.1) 

 Calendar Year 2014       

     Mean 3 8.4 6.4 

     Q1, Q3 1.1, 3.6 3.7, 8.9 2.2, 7.1 

     Range (0.1-59.9) (0.3-83.7) (0.1-83.7) 
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Table 4.4 Detailed Hierarchical Condition Categories for 2010 and 2014, by Spending Trajectory Group among High-Cost 

Patients with Few Comorbidities  

  
Return to Median  Sustained High  Difference Between Groups 

    

2010 2014 
Change, 2010 

to 2014 
 2010 2014 

Change, 2010 

to 2014 
 

Group 1 vs. 

Group 5  

in 2010 

Group 1 vs. 

Group 5  

in 2014 

HIV/AIDS   0.7% 0.7% 0.0%  5.3% 5.4% 0.1%  4.6% 4.7% 

Septicemia, Sepsis, Systemic Inflammatory Response 

Syndrome 
  2.0% 1.1% -0.9%  1.0% 5.3% 4.3%  -1.0% 4.2% 

Opportunistic Infections   0.2% 0.1% -0.1%  0.3% 0.7% 0.4%  0.1% 0.6% 

Metastatic Cancer and Acute Leukemia   1.3% 0.9% -0.4%  3.5% 3.9% 0.4%  2.2% 3.0% 

Lung and Other Severe Cancers   0.9% 0.2% -0.7%  5.1% 4.2% -0.9%  4.2% 4.0% 

Lymphoma and Other Cancers   2.1% 1.4% -0.7%  4.9% 3.8% -1.1%  2.8% 2.4% 

Colorectal, Bladder, and Other Cancers   1.8% 0.3% -1.5%  3.0% 1.2% -1.8%  1.2% 0.9% 

Breast, Prostate, and Other Cancers and Tumors   7.0% 3.2% -3.8%  7.8% 7.3% -0.5%  0.8% 4.1% 

Diabetes with Acute Complications   0.3% 0.0% -0.3%  0.6% 0.5% -0.1%  0.3% 0.5% 

Diabetes with Chronic Complications   7.4% 8.8% 1.4%  15.3% 19.2% 3.9%  7.9% 10.4% 

Diabetes without Complication   6.2% 5.9% -0.3%  5.7% 6.6% 0.9%  -0.5% 0.7% 

Protein-Calorie Malnutrition   2.9% 1.1% -1.8%  3.1% 5.6% 2.5%  0.2% 4.5% 

Morbid Obesity   6.8% 8.9% 2.1%  9.1% 15.0% 5.9%  2.3% 6.1% 

Other Significant Endocrine and Metabolic Disorders   2.6% 1.4% -1.2%  6.3% 9.3% 3.0%  3.7% 7.9% 

End-Stage Liver Disease   0.1% 0.1% 0.0%  0.0% 0.5% 0.5%  -0.1% 0.4% 

Cirrhosis of Liver   0.4% 0.2% -0.2%  0.5% 0.7% 0.2%  0.1% 0.5% 

Chronic Hepatitis   1.2% 1.0% -0.2%  3.1% 2.6% -0.5%  1.9% 1.6% 

Intestinal Obstruction/Perforation   6.2% 0.5% -5.7%  4.9% 2.4% -2.5%  -1.3% 1.9% 

Chronic Pancreatitis   0.5% 0.3% -0.2%  0.9% 1.0% 0.1%  0.4% 0.7% 

Inflammatory Bowel Disease   1.2% 1.1% -0.1%  1.8% 1.8% 0.0%  0.6% 0.7% 

Bone/Joint/Muscle Infections/Necrosis   1.5% 0.6% -0.9%  2.8% 1.8% -1.0%  1.3% 1.2% 

Rheumatoid Arthritis and Inflammatory 

Connective Tissue Disease 
  1.7% 1.5% -0.2%  7.3% 8.1% 0.8%  5.6% 6.6% 
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Return to Median  Sustained High  Difference Between Groups 

    

2010 2014 
Change, 2010 

to 2014 
 2010 2014 

Change, 2010 

to 2014 
 

Group 1 vs. 

Group 5  

in 2010 

Group 1 vs. 

Group 5  

in 2014 

Severe Hematological Disorders   0.5% 0.3% -0.2%  1.4% 1.5% 0.1%  0.9% 1.2% 

Disorders of Immunity   0.2% 0.5% 0.3%  0.9% 2.0% 1.1%  0.7% 1.5% 

Coagulation Defects and Other Specified 

Hematological Disorders 
  3.5% 2.1% -1.4%  4.1% 9.6% 5.5%  0.6% 7.5% 

Drug/Alcohol Psychosis   2.5% 0.5% -2.0%  4.5% 2.4% -2.1%  2.0% 1.9% 

Drug/Alcohol Dependence   4.3% 4.2% -0.1%  8.6% 11.5% 2.9%  4.3% 7.3% 

Schizophrenia   1.8% 1.0% -0.8%  3.4% 2.6% -0.8%  1.6% 1.6% 

Major Depressive, Bipolar, and Paranoid Disorders   12.4% 11.8% -0.6%  27.4% 33.6% 6.2%  15.0% 21.8% 

Quadriplegia   0.6% 0.2% -0.4%  0.3% 0.3% 0.0%  -0.3% 0.1% 

Paraplegia   0.4% 0.1% -0.3%  0.3% 0.5% 0.2%  -0.1% 0.4% 

Spinal Cord Disorders/Injuries   1.7% 0.5% -1.2%  2.1% 1.0% -1.1%  0.4% 0.5% 

Amyotrophic Lateral Sclerosis and Other 

Motor Neuron Diseases 
  0.0% 0.1% 0.1%  0.1% 0.1% 0.0%  0.1% 0.0% 

Cerebral Palsy   0.2% 0.2% 0.0%  0.2% 0.1% -0.1%  0.0% -0.1% 

Polyneuropathy   0.7% 0.3% -0.4%  1.0% 1.0% 0.0%  0.3% 0.7% 

Multiple Sclerosis   0.4% 0.3% -0.1%  1.3% 1.1% -0.2%  0.9% 0.8% 

Parkinson's and Huntington's Diseases   0.9% 0.9% 0.0%  1.8% 2.4% 0.6%  0.9% 1.5% 

Seizure Disorders and Convulsions   2.9% 1.3% -1.6%  5.0% 4.8% -0.2%  2.1% 3.5% 

Coma, Brain Compression/Anoxic Damage   0.6% 0.5% -0.1%  0.4% 0.4% 0.0%  -0.2% -0.1% 

Respirator Dependence/Tracheostomy Status   0.2% 0.1% -0.1%  0.2% 0.4% 0.2%  0.0% 0.3% 

Cardio-Respiratory Failure and Shock   1.9% 0.9% -1.0%  1.4% 3.7% 2.3%  -0.5% 2.8% 

Congestive Heart Failure   1.0% 2.1% 1.1%  2.1% 6.9% 4.8%  1.1% 4.8% 

Acute Myocardial Infarction   8.5% 0.7% -7.8%  3.7% 0.7% -3.0%  -4.8% 0.0% 

Unstable Angina and Other Acute Ischemic 

Heart Disease 
  2.8% 0.5% -2.3%  2.3% 1.1% -1.2%  -0.5% 0.6% 

Angina Pectoris   2.3% 1.9% -0.4%  2.9% 3.4% 0.5%  0.6% 1.5% 

Specified Heart Arrhythmias   5.8% 4.3% -1.5%  6.6% 10.1% 3.5%  0.8% 5.8% 

Cerebral Hemorrhage   1.2% 0.4% -0.8%  0.3% 0.6% 0.3%  -0.9% 0.2% 
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Return to Median  Sustained High  Difference Between Groups 

    

2010 2014 
Change, 2010 

to 2014 
 2010 2014 

Change, 2010 

to 2014 
 

Group 1 vs. 

Group 5  

in 2010 

Group 1 vs. 

Group 5  

in 2014 

Ischemic or Unspecified Stroke   1.2% 0.3% -0.9%  0.5% 1.4% 0.9%  -0.7% 1.1% 

Hemiplegia/Hemiparesis   0.3% 0.4% 0.1%  0.6% 1.0% 0.4%  0.3% 0.6% 

Monoplegia, Other Paralytic Syndromes   0.2% 0.0% -0.2%  0.2% 0.4% 0.2%  0.0% 0.4% 

Atherosclerosis of the Extremities with Ulceration   0.2% 0.1% -0.1%  0.5% 0.5% 0.0%  0.3% 0.4% 

Vascular Disease with Complications   2.2% 0.7% -1.5%  2.6% 2.8% 0.2%  0.4% 2.1% 

Vascular Disease   5.4% 10.6% 5.2%  9.7% 31.7% 22.0%  4.3% 21.1% 

Cystic Fibrosis   0.1% 0.1% 0.0%  0.0% 0.0% 0.0%  -0.1% -0.1% 

Chronic Obstructive Pulmonary Disease   3.2% 2.5% -0.7%  6.1% 7.6% 1.5%  2.9% 5.1% 

Fibrosis of Lung and Other Chronic Lung Disorders   1.1% 0.3% -0.8%  1.1% 1.6% 0.5%  0.0% 1.3% 

Aspiration and Specified Bacterial Pneumonias   0.2% 0.2% 0.0%  0.3% 1.0% 0.7%  0.1% 0.8% 

Pneumococcal Pneumonia, Empyema, Lung Abscess   0.4% 0.3% -0.1%  0.2% 0.4% 0.2%  -0.2% 0.1% 

Proliferative Diabetic Retinopathy and 

Vitreous Hemorrhage 
  0.4% 0.3% -0.1%  0.6% 1.3% 0.7%  0.2% 1.0% 

Exudative Macular Degeneration   0.0% 0.1% 0.1%  0.5% 0.8% 0.3%  0.5% 0.7% 

Dialysis Status   0.0% 0.1% 0.1%  0.3% 4.1% 3.8%  0.3% 4.0% 

Acute Renal Failure   1.1% 0.8% -0.3%  1.4% 4.2% 2.8%  0.3% 3.4% 

Chronic Kidney Disease, Stage 5   0.1% 0.0% -0.1%  4.0% 0.2% -3.8%  3.9% 0.2% 

Chronic Kidney Disease, Severe (Stage 4)   0.2% 0.2% 0.0%  0.4% 1.0% 0.6%  0.2% 0.8% 

Pressure Ulcer of Skin with Necrosis 

Through to Muscle 
  0.1% 0.1% 0.0%  0.1% 0.2% 0.1%  0.0% 0.1% 

Pressure Ulcer of Skin with Full Thickness Skin Loss   0.1% 0.2% 0.1%  0.2% 0.5% 0.3%  0.1% 0.3% 

Chronic Ulcer of Skin, Except Pressure   0.5% 0.6% 0.1%  1.3% 2.5% 1.2%  0.8% 1.9% 

Major Head Injury   3.4% 0.2% -3.2%  1.4% 0.5% -0.9%  -2.0% 0.3% 

Vertebral Fractures without Spinal Cord Injury   4.9% 0.3% -4.6%  2.7% 1.2% -1.5%  -2.2% 0.9% 

Hip Fracture/Dislocation   4.6% 0.2% -4.4%  3.4% 1.1% -2.3%  -1.2% 0.9% 

Traumatic Amputations and Complications   1.5% 0.4% -1.1%  1.4% 1.1% -0.3%  -0.1% 0.7% 

Complications of Specified Implanted 

Device or Graft 
  7.0% 1.0% -6.0%  8.2% 3.1% -5.1%  1.2% 2.1% 
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Return to Median  Sustained High  Difference Between Groups 

    

2010 2014 
Change, 2010 

to 2014 
 2010 2014 

Change, 2010 

to 2014 
 

Group 1 vs. 

Group 5  

in 2010 

Group 1 vs. 

Group 5  

in 2014 

Major Organ Transplant or Replacement Status   0.1% 0.1% 0.0%  0.3% 0.6% 0.3%  0.2% 0.5% 

Artificial Openings for Feeding or Elimination   1.6% 0.5% -1.1%  1.8% 1.9% 0.1%  0.2% 1.4% 

Amputation Status, Lower 

Limb/Amputation Complications 
  0.0% 0.3% 0.3%  0.4% 0.8% 0.4%  0.4% 0.5% 

 

Note:  Larger positive differences/changes are shown in a deeper orange color, while larger negative differences/changes are shown in a deeper blue color.
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CHAPTER 5. DISCUSSION AND IMPLICATIONS 

5.1. Discussion Overview 

In this concluding chapter, I briefly review the findings of each of the three dissertation papers. I 

then present a synthesizing discussion of the dissertation as a whole, reflecting on the limitations 

of this work, and the implications for policy, practice, and future research.  

5.2. Findings from Chapter Two 

The Chapter Two analyses sought to identify a data-driven and person-centered taxonomy of 

high cost patients. This aim arose out of a recognition that patients with high costs have thus far 

been only cursorily described using largely descriptive approaches. The existing literature has 

frequently relied on methods that are subject to many a priori assumptions and can lead to over-

simplification. Moreover, many studies present results for only a focused sub-population such as 

Medicare patients. Our analysis leveraged a highly granular dataset on the highest cost segment 

of patients in a large health plan, containing detailed diagnostic, utilization and cost data for all 

services received by these patients across the full continuum. We applied advanced structural 

equations methods to derive latent clusters of alike patients with respect to their clinical 

conditions.  

Median spending among the top one percent of patients was $57,500 and together they 

accounted for 22% of total health care spending for continuously enrolled patients in Kaiser 

Permanente Southern California in 2010. Patients with high costs were older, but not as old as 
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might be expected (average age 62). Overall, 31% of them died within four years of the base 

year in our study, during which they were among the top one percent of spenders with Kaiser 

Permanente Southern California. We were unable to look back historically to determine whether 

2010 was the first year of high spending for each patient.  

Using latent class analysis, an application of finite mixture modelling, we found seven distinct 

classes that were mutually exclusive and collectively exhaustive, and together captured the 

heterogeneity of patients in the top one percent of total health care spending. The constellations 

of conditions in the latent classes showed clinically intuitive clustering of comorbidities. We 

characterized one class as having “Acute Exacerbation of Chronic Illness” conditions (11% of 

the sample, mean annual spending of $110,000), whereas another class was dominated by 

patients with transplants and cancer, which we termed “Highly Specialized Treatments” (14%), 

and one class contained patients with “Neurologic and Catastrophic” conditions (5%, mean 

spending of $98,000). Three other classes contained distinct clusters of patients with a high 

prevalence of specific chronic conditions (“End-Stage Kidney Disease,” “Cardio-Vascular and 

Pulmonary” diseases, and “Diabetes with Multiple Comorbid Conditions (MCCs)” – 12%, 17%, 

and 8% respectively). The final and largest class (33%) contained patients whom we 

characterized as having “Few Comorbidities” because their comorbidity profile was closest to 

that of all other adults. This final group with “Few Comorbidities” had low average costs 

(($65,000) and the best survival prognosis within the super-utilizer population, consistent with 

their few comorbidities.  

A detailed description of patients with complex needs that avoids “stereotypes and 

oversimplification” is essential to understanding their needs and deploying appropriate care 

models (D. Blumenthal et al., 2016). Our analysis provided new insight into high cost patients by 
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distinguishing between various sub-types of chronically ill patients with widely divergent 

survival prognosis (four-year survival ranged from 46% to 68% in our three chronic illness 

classes). We also identified several classes of patients not clearly elucidated in prior studies 

using ex ante categorization, including a class with acute interventions superimposed on 

significant chronic disease burden, as well as a low-comorbidity class, which together add 

considerable nuance to the understanding of patients with high costs. Segmentation of a 

population into cohesive sub-groups is increasingly deployed in varied industries (Ersi, 2016) 

and is recognized as a key strategy to improve health care (Vuik et al., 2016). 

A rich understanding of the subgroups of patients with high costs, and their characteristics and 

patterns of utilization can inform planning and strategy to improve care in this segment of the 

population (D. Blumenthal et al., 2016). While for many patients very high spending is driven by 

high quality and appropriate care, we believe that for many, opportunities exist to optimize care, 

lowering costs while maintaining or improving quality. This may include better coordinating and 

organizing care, aligning care with patient and family wishes and values, shifting the locus of 

care delivery and matching highly resource intensive interventions to patient needs. 

5.3. Findings from Chapter Three 

The goal of Chapter Three  was again to cluster patients, but in this instance on the basis of their 

longitudinal pattern of spending over four years of follow-up through the end of 2014. When 

spending data for a high-cost cohort are reviewed at the individual level (e.g. in a spaghetti plot) 

the data are impossible to parse into any set of patterns over time. Particularly at a granular level 

(monthly or quarterly), costs are very ragged, with frequent troughs and spikes for each 
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individual. We believe this accounts for the simplistic population-level cost segment 

classification approach often taken in the literature. 

We used several simple frequentist approaches to describe spending in our high cost population 

over time. Costs for the top one percent of patients from 2010 attenuated during our follow-up 

period. By 2014, only 19% of the original cohort had spending at the top one percent level. 

However, simple descriptive approaches fell victim to the same pitfalls seen in the existing 

literature: they did not provide information about individual-level spending patterns, making it 

impossible to tell whether there were individuals who consistently maintained high spending 

through the study period.   

Using a Latent Growth Curve Analysis methodology, we fit regression models to cluster 2010 

top one percent spenders into distinct subgroups based on their individual pattern of spending 

over time. We selected a five-trajectory model as the best fitting solution. Two of the trajectories 

were characterized by stable spending over the four years following the extremely high cost base 

year: the “Sustained High” trajectory (48% of the cohort, with very high spending throughout the 

follow-up period) and the “Return to Median” trajectory (15%, with very low spending 

throughout).  

The remaining three trajectories were characterized by differential speeds of decline in spending, 

all ending at the bottom of the cost distribution. Costs began falling immediately for the first of 

these groups, which we called the “Immediate Drop-off” trajectory (16%). The “Gradual Fall” 

(12%) and “Delayed Fall” (9%) trajectories both had periods of sustained spending before a 

rapid decline during 2012 and 2013, respectively. Within these trajectories, only around 30% of 

each subgroup survived, but those survivors had spending patterns that mimicked decedents and 

fell to near-zero levels. Therefore, while death accounts for a substantial proportion of the falloff, 
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even among those surviving, spending fell in these sub-groups very low levels. Among the lower 

50 percent of spenders, the absolute dollar differences in costs were very small between 

percentiles of the cost distribution.  

We fit latent growth curve models for each of the clinically distinct subgroups identified in 

Chapter Two, but found them to be similar across latent classes. Therefore we opted to simply 

cross-tabulate the cluster assignments from the Chapter Two and Three analyses to assess 

spending trajectories within the clinical subgroups. The vast majority (nearly 70%) of patients in 

the “End-Stage Renal Disease” class were classified as “Sustained High” spenders, as were a 

large proportion of patients in the “Few Comorbidities” class.  

By employing an advanced statistical technique, latent growth curve modelling, we were able to 

follow individual patterns and group patients on the basis of similarities and differences in the 

outcome. Our analysis is a substantial advance over prior studies assessing spending outcomes 

for high-cost patients. While similarly advanced techniques have very recently been employed to 

classify spending patterns at the end of life (M. A. Davis et al., 2016), we are the first to our 

knowledge to use these methods to uncover latent clustering of spending trajectories in a 

representative sample of high-cost patients. We did not attempt to understand appropriateness of 

spending for the subgroups in this paper. From an operational perspective, each the trajectory 

groups may represent potential opportunities for improvement, with differential focal points 

across the Triple Aim. Future research must improve our capacity to distinguish low value and 

high value spending, appropriate and inappropriate spending, and modifiable and non-modifiable 

spending. 
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5.4. Findings from Chapter Four 

The goals of the Chapter Four analyses arose from the findings of the first two studies. We were 

unable to rationalize the high spending observed within the “Few Comorbidities” class in 

Chapter Two, and we observed in Chapter Three that a large proportion of them remained high 

cost in the “Sustained High” trajectory group over four years. We sought to understand risk 

factors for the high spending trajectory, with a special focus on the role of neighborhood 

deprivation. We hypothesized that social determinants of health were a contributing factor in this 

sub-group of patients with high costs but relatively low acuity. Our focus on neighborhood 

deprivation was driven in part by data availability: we lacked individual-level measures of 

income, education, or most other social determinants of health. 

We used an existing neighborhood deprivation index to characterize the economic wellbeing of 

the areas in which people lived, and estimated the likelihood of having sustained high spending 

versus stable low spending among patients from the original high-cost cohort with “Few 

Comorbidities.” We adjusted for patient level predictors (age, gender, race/ethnicity, insurance 

type, marital status, body mass index, tobacco use, and baseline health status) and for the 

neighborhood deprivation level, and adjusted for clustering of patients within neighborhoods. 

At baseline within the Few Comorbidities class, patients in the sustained high spending trajectory 

were older and a greater proportion were White non-Hispanic and covered by Medicare. DxCG 

risk scores in 2010 for the median spending group averaged 5.9 compared to 9.5 in the sustained 

high spending group. These results suggest that the trajectory analysis completed in Chapter 

Three, which grouped patients according to their cost trajectory over four years, in fact further 

distinguished between sub-types of individuals within the Few Comorbidities class. 
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We fitted five sequential multilevel logistic models regressing NDI and individual-level 

covariates on membership in the sustained high spending category. We found no significant 

effect of neighborhood deprivation, either directly or by moderating the relationship between 

health status and spending. All else being equal, several individual-level characteristics were 

significantly positively associated with sustained high spending: increasing DxCG risk score, 

having young senior age (65 to 84), having Medicaid coverage, being a current smoker, and 

being un-partnered.  Significant protective factors against sustained high spending were male 

gender and Asian/Pacific Islander decent.  

In post-hoc analyses, we assessed the evolution of the clinical status of the two trajectory groups 

over time using DxCG and CMS-HCC data for 2010 through 2014. Clinical status deteriorated 

for individuals in the Sustained High spending group, while it remained relatively stable for 

individuals in the Return to Median spending group. Our study was not designed to understand 

the potential causes of differential clinical deterioration, beyond the hypothesized effect of 

neighborhood deprivation. 

The United States spends a substantially lower share of its gross domestic product on social 

services relative to other OECD countries (Organization for Economic Co-operation and 

Development (OECD), 2012). Our inability to find an effect at the neighborhood level does not 

conclusively suggest that there is no role of social determinants. It is plausible that other features 

of neighborhoods are more important to utilization trends over time than the features captured by 

the deprivation index we used. The NDI was focused entirely on measures of neighborhood 

economic status. It is unknown whether other social determinants, such as neighborhood safety, 

environmental exposures, or other place-based factors could be linked with utilization over time.  
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5.5. Limitations 

Population Definition. We have defined a simple and clear population for these studies: the top 

one percent of adults with respect to total health care spending. This is one specific facet of the 

multidimensional concept of patients with complex needs. There are many other ways to 

conceptualize patients with complex needs. Various population definitions are likely to result in 

groups with very different profiles. Our population definition is simple and easily replicated, and 

can be used in any other setting to select a similar segment of the total adult population.  

The Kaiser Permanente Setting. A common limitation of research using data from integrated 

health care systems is that the study sample may not be representative of the general population, 

and that therefore results are not generalizable. Biases related to self-selection, the healthy 

worker effect, and others, could systematically differentiate health plan members from the rest of 

the population (Koebnick et al., 2012). A comparative study completed in 2012 used census data 

from both 2000 and 2010 to assess the representativeness of the Kaiser Permanente Southern 

California membership (Koebnick et al., 2012). This analysis suggested that the Kaiser 

Permanente Southern California membership was similar to the census population in both years, 

and the authors concluded that studies in the Kaiser population could be generalizable to the 

Southern California general population. While there were certain limitations to this study (it 

relied on geocoded rather than self-reported income and education data, there are missing values 

for some demographic data in the Kaiser data systems, and it was not possible to fully tease out 

the potential presence of a healthy worker effect), the data support generalizability of the Kaiser 

membership to the overall population (Koebnick et al., 2012).  
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Another potential limitation of research focused on Kaiser Permanente is the integrated nature of 

the delivery system. Care delivery within Kaiser Permanente is different from many other 

settings because Kaiser is accountable for all utilization by its members, and has a large, 

integrated system supported by an electronic medical record available across all settings. 

Medical services are provided by the Permanente Medical Group, which is contracted with the 

non-profit Kaiser Foundation Hospital and Health Plan, and clinicians in Kaiser Permanente 

facilities work exclusively with Kaiser Permanente. Incentives for billing completeness may be 

weaker in Kaiser Permanente than in other health care systems, because salaried providers do not 

directly experience the same financial incentives for coding. 

Cost data arising from Kaiser Permanente also present a potential limitation in that they may not 

be directly generalizable to other payers and providers. The cost figures that arise from Kaiser 

Permanente cost accounting may not be comparable to costs derived in other settings of care. 

However, Kaiser Permanente’s cost accounting methodology is internally consistent across 

patients and over time. Thus, it is valid to use Kaiser Permanente cost data as we have in our 

aims, such as to select the top one percent of patients, to compare relative spending among 

Kaiser Permanente patients, and to follow longitudinal patterns in spending within Kaiser 

Permanente.  

At the time of our study, Kaiser Permanente Southern California had few Medicaid enrollees. 

Medicaid enrollment has since increased. As a consequence of the timing of our study, we have 

limited ability to draw conclusions about high-cost Medicaid beneficiaries. 

Available Data. We were unable to obtain valid historical cost data to determine whether 2010 

was the first year of high spending for each patient. Our original study design proposed the use 

of multiple years of data prior to 2010. However, it became apparent once we extracted data 
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from 2008 and 2009 that there were systematic gaps in data quality in those years. Kaiser 

Permanente Southern California implemented an electronic medical record in a step-wise fashion 

across the region during this time period. Capture of diagnosis, procedure, and cost data during 

the implementation process was incomplete.  

Because individual level education and income data were not available, we used census tract-

level data which have clear limitations for inference (but which we used only for descriptive 

purposes). We lacked individual level data on other social determinants, and on patient and 

family preferences and many other important factors in the conceptual model for this work. 

These data are essential to a deep understanding of patients with high costs, or other groups of 

patients with complex needs. 

All of our analyses are only as strong as the underlying data on which we relied. Diagnostic data 

were coded in the provision of health care, and may include miscoding, missed diagnoses, and 

other errors that misrepresent clinical conditions in this cohort. By nature, diagnostic data also 

lack specificity about the acuity or severity of conditions. The DxCG risk scores and CMS-HCCs 

we used partially address these issues through weighting and hierarchical logic.   

Statistical Methods. The multivariate methods used in Chapters Two and Three are advanced 

applications of structural equations methods, and have many advantages over other clustering 

approaches. However, there are some limitations. Model selection is a somewhat subjective 

process in the finite mixture model framework. Because group membership is unobservable, it is 

impossible to ever reach perfect assurance of correct model fit. The models generate posterior 

probabilities of class membership which allow the researcher to quantify measurement error and 

certainty. The clusters are driven by the data provided to the model algorithm, and as such can be 

of limited value if the underlying data are flawed or the basis of clustering is poorly 
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conceptualized. The clusters that result from the models are also best thought of as 

approximations of a complex reality (Nagin & Odgers, 2010b). They should not be interpreted as 

literal entities that are perfectly distinct from one another. 

To operationalize the analysis presented in Chapter Four, we treated class assignment from the 

earlier studies as a fixed trait. This results in the loss of measurement error information. 

However, class assignment probabilities were good in both prior analyses. A future sensitivity 

analysis could limit the study to only patients for whom class assignment is nearly certain.  

Appropriateness of Spending. Our analyses were not designed to address the appropriateness of 

observed spending and utilization. There is very little information in the literature regarding the 

“appropriateness” of spending patterns among high cost (or low cost) individuals, or what costs 

might be avoidable. It is implicitly assumed that a more even distribution of health care 

expenditures would lead to greater economic efficiency. This assumption arises from the idea 

that the concentration of spending among few individuals represents an inequitable and excessive 

use of resources, and that curbing this “overuse” by reallocating spending to lower-cost segments 

of the population would improve overall social welfare (Marc L. Berk & Monheit, 2001).\ 

Replication in Other Settings. The results of our analyses should ideally be replicated in another 

sample outside of Kaiser Permanente to confirm that our findings represent a generalizable 

reality and would be robust in other populations of similar patients. We plan to replicate this 

work in more recent years of data to test stability over time within the Kaiser Permanente setting. 
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5.6. Implications for Research 

It has been remarked that efforts to reduce costs among “average users” will never have a 

substantial impact on the total national health care budget (Marc L. Berk & Monheit, 1992). In 

contrast, that even small adjustments to the utilization patterns of extremely high cost individuals 

could generate sizable savings (Congressional Budget Office, May 2005).  

Fundamental to this area of research and practice is population selection. In the literature today 

there are a wide array of approaches to defining patients with complex needs, and many different 

ways of operationalizing these definitions based on available data. This has created some 

obfuscation in the literature on this topic. It is challenging to make inferences about the results of 

studies, and to compare studies, because of the lack of clarity about population criteria and 

terminology. Thus, one of the first priorities for research is to build consensus on population 

definitions and other terminology surrounding patients with complex needs. A taxonomy that 

clearly sets out the sub-groups of interest and the criteria used to define them is needed.  

This dissertation contains studies focused specifically on adult patients with high costs. 

Substantial work is needed to characterize the many other facets of patients with complex needs. 

This may include better understanding the overlap between many different possible population 

definitions (high utilizer, high cost, high need, etc.), and the specific features of each of these 

groups. It may also include expansion to considering pediatric patients with complex needs, an 

area where there is even less work ongoing than among adult patients with complex needs, and 

where there is substantial potential for improvement in quality and patient and family experience. 

Among these many issues of population definition, it is essential that we build more capacity to 

distinguish low value and high value spending, appropriate and inappropriate spending, and 
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modifiable and non-modifiable spending. Efforts to reduce spending by patients with high costs 

pre-suppose that their spending is inefficient. For many patients, high spending may be an 

appropriate reflection of high quality care that is aligned with needs and preferences. 

Furthermore, even among high cost individuals whose spending patterns represent inappropriate 

(over or under) utilization, some patients’ expenditures are likely to remain unmodifiable for 

feasibility and tractability reasons. 

Researchers have begun to assess “impactibility” models designed to identify patients for whom 

there is a real opportunity for improvement (Lewis, 2010), but the science is still very weak in 

this area and some have raised worrisome equity concerns (Shadmi & Freund, 2013). Common 

approaches to defining impactibility appear to rely on proxies such as evidence of previous “non-

compliance” – for example patients who did not refill their medications as expected (Lewis, 

2010).  

The heterogeneity of patients with complex needs is a complicating factor in any effort to 

identify or act on improvement opportunities. We argue that efforts to segment patients into 

homogenous subgroups represents one of the most promising steps toward matching 

interventions to patients and achieving improvement across the Triple Aim. Our work makes a 

significant stride in this direction, but much more work is needed that reaches across all of the 

complex sub-populations of interest. Interventions for patients with complex needs will only be 

effective if they are appropriately customized to match interventions and services to patient 

needs and preferences. 

A recent study described the efforts by one health system to develop a system for segmenting the 

whole patient population in meaningful subgroups and customizing intervention intensity to meet 

patient needs (Johnson, Brewer, et al., 2015). Such care redesign is enabled by extensive 
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research, and strategies and approaches to this type of work must vary between settings because 

of differences in population, delivery system, provider incentives, and other factors.  

Future studies focusing on patients with high costs should assess the retrospective spending 

trajectories that lead toward one or more high cost years. We had planned to incorporate such 

analyses into this work, but discovered data comparability changes over time that made it 

infeasible at this time. Retrospective trajectories toward high spending years hold promise for 

identifying early markers of worsening health and escalating utilization, and may provide insight 

into opportunities to predict high spending or to intervene earlier in the trajectory of illness.  

Perhaps most compelling is the potential for learning from patients who are clinically similar to – 

but spend less than – high cost patients. One might think of these patients as “positive deviants” 

who could provide valuable insight about protective factors against high spending. Positive 

deviance approaches are used to drive improvement in many industries including public health 

(E. H. Bradley et al., 2009; Lapping et al., 2002; Walker, Sterling, Hoke, & Dearden, 2007). 

Such an aim might be achieved by assembling a propensity matched sample of high cost and low 

cost patients who are similar with respect to clinical conditions and age. Such an analysis would 

require an extensive population-level dataset, but could yield meaningful information about the 

protective factors that help some patients remain low cost despite significant illness, or the risk 

factors that make some relatively low acuity patients unexpectedly high cost. For example, 

caregiver support may be an important protective factor that keeps some very sick patients in 

better health and helps them avoid acute episodes. 

Advances in capture of clinical status beyond simple indicators capturing any mention of 

diagnoses in the recent past are needed to make these research goals feasible (e.g. to better 

capture severity/acuity). It is also essential that as electronic medical records grow, we develop a 
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system by which incorrect or outdated diagnoses are cleared from data systems. We suspect that 

some diagnostic data contained in the electronic medical record represents simple “carry 

forward” behavior by clinicians who lack the time to carefully assess the current applicability of 

past diagnoses. Financial incentives in the US health care system may reinforce these types of 

behaviors, and contribute to the challenges in using administrative data for research.  

Finally, improvement is needed in methods of case finding for interventions focused on patients 

with complex needs. This is an operationally-driven lens on issues of predictability, 

appropriateness, and impactibility we have discussed already. To be actionable, this research 

must be explicitly grounded in operations, where issues of lag time, recruitment, and other real-

world factors will influence the applicability of many research findings. 

5.7. Implications for Policy and Practice 

As this field grows, we must evolve several parallel and coordinated streams of practice 

improvement for various groups of complex patients such as patients with high acute care 

utilization, patients with high ambulatory care utilization, patients with high costs, patients with 

complex medical needs, patients with complex social needs, and many other potential groups. 

Even within a clearly defined cohort based on costs, we found extreme heterogeneity of the 

population. 

Many patients with high costs have very advanced illness, and their costs are not impactible 

through common intervention approaches such as better coordination, transitions, and 

prevention. Others are receiving necessary, high-cost treatments for conditions like cancer, 

hepatitis, or organ transplantation. Therefore, significant upstream effort is needed to prevent 

chronic illnesses, improve early management, and limit long term sequelae. We believe 
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maximizing optimal starts for dialysis, preventing and treating obesity, reducing tobacco use, and 

improving chronic disease self-management are areas of potential clinical impact further 

upstream. Better screening and treatment for behavioral health conditions is also warranted given 

their high prevalence among patients with complex needs.  

Many patients with advanced illnesses such as cancer or dementia rely on family caregivers for 

support (Arno, Levine, & Memmott, 1999). Supporting caregivers is a growing area of interest 

for stakeholders (Coleman, 2003; Rabow, Hauser, & Adams, 2004), and there is a proliferation 

of private companies offering in home unskilled supportive care services (e.g. HomeHero, 

Visiting Angels, Honor, and others). There are also opportunities to deliver a substantially 

greater share of care in the home setting, with the correct structures in place. Educating and 

supporting caregivers, so they can more effectively partner in the care of their loved ones across 

the full continuum and particularly at home, remains a promising and still largely untapped area 

of improvement. This domain of effort could be relevant for many patients with complex needs 

and particularly those with limitations in activities of daily living or who have artificial openings 

for feeding or elimination.  

The poor survival prognosis for many of the clusters of high cost patients we identified also 

raises the question of quality of care at the end of life. It is widely acknowledged that end of life 

care frequently fails to align with patient and family preferences. Health care systems are already 

working intensively to capture information on goals of care, and to make that information 

accessible across the continuum. Patients with complex needs are one segment of the population 

in which there may be a large opportunity to improve the quality of death. Systems should ensure 

that goals of care discussions are routinely updated for these patients who have frequent contact 

with the health care system and poor long-term survival prognosis. This may involve expanding 
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the capacity of all types of clinical personnel to engage in meaningful discussions around patient 

wishes, empowering patients and families to ask questions and to disagree when care is 

diverging from their goals, and building better protocols and platforms to document and 

communicate these highly complex, personal, and fluid preferences. 

 Physicians drive much of health care spending, particularly among high-cost patients where 

physician determination of survival prognosis or other factors that may impact treatment 

intensity can lead to big differences in treatment decisions. Interventions that focus solely on 

patients, without addressing system and provider factors, will be limited in their ability to impact 

health care spending. This may include continued effort to use midlevel providers in 

interdisciplinary teams, establishing protocols for common treatment pathways, and efforts such 

as the Choosing Wisely campaign which works with specialty groups to define low-value 

services that should be avoided (American Board of Internal Medicine Foundation, 2015).  

A fundamental re-thinking of the inherent financial incentives built into the US health care 

system is also needed. Until incentives are realigned for providers and patients across the 

continuum of care, we will struggle with low-value utilization and escalating total healthcare 

costs. France recently addressed patient incentives, by eliminating all copayments for patients 

with select chronic conditions to remove financial barriers to care (Sarnak & Ryan, January 

2016). Provider incentives can be more complex because of the multi-payer structure of the US 

health care system, wherein individual providers may have complicated employment structures, 

and receive reimbursement through a large number of different payers. Continued movement 

away from fee-for-service reimbursement structures for most patients, and strategic design of 

performance incentives, and other financial strategies to guide patient and provider behavior is 

needed. 
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Despite these potential opportunities, we believe health system interventions alone are unlikely 

to meet the needs of high utilizers. Health care accounts for only a small proportion of total 

health (McGinnis et al., 2002). Population health and community-based approaches to improve 

the economic, social, physical, and emotional wellbeing of all may represent the most promising 

approach toward achieving the Triple Aim for all patients, including patients with high costs. 

While the benefits of these activities may not be fully realized for many years, efforts to address 

underlying social determinants of health are imperative if we are to collectively address the long-

standing crisis of health care spending in the US. 

5.8. Conclusions 

What is our ultimate objective for work focused on patients with complex needs? There will 

always be a top one percent of spenders, and it is impossible to establish a threshold level of 

appropriate spending, even one that is specific to subgroups or to individuals. Measurement of 

“value” is a complicated effort that involves judgments around utility and welfare that may be 

unpalatable or impossible to make in many arenas. Thus, I would argue that perhaps our ultimate 

goal for patients with complex needs – and all patients – should be to optimize total wellness. 

Taking a “health as a human right” framework, we should strive to improve overall health and 

wellbeing, including emotional, physical, intellectual, and other domains of wellness. Central to 

this is the development of a single, comprehensive metric for self-assessed wellbeing, which can 

be quantified and followed over time. Until we routinely capture data on patient and family 

preferences, and understand “total health” in an objective, quantitative fashion, we will face 

barriers in improving care for all patients, and especially the most vulnerable. 
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