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Abstract

Background—~Patients with repeated hospitalizations represent a group with potentially
avoidable utilization. Recent publications have begun to highlight the heterogeneity of this group.
Latent class analysis provides a novel methodological approach to utilizing administrative data to
identify clinically meaningful subgroups of patients to inform tailored intervention efforts.

Objectives—To identify clinically distinct subgroups of adult super-utilizers. Research Design:
Retrospective cohort analysis. Subjects: Adult patients who had an admission at an urban safety-
net hospital in 2014 and two or more admissions within the preceding 12 months.

Measures—RPatient-level medical, mental health and substance use diagnoses, social
characteristics, demographics, utilization and charges were obtained from administrative data.
Latent class analyses were used to determine the number and characteristics of latent subgroups
that best represented these data.

Results—In this cohort (N=1,515), a 5-class model was preferred based on model fit indices,
clinical interpretability and class size: Class 1 (16%) characterized by alcohol use disorder and
homelessness; Class 2 (14%) characterized by medical conditions, mental health/substance use
disorders and homelessness; Class 3 (25%) characterized primarily by medical conditions; Class 4
(13%) characterized by more serious mental health disorders, drug use disorder and homelessness;
and Class 5 (32%) characterized by medical conditions with some mental health and substance
use. Patient demographics, utilization, charges and mortality also varied by class.

Conclusions—The overall cohort had high rates of multiple chronic medical conditions, mental
health, substance use disorders and homelessness. However, the patterns of these conditions were
different between subgroups, providing important information for tailoring interventions.

Keywords

Super-Utilizer; Latent Class Analysis; Mental health; Social determinants of health; Urban Safety-
net

Introduction

Healthcare spending in the United States is largely concentrated among a small proportion
of the population.1=3 While high costs are related to several factors such as multiple chronic
conditions, catastrophic illnesses, surgeries or procedures, and prescription drug costs,3° it
is estimated that approximately half of the costs among these disproportionately costly
patients are a result of repeated utilization of acute care services (e.g., hospital and
emergency department visits).® Total cost estimates for patients with repeated
hospitalizations, or “super-utilizers,” range from 17.9%7 to 30%°8 depending on the
population evaluated and charges included. This disproportionate share of costs has
generated interest in better understanding the needs of this at-risk population.
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Descriptive analyses on high-utilizing Medicaid or uninsured populations consistently find
that such populations are likely to have multiple chronic conditions.28:° However, medical
complexity alone does not fully explain patterns of repeat hospitalizations. As compared to
the Medicare population, Medicaid patients with readmissions are more likely to have
comorbid behavioral health or substance abuse conditions.19 Additionally, programs
targeting this population report that social risk factors such as language, health literacy,
unemployment, substance abuse and housing are important factors driving healthcare
utilization.11.12 Healthcare systems are increasingly interested in understanding how social
determinants influence health and healthcare utilization as they grapple with at-risk payment
models. Hence, a better understanding of these factors and their association with healthcare
utilization is needed.

Interventions targeting high-cost patients have invested heavily in care management/
coordination with wrap around social and behavioral health support. Despite the
proliferation of these programs, the evidence assessing their impact is limited and those with
some demonstrated success utilize a strategic approach to targeting patients.13-14 Further
underscoring the need for a strategic targeting of patients, a recent analysis described the
prevalence and differential charges among several mutually exclusive subgroups of adult
super-utilizers based on the presence of a single variable (e.g. trauma, cancer, mental
health).8 While this analysis provides information on the heterogeneity of the population it
did not take into account the co-occurring nature of many medical, behavioral and social
conditions and thus may not provide the sufficient precision needed for targeting clinical
interventions.

In this current work, we sought to take a more data driven and inclusive approach that
utilized all available data to assess whether distinct patient subgroups might exist within a
super-utilizer population. Latent Class Analysis (LCA) was used to determine if individual
level, observable, administrative data representing social, medical and behavioral health
conditions coalesced to form specific clinically relevant subgroups of patients. This is a
novel way to utilize administrative data that accounts for super-utilizer complexity and
provides information to inform tailored intervention approaches based on different patient
profiles.

This study was conducted at Denver Health (DH), an integrated safety-net healthcare system
in Denver, Colorado.1® Among other services, DH includes a Level 1 Adult Trauma Center,
500 bed acute care hospital and nine federally qualified community health centers, serving
about a quarter of the Denver population and is the largest healthcare provider in Colorado
to people with Medicaid or no insurance.

The literature contains varying definitions for super-utilizer and the definition used for this
analysis was adapted from prior work.8 Super-utilizers were defined as adult patients (=18
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years of age) who had a hospital admission during the study period (January 1, 2014 to
December 31, 2014) and had two or more admissions within the preceding 12 months of this
index admission. Therefore, all included patients had at least 3 admissions within a 12-
month time period. The aim of this analysis was to assess the extent to which a broad
definition of super-utilization might contain clinically relevant subgroups amenable to
unique clinical interventions. Therefore, the only exclusion criteria applied was a small
group of patients requiring nearly weekly admissions for emergent dialysis, as this
admission is not preventable through existing clinical management options.

Data Sources

Administrative data from DH’s clinical and financial data warehouse were used to obtain the
clinical and service utilization variables of interest. DH’s data warehouse integrates
comprehensive information from Denver Health’s electronic medical record with
administrative data from the financial, clinical encounter, and claims systems. For patients
who participated in DH’s healthcare plans, non-DH clinical, service and financial data were
also available through health plan billing data. Mortality data were obtained from the
Colorado Department of Public Health and Environment. The Colorado Multiple
Institutional Review Board reviewed this project and determined that it was not human
subjects research.

LCA Indicator Variables

For the LCA we were interested in identifying individual level indicator variables that
represented medical, mental health/substance use and social conditions influencing overall
health. Based on the super-utilizer literature, available administrative data, internal clinical
insight, and the Institute of Medicine recommendations,® multiple variables were reviewed
for inclusion. Elixhauser comorbidity softwarel”:18 and the Clinical Classification Software
(CCS) system19 were used to create validated summary variables that grouped similar
Individual International Classification of Diseases, Ninth Revision (ICD-9) codes. Where
greater granularity was desired or validated summary variables were not available we
utilized single ICD-9 codes. Based on variable distribution and clinical relevance, 30
variables were selected for inclusion (see Table, Supplemental Digital Content 1, which
provides the ICD9s used to identify medical, mental health and substance use disorders).

Medical Conditions—The Elixhauser software generates 29 common comorbidities.
However, based on low distributions and lack of clinical relevance and the ability to combine
some of the conditions, 14 dichotomous conditions were retained: congestive heart failure,
valvular disease, pulmonary circulation disorders, peripheral vascular disease, hypertension,
other neurological disorders, chronic pulmonary disease, diabetes (including diabetes with
complications and diabetes without complications), renal failure, liver disease, cancer
(including lymphoma, metastatic cancer, and solid tumor without metastases), coagulopathy,
obesity and anemia (including blood loss and deficiency anemias). Three additional medical
variables were created: the CCS definition was used to identify coronary artery disease;
ICD-9 338.2x was used to identify chronic pain, and the DH trauma registry was used to
identify exposure to a serious physical injury.
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Mental Health (MH) and Substance Use Disorders (SUD)—Eight dichotomous
variables related to mental health and substance use were included. The CCS definitions
were used to identify schizophrenia, depression, bipolar disorder and anxiety disorders as
these definitions provided more granular mental health groupings compared to Elixhauser.
The ICD-9 309.81 was used to identify post-traumatic stress disorder. The Elixhauser
definition was used to identify alcohol and drug use disorders and the ICD-9 305.1 was used
to identify tobacco use disorder.

Social Characteristics—The following 5 dichotomous variables were obtained:
homelessness and marital status at the index admission and high utilization of emergency
department services (=4 visits) use of non-medical alcohol detoxification services and
having had at least one primary care visit in the 12 months prior to index admission.

Additional Data

Demographics—Demographics variables included age, gender, race/ethnicity, primary
language and payer source at the time of the 2014 index admission. Dual-eligibility was
defined as having a primary payer of Medicare and a secondary payer of Medicaid or
participation in DH’s dual-eligible health plan.

Healthcare utilization and charges—Visit level data reflecting admissions, outpatient
utilization, and total charges were obtained for the 12 months prior and 6 months after the
index admission. Total charges included DH admissions and outpatient services (medical/
surgical and behavioral), professional charges, laboratory, radiology, durable medical
equipment (dispensed at hospitalization or outpatient visit), dental, pharmacy (inpatient
only) and medical supplies. Total charges outside the DH system were also captured for
patients with a DH health plan.

To provide additional descriptive detail concerning illness burden, the 3M™ Clinical Risk
Groups software was used to calculate clinical risk groups (CRGs).2? CRGs are a predictive
modeling tool that calculates risk strata and future healthcare utilization based on age,
gender, site of service, timing and duration of treatment, pharmacy claims, diagnoses and
procedures?L,

Latent Class Analysis

Latent Class analysis (LCA) is a data-driven method that utilizes individual level observable
data (indicator variables) to identify underlying latent groups of people (classes). It is
conceptually similar to exploratory factor analysis (EFA); however, LCA examines patterns
within people across the indicators whereas EFA takes a variable centered approach based
on correlations within the whole sample. The iterative procedure attempts to find the best
fitting set of classes to describe underlying profiles among the indicator variables. Thus, the
identified latent classes explain shared patterns among the multiple observed indicator
variables. In this way, the analysis takes a person-centered approach to identifying
homogenous subgroups of people and for each class provides information on the probability
of each indicator variable allowing for the identification of the most prominent attributes of
each class. Additionally, unlike other analyses (e.g., multiple regression), LCA does not
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benefit from parsimony of variables because it is a person-centered rather than variable-
centered analysis. Therefore, all variables believed to be clinically relevant can be included
in the analysis.?2

A central decision point in LCA is to determine how many classes best fit the data. This is
done by comparing the fit of a set of models (e.g., 2 classes to 3 and so on) using fit statistics
as well as interpretability of the produced classes. Model fit is often evaluated using the
Akaike Information Criterion23 (AIC) and the sample size adjusted Bayesian Information
Criterion24 (adj BIC). These indices reflect the extent to which shared patterns across
indicator variables are not well explained by the estimated classes. Lower values on these
indices from each successive model indicate a better fit. Additionally, the Lo-Mendell-Rubin
(L-M-R) statistic2® and bootstrapped Likelihood Ratio Test 26 (BLRT) directly assess
whether successive solutions fit the data better than a nested model with one fewer class.
These tests provide a statistical test that directly compares two models to determine which
number of classes is best. The entropy statistic, an indicator of accurate class differentiation
and posterior probabilities, ranges from 0 to 1; values closer to 1 indicate higher
classification accuracy. Finally, the estimated probabilities of each of the indicator variables
within each class provides information to describe the classes and determine whether the
classes are distinct from one another and clinically interpretable.

Statistical Analyses

Results

LCA was run using Mp/us 7.1 software2’ with the 30 identified dichotomous indicators.
Separate LCA models were estimated with 2 through 7 class solutions. To identify which
model was the best fit for these data, the model fit indices described above were reviewed as
well as the clinical interpretability and size of each class; models with classes smaller than
10% were not retained. SAS Enterprise Guide software version 9.3 was used to examine
demographic, burden of illness, charge and utilization differences among the identified
classes, using Chi-square and analysis of variance tests where appropriate.

There were 17,524 unique adult admissions in 2014, with 1,515 identified as super-utilizing
patients. The demographics, clinical risk status and average charges are presented in Table 1.
Compared to the entire sample of admissions, super-utilizers were older, more likely to be
homeless, from a minority population, male, more likely to have a significant medical
burden (CRG of 6 or higher) and less likely to have private insurance. On average super-
utilizer charges were 8 times that of the overall population of any admitted patient.

A final LCA model was identified that consisted of 5 classes. Entropy of the 5 class model
was .785 and classes ranged in size from 13% to 32% of the sample. Figure 1 summarizes
the overall prevalence of each indicator variable (x axis) and probability of individuals in
each class having each of the 30 specific social, medical, mental health and substance use
disorder indicators (y axis).

Class 1 (N=243, 16.0%) was characterized by significant alcohol use and homelessness.
Individuals in this group had a 99% probability of alcohol use disorder and a high
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probability of being homeless (87%). Compared to the other classes, this class had the
highest probability of high ED utilization (47%) and alcohol detoxification admissions
(65%) and had the lowest probability of utilizing primary care services (39%). This class
also had the highest probability of physical trauma (31%), liver disease (38%), neurological
conditions (45%) and tobacco use (86%) and the lowest probability of being married (6%).
While not as high as Class 4, this class had high probabilities of PTSD (12%),
schizophrenia/other psychotic disorders (21%), bipolar disorder (24%) and drug use disorder
(51%).

Classes 2 (N=218, 14.4%) and 3 (N=374, 24.7%) both represented medically complex
patients with similar probabilities for primary care utilization (80% vs. 77%) and similar
probabilities across many of the medical conditions; however, Class 2 was characterized by
medical conditions, mental health and substance use disorders and homelessness and Class 3
was primarily characterized by medical conditions. In contrast to Class 3, Class 2 had a
higher probability of being homeless (58% vs. 17%) and a lower probability of being
married (12% vs. 31%), a higher probability of high ED utilization (27% vs. 4%) and much
higher probabilities for all the mental health and substance use disorders. Class 3 had the
lowest probability out of all the classes for any of the mental health and substance use
disorders, except depression.

Class 4 (N=189, 12.5%) was the smallest class and was characterized by more serious
mental health disorders, drug use disorders and homelessness. Compared to all other classes,
this class had the highest probability of anxiety (82%), depression (65%), bipolar (48%),
PTSD (35%), and schizophrenia/other psychatic disorders (32%). This class also had the
second highest probability of chronic pain (50%) and a fairly high probability of high ED
utilization (31%).

Class 5 (N=491, 32.4%) was the largest class and was characterized mostly by medical
conditionsbut in comparison to Class 3, the primarily medical group, this class had lower
probabilities for most of the medical conditions but higher probabilities for all substance use
disorders, anxiety (18%), schizophrenia (7%) and bipolar (5%) as well as homelessness
(30%).

Tables 2 presents demographic and more detailed pre-index admission utilization and charge
data for the classes. Class 1 characterized by alcohol use and homelessness was more likely
to be male, white, and had the highest average ED visits and the lowest primary care visits of
all classes. Classes 2, 3 and 5 all were characterized by medical conditions but were
differentiated by MH/SUDs and social challenges. Class 2, medically complex with MH/
SUD:s and homelessness, also were more likely to be male and were more likely to be Black.
This class had the highest charges and average primary care visits and second highest
average admissions. Class 3, primarily medically complex, were more likely to be older,
Hispanic/Latino and primarily speak Spanish than the other classes. They had the highest
average admissions and the second highest average charges. Class 5, the third medical class,
had the second highest proportion of patients who primarily speak Spanish. Class 4, the
class characterized by MH/drug use disorders and homelessness had the highest proportion
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of females, were the youngest and had the lowest total charges as compared to the other
classes.

Table 3 provides information for the 6 month period after the index admission. Class 1
continues to have the highest average ED visits and the lowest primary care visits, Class 2
continues to have the highest average charges and highest primary care visits, Class 3
continues to have the highest admissions and Classes 4 and 5 continue to have the lowest
average charges. There is no difference between the classes in the number of months patients
continued to meet super-utilizer criteria and overall 70% met criteria 6 months after the
index admission. Eight percent of the sample died within 6 months with the highest
proportions from the medically complicated classes.

Table 4, compares the results of the LCA to a prior single variable subgroups analysis.8 It
demonstrates the need to utilize multivariate analyses such as LCA as patients are complex
and conditions co-occur and overlap in a one variable grouping. It also highlights the
differential distribution across classes on a single variable grouping. For example, while
29% of the cohort had a serious mental health diagnosis, the probability of a mental health
condition varies greatly using a multivariate approach as 76% had a mental health diagnosis
in Class 4 compared to 8% in Class 3.

Conclusions

This study contributes to the growing field of descriptive analyses on adult super-utilizers
and is unique in its utilization of latent class analysis to identify and describe subgroups in
this population. As opposed to hypothesis driven analyses, the results of an LCA are not
limited to a specific test that is defined by a researcher. Rather, it employs a data driven
approach that includes multiple clinical variables. This analysis identified five subgroups of
super-utilizing patients with distinct clinical, social and demographic patterns and
demonstrates the important role that social determinants of health play in providing services
to this population and ultimately healthcare utilization and costs.

Among the five subgroups identified, three classes (1, 2 and 4) had a high probability (60%
— 87%) of homelessness with very different patient profiles. Class 1 represents a group of
patients with significant alcohol use combined with a lack of stability and support, as
characterized by high rates of homelessness, low marriage rates, and over utilization of
emergency services. The most pervasive medical conditions were neurological disorders,
physical trauma and liver disease, conditions associated with adverse social conditions and
alcohol abuse. Mental health disorders, drug and tobacco use were also prevalent in this
subgroup and over three-fourths of this class were male. Given the lack of primary care
utilization and high ED and detoxification utilization, this group may benefit from
community based, outreach services or services embedded into an ED setting. Services
should include multidisciplinary staff with a strong focus on housing, social support and
SUD services.

Individuals in Class 2 have significant housing instability as well, but a much more complex
medical profile (similar to Class 3 the primarily medical class) as well as co-occurring MH/
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SUDs. However, they are more engaged in primary care and have high ED utilization. Their
high rates of ambulatory care sensitive conditions (e.g., diabetes, CHF, COPD) and frequent
primary care visits suggest that more optimized medical management with alternative
primary care models could greatly impact avoidable hospitalizations.28 The ambulatory
ICU2® where there are ancillary staff to support medical, behavioral health and social needs
might serve as a good model.

Class 4, the smallest group, also represents patients with housing instability but with more
serious mental health disorders and drug use disorders as compared to the other two
homeless groups. Given the level of mental illness, this group would most likely benefit
from services either strongly aligned or embedded within a formal mental health treatment
agency that also has co-occurring addiction expertise. Additionally, this group had the
highest proportion of females as well as the highest probability of PTSD, indicating that
trauma informed and gender-specific services may be important.

Class 3 represents patients with mostly complex medical conditions and an absence of social
and behavioral health conditions. It is the second largest group consisting of almost a quarter
of the cohort and has the highest average admissions. This group most likely does not need
the ancillary behavioral health and social supports that the other groups may need and is
unique in that over half identify as Latino and nearly 30% primarily speak Spanish. High-
utilizers with multiple chronic conditions often experience significant care fragmentation,
which can be exacerbated with each condition3C and with language barriers. Over three-
fourths of this group utilized primary care suggesting that they may be responsive to care
coordination or patient navigation services embedded within this setting. Community health
workers (CHWSs) may also be an effective intervention for this group as they often act as
community liaisons, helping patients access the right services in the health system and
providing critical support, such as educating patients on their medications. By acting as
patient navigators and health educators, CHWs may help to decrease admissions through the
reduction of recurrent 30-day readmissions and increasing patient activation.3 However,
given the medical complexity of this group, additional analyses are needed to truly
understand what admissions might be avoidable.

Class 5, the largest group, is ambiguous in that it appears to have a similar medical
trajectory, although lower, as class 3 but is complicated with MH and SUDs. Given their
lower medical conditions, it may be that these behavioral health conditions are greatly
contributing to admissions and would likely benefit from screening in primary care and
providing a strong linkage to MH and addiction services. However, this more heterogeneous
group likely needs more analysis to truly understand it.

The work presented here has important implications, as it demonstrates how the combination
of social, behavioral, and medical information can provide a granular understanding of high
risk groups. By identifying patterns of interconnectedness among a costly and vulnerable
patient population, it provides the opportunity to transform care in a way that addresses both
medical needs and the social determinants of health. This builds on conceptual models that
inform our current understanding of complex, multimorbid patients.32 In order for such
analytic approaches to be scalable and actionable, health systems will need to routinely
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capture social and behavioral information33 which will be especially important as payers
continue to reward population health approaches such as the CMS Accountable Health
Communities payment model.34 For health systems to succeed, they will need to collect
standardized data, employ new analytic approaches, and translate these insights into
effective interventions to improve the overall health and outcomes of complex patients
similar to this super-utilizer population.

Administrative health data provides a valuable opportunity to describe populations and to
inform novel intervention approaches, but there are limitations that should be considered.
Complete data capture in our study population was only possible for patients who received
all their care in the DH system and/or were in our health plan. Most of the patients had
government insurance (93%) at their index admission and therefore most likely utilized the
DH system, however, we do not know the extent to which these patients remain in this
system and/or exclusively use this system. Additionally, these data most likely
underrepresent the presence of MH/SUDs as these conditions are not always validly and
reliably coded in medical claims data and do not fully capture social determinants of health
information. Similarly, we defined homelessness based on the index admission. This does
not fully capture the fluidity of housing and may obscure cases of transient homelessness
throughout the year. The results of the LCA are dependent upon how the sample was defined
(e.g., by hospital admissions) and the prevalence and selection of indicator variables.
Additional analyses are needed to understand the generalizability of these subgroups when
selecting samples based on different criteria (e.g., high utilization of other services such as
emergency or primary care) and within different healthcare and geographic settings. Lastly,
this analysis was conducted by DH and findings might or might not be consistent with or
confirmed by the findings of the independent evaluation contractor.

In summary, this analysis presents a novel methodological approach to utilizing
administrative data to inform service delivery. It demonstrates the heterogeneity among
super-utilizers and the need to utilize multivariate analyses such as these, especially with
complex patients. This analysis also highlights the importance of ensuring the accurate
collection of psychosocial variables in the healthcare setting and including these variables in
analyses. We demonstrate the application of LCA in identifying and describing subgroups of
super-utilizers unique to a local health system, which can be replicated by other systems in
their efforts to provide appropriate and patient-centered services with the goal of improved
health and reduced acute healthcare utilization.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1a

Proability of Condition

Figure 16
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Mental Health/Substance Use

Figure 1. Probability of Social, Medical and Mental Health/Substance Use Indicatorsby 5 L atent

Classes

la. The estimated probability (Y axis) for each indicator variable (X axis) in the latent class
analysis is shown for each of the 5 classes. On the horizontal axis, the overall sample
prevalence for each indicator is given (%) and the indicators are grouped by social, medical,
and mental health/substance use. The separate lines demonstrate how the classes differ
across the indicators and provide information on which indicators are more prevalent for
each of the 5 classes. 1b and 1c presents the same data but separates it by the high
homelessness classes (1b) and the primarily medical classes (1c).
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