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Background: People experiencing homelessness face significant medical and
psychiatric illness, yet few studies have characterized the effects of multimorbidity within
this population. This study aimed to (a) delineate unique groups of individuals based
on medical, psychiatric, and substance use disorder profiles, and (b) compare clinical
outcomes across groups.

Methods: We extracted administrative data from a health system electronic health
record for adults referred to the Durham Homeless Care Transitions program from July
2016 to June 2020. We used latent class analysis to estimate classes in this cohort based
on clinically important medical, psychiatric and substance use disorder diagnoses and
compared health care utilization, overdose, and mortality at 12 months after referral.

Results: We included 497 patients in the study and found 5 distinct groups: “low
morbidity” (referent), “high comorbidity,” “high tri-morbidity,” “high alcohol use,” and “high
medical iliness.” All groups had greater number of admissions, longer mean duration of
admissions, and more ED visits in the 12 months after referral compared to the “low
morbidity” group. The “high medical illness” group had greater mortality 12 months after
referral compared to the “low morbidity” group (OR, 2.53, 1.03-6.16; 95% Cl, 1.03-6.16;
p = 0.04). The “high comorbidity” group (OR, 5.23; 95% CI, 1.57-17.39; p < 0.007)
and “high tri-morbidity” group (OR, 4.20; 95% CI, 1.26-14.01; p < 0.02) had greater
12-month drug overdose risk after referral compared to the referent group.

Conclusions: These data suggest that distinct groups of people experiencing
homelessness are affected differently by comorbidities, thus health care programs for
this population should address their risk factors accordingly.

Keywords: homelessness, medical respite, comorbidity, tri-morbidity, latent class analysis, mental health,
substance use
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INTRODUCTION

Medical respite programs provide a safe place for recovery from
illness or injury for people experiencing homelessness (PEH).
A growing literature base describes the implementation
and success of such programs for this population (1-
3). Given that PEH face high rates of complex yet
modifiable illness (4), and that medical, mental health,
and substance use disorders are linked to high health care
utilization (5, 6), there remains a need to understand the
specific risks that multimorbid health profiles portend for
this population.

Population segmentation using latent class analysis (LCA)
is one method to tailor integrated health care interventions
to groups facing high rates of multimorbidity with the aim
of reducing negative clinical outcomes and unnecessary health
care utilization (7). Broadly, LCA is a statistical method using
maximum likelihood estimation to classify distinct subgroups of
people within a population based on shared characteristics (8).
The resulting subgroups, referred to as latent classes or groups,
are internally homogeneous and externally heterogeneous (9).
LCA has been used successfully to classify primary care
utilizers into patient classes, which have predictive value in
clinical outcomes (10), although fewer LCAs have focused
on PEH.

Early LCAs of PEH were used to describe the typology
of psychiatric illness (11), substance use (12), and medical
illness (13) in this population. More recently, LCA has been
used as a method to assess social (14-16) and health services
(17, 18) utilization amongst distinct groups of PEH. An
analysis of 2010 Medicaid claims data of PEH examined
heterogeneity among frequent emergency department (ED)
users in a single health care center and identified distinct
subgroups in the LCA. Individuals with tri-morbid illness in
this analysis had greater non-ED costs than other subgroups
(17). A 2013 analysis of veterans experiencing homelessness
used LCA based on risk factors for homelessness (e.g., presence
of psychotic disorder, substance use disorder, post-traumatic
stress disorder, low income, unemployment, incarceration, and
chronic homelessness) and found differential homeless service
utilization between individuals with dual diagnosis, abuse,
incarceration, poverty, substance use disorder, and disabling
medical problems (18).

However, such analyses of PEH have not assessed differential
health outcomes based on class assignment (14-16) and often
aggregate medical, psychiatric and substance use conditions
as a single entity (17, 18). There are no published studies
that classify individuals in medical respite or transitional care
programs based on discrete medical, psychiatric, and substance
use disorder profiles and compare clinical outcomes across
these groups.

The primary objective of this retrospective cohort
study was therefore to (a) estimate distinct classes in a
cohort of adult PEH referred to a homeless transitional
care program using LCA models, and (b) evaluate
for differences in health care utilization and mortality
across groups.

MATERIALS AND METHODS
Study Design, Setting, and Participants

This study examined data from 497 adults referred to Durham
Homeless Care Transitions (DHCT), a transitional care and
medical respite program for PEH, from July 1, 2016 through
June 30, 2020. DHCT inclusion criteria were adults who were
(a) experiencing homelessness; (b) able to participate in and
maintain a safe and harm-free environment; (c) willing to
follow rules of housing setting, which may include abstinence
from substances and alcohol; (d) willing to participate in
case management visits and treatment plans; (e) competent in
activities of daily living (self-toileting, simple meal preparation);
(f) psychiatrically stable (e.g., no active threats of harm to
self or others); and (g) cleared by physical therapy for home
discharge when applicable. Data were collected and analysis
was conducted between March 12, 2020 and May 27, 2021.
The Duke Health Institutional Review Board approved all study
procedures (Pro00103699).

Data Collection

We extracted electronic health record (EHR) data from January
1, 2014, through June 30, 2020. We retrieved demographic
data (i.e., sex, age, race, referral source, insurance), medical
diagnoses (e.g., cardiovascular, chronic pulmonary, other end
organ disease, diabetes), substance use diagnoses (e.g., alcohol
use disorder, opioid use disorder, stimulant use disorder),
and mental illness diagnoses (e.g., psychotic disorder, mood
disorder, anxiety/trauma related disorders) according to ICD,
Tenth Revision (ICD-10) codes (19-21) (see Supplementary 1).
We chose these 10 diagnoses (risk factors) based on the
high prevalence of such disorders amongst PEH (22, 23) and
consensus of three individuals with expertise in providing
medical and psychiatric care for PEH. We obtained encounter
information (i.e., admissions, length of stay, ED visits, and
outpatient visits within 12 months after program referral) and
clinical outcomes (i.e., mortality and drug overdose at 12 months
after program referral).

Statistical Analyses

LCA statistical testing of model fit and class membership
is probabilistic, with latent group membership probabilities
computed for each subject from the set of candidate risk factors.
For this LCA, the presence or absence of 10 risk factors at the
referral date was used to define the latent groups: (a) substance
use disorders (i.e., alcohol, opioid, and stimulants) (b) mental
illness (i.e., psychotic disorder, anxiety/trauma, mood disorder),
and (c) medical conditions (i.e., cardiovascular, diabetes, end
organ, pulmonary). Following standard practice, we began with a
one class model and then added classes in successive models (24).
We used the Bayesian Information Criterion (BIC) to determine
the optimal number of classes, as previous literature has shown
BIC to be superior to other criteria at correctly identifying
the number of groups in LCA processing, particularly when
using categorical outcomes (24). In addition, we evaluated the
resulting models for interpretability using clinical judgment (25).
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FIGURE 1 | Five latent classes of adults referred to a homeless transitional care program.

Each participant was assigned to their modal class based on the
computed membership probabilities.

After defining the latent classes, our next analytical
objective was to determine how the set of classifying variables
(presence/absence of 10 risk factors) and demographic variables
varied by latent class group using logistic regression or ordinary
least square regression, as appropriate. To prevent overtesting,
the utilization outcomes were evaluated using a referent latent
group that was selected and compared to each of the other latent
groups using Poisson regression.

The LCA was performed using the PROC LCA procedure
in SAS v9.4 (26), which provides likelihood-based information
indices to aid in assessing the number of latent classes needed
to fit the data. To validate class selection, using simple random
sampling, the 497 subjects were separated into two independent
groups and the PROC LCA was conducted separately on each
group. LCA for each sample resulted in an optimal 5-class
solution. Zero-inflated Poisson (ZIP) regression was used to
model the association of LCA group membership with the
outcomes of medical utilization. Number of hospital admissions,
emergency department encounters, and outpatient encounters
are counts in nature, and the length of stay of admissions fit the
Poisson distribution. The abundance of zero counts necessitated
the use of the ZIP method. The occurrence of mortality and drug
overdose were modeled using logistic regression. For both sets
of analyses, the LCA classes were treated as nominal with “Low
morbidity” as the referent group. The analyses were conducted
using SAS version 9.4 (SAS Institute, Inc., Cary, NC).

RESULTS

Selection of Latent Groups
A 5-group model, depicted in Figure 1, was chosen based on
the optimal number of latent classes by comparing the BIC of
the candidate models (25). The BIC of the five-class solution
was 784.6 and the entropy was 0.87 (Supplementary 2). Figure 1
indicates the percent of subjects in each group with each of
the 10 pre-specified medical, psychiatric and substance use
conditions. The x-axis represents the 10 medical, psychiatric and
substance use conditions and the y-axis represents the percent
of subjects in each group with that condition. In Group 1,
prevalence of medical, psychiatric and substance use conditions
was relatively low compared to the four other groups. Group 2
had the highest prevalence of chronic pulmonary disease and
anxiety disorders, and high prevalence of cardiovascular, end
organ disease, diabetes, and mood disorders despite relatively
lower prevalence of substance use disorders. Group 3 had the
highest prevalence of end organ disease, opioid and stimulant
use disorders, and mood disorders as well as a relatively high
prevalence of all other conditions. Group 4 had the highest
prevalence of alcohol use and psychotic disorders, and Group 5
had the highest prevalence of cardiovascular disease and diabetes.
Based on these findings, we named Group 1 [the referent
group; n = 100 (20.1%)] “Low morbidity,” Group 2 [n = 102
(20.5%)] “high comorbidity,” Group 3 [n = 127 (25.6%)] “high
tri-morbidity,” Group 4 [#n = 56 (11.3%)] “high alcohol use,” and
Group 5 [n =112 (22.5%)] “high medical illness.”
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TABLE 1 | Baseline demographic and clinical characteristics of patients referred to DHCT program.

Characteristic n (%) Group 1: Group 2: Group 3: Group 4: Group 5: Overall, P-value*
Low morbidity, High comorbidity, High tri-morbidity, High alcohol use, High medical iliness, 497 (100)
100 (20.1) 102 (20.5) 127 (25.6) 56 (11.3) 112 (22.5)
Demographic characteristic
Sex
Female 34 (34.0) 52 (51.0) 44 (34.7) 9(16.1) 17 (15.2) 156 (31.4) <0.0001
Male 66 (66.0) 50 (49.0) 83 (65.4) 47 (83.9) 95 (84.8) 341 (68.6)
Age in years, M (SD) at program 50.6 (13.5) 50.4 (11.4) 48.2 (9.7) 48.5(11.0) 53.9(8.9) 50.5(11.0) 0.001
DHCT program referral
Race
Black/African American 52 (52.0) 58 (56.9) 79 (62.2) 35 (62.5) 80 (71.4) 304 (61.1)  0.001
White 28 (28.0) 39 (38.2) 40 (31.5) 16 (28.6) 23 (20.5) 146 (29.4)
Other/missing 20 (20.0) 5(4.9) 8(6.3) 5(8.9) 9(8.0) 47 (9.5)
Insurance status—*Encounter/fluid at referral or next encounter
Public 34 (34.0) 60 (58.8) 52 (40.9) 14 (25.0) 42 (37.5) 202 (40.6) <0.0001
Private 4 (4.0) 2 (2.0 1(0.8) 1(1.8) 4 (3.6) 2(2.4)
Uninsured 50 (50.0) 24 (23.5) 43 (33.9) 32 (67.1) 34 (30.4) 183 (36.8)
Mixed 2(12.0) 6 (15.7) 31 (24.4) 9 (16.1) 32 (28.6) 100 (20.2)
Clinical characteristics
Chronic medical condition
Cardiovascular disease® 34 (34.0) 92 (90.2) 110 (86.6) 31 (55.4) 110(98.2) 377 (75.9) <0.0001
Chronic pulmonary disease® 22 (22.0) 54 (52.9) 65 (51.2) 7 (12.5) 32 (28.6) 180 (36.2) <0.0001
Other end organ disease® 1(1.0 46 (45.1) 70 (55.1) 10(17.9) 54 (48.2) 181 (36.4) <0.0001
Diabetes® 2(2.0) 45 (44.1) 42 (33.1) 1(1.8) 71 (63.4) 161 (32.4) <0.0001
Substance use disorder
Alcohol use disorder 0(0.0) 32 (31.4) 85 (66.9) 56 (100.0) 20 (17.9) 193 (38.8) <0.0001
Opioid use disorder 16 (15.7) 61 (48.0) 1(1.8) 5(4.5) 88 (17.7) <0.0001
Stimulant use disorder 3(3.0) 0(0.0) 127 (100.0) 24 (42.9) 33 (29.5) 187 (37.6) <0.0001
Mental iliness
Psychotic disorder 4 (4.0 13(12.8) 30 (23.6) 17 (30.4) 5 (4.5) 69 (13.9) <0.0001
Mood disorder 82 (80.4) 110 (86.6) 26 (46.4) 29 (25.9) 253 (50.9) <0.0001
Anxiety disorder 14 (14.0) 102 (100.0) 91 (71.7) 9 (16.1) 0(0.0) 216 (43.5) <0.0001

aCardiovascular disease = congestive heart failure, valvular disease, and cardiac arrhythmia, complicated hypertension, uncomplicated hypertension and peripheral vascular disease.

bChronic pulmonary disease = COPD and pulmonary circ disorders.
¢QOther End organ disease = renal failure and liver disease.
9Djabetes.

*P-value is an omnibus 4 degree of freedom test for differences in distribution in characteristic between the 5 latent class groups.

Demographics and Clinical Characteristics

of Population

Of the 497 patients included in this study, the mean age
was 50.5 (£11.0) years, 68.6% were male, and 61.1% were
Black. A total of 36.8% of patients were uninsured, 40.6%
had public insurance, and 2.4% had private insurance. For the
entire cohort, the prevalence of (a) cardiovascular disease was
75.9%, (b) chronic pulmonary disease was 36.2%, (c) other
end organ disease was 36.4%, and (d) diabetes was 32.4%.
Alcohol use disorder was present in 38.8% of the cohort, and
opioid use disorder and stimulant use disorder were present
in 17.7 and 37.6% of the cohort, respectively. Finally, 13.9%
of the cohort had a psychotic disorder, 50.9% had a mood
disorder, and 43.5% had an anxiety disorder. Socio-economic
and clinical characteristics varied across LCA groups. See Table 1

for complete demographic and clinical details. Supplementary 3
includes odds ratios and confidence intervals for all risk factors
across each class.

Health Care Utilization at 12 Months After
Referral

Groups 2-5 had more admissions, longer duration of admissions,
and more ED visits in the 12 months following referral compared
to the “low morbidity” group. All groups except the “high alcohol
use” group had more outpatient visits in the 12 months after
referral compared to the “low morbidity” group. In comparison
with the “low morbidity” group, the “high tri-morbidity” group
had the largest magnitude increase in admissions (RR, 1.93; 95%
CI, 1.32-2.81; p = 0.0007) and in ED visits (RR, 3.58; 95% CI,
2.79-4.58; p < 0.0001), and the “high comorbidity” group had

Frontiers in Psychiatry | www.frontiersin.org

4 December 2021 | Volume 12 | Article 780366


https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.frontiersin.org/journals/psychiatry#articles

Smith et al.

Health Profiles of Homeless Adults

TABLE 2 | Health care utilization by class using Zero Inflated Poisson (ZIP)
analysis to estimate Relative Risk (RR) with Low Morbidity group as the referent.

TABLE 3 | Clinical outcomes by class using Logistic Regression to estimate Odds
Ratios with Low Morbidity group as the referent.

ZIP
Utilization RR 95% ClI P-value
Admissions (#) in 12 months
Group 1: Low morbidity (referent) 1.00 reference n/a
Group 2: High comorbidity 1.88 1.28-2.77 0.0013
Group 3: High tri-morbidity 1.93 1.32-2.81 0.0007
Group 4: High alcohol use 1.48 0.94-2.31 0.09
Group 5: High medical illness 1.69 1.14-2.51 0.009
Length of stay (mean)
Group 1: Low morbidity (referent) 1.00 reference n/a
Group 2: High comorbidity 211 1.86-2.39 <0.0001
Group 3: High tri-morbidity 1.55 1.36-1.76 <0.0001
Group 4: High alcohol use 1.68 1.36-1.83 <0.0001
Group 5: High medical illness 1.66 1.37-1.78 <0.0001
ED visits (#) in 12 months
Group 1: Low morbidity (referent) 1.00 Reference n/a
Group 2: High comorbidity 1.57 1.20-2.04 0.001
Group 3: High tri-morbidity 3.58 2.79-4.58 <0.0001
Group 4: High alcohol use 1.99 1.50-2.63 <0.0001
Group 5: High medical illness 1.75 1.33-2.28 <0.0001
Outpatient visits (#) 12 months
Group 1: Low morbidity (referent) 1.00 reference n/a
Group 2: High comorbidity 1.39 1.26-1.52 <0.0001
Group 3: High tri-morbidity 1.15 1.05-1.26 0.003
Group 4: High alcohol use 1.04 0.92-1.16 0.55
Group 5: High medical illness 1.35 1.23-1.48 <0.0001

the largest magnitude increase in mean length of admissions (RR,
2.11;95% CI, 1.86-2.39; p < 0.0001) and in number of outpatient
visits (RR, 1.39; 95% CI, 1.26-1.52, p < 0.0001). Complete health
care utilization data is presented in Table 2.

Mortality and Drug Overdose at 12 Months

After Referral

Only the group with “high medical illness” had a greater
mortality 12 months after referral compared to the “low
morbidity” group (OR, 2.53, 1.03-6.16; 95% CI, 1.03-6.16; p
= 0.04). Both the “high comorbidity” group (OR, 5.23; 95%
CIL, 1.57-17.39; p = 0.007) and “high tri-morbidity” group
(OR, 4.20; 95% CI, 1.26-14.01; p = 0.02) had a greater
12-month drug overdose risk after referral compared to the

referent group. Complete clinical outcome data are present in
Table 3.

DISCUSSION

This study contributes to the body of literature examining
utilization and comorbidity patterns among PEH. In this LCA
of 497 individuals referred to a homeless transitional care
program, we used a data-driven, probability-based method
to classify the cohort into five distinct groups. To our

Clinical outcome OR 95% CI P-value
Mortality at 12 months

Group 1: Low morbidity (referent) 1.00 reference n/a
Group 2: High comorbidity 1.63 0.62-4.33 0.32
Group 3: High tri-morbidity 210 0.85-5.17 0.11
Group 4: High alcohol use 0.30 0.03-2.41 0.25
Group 5: High medical illness 2.53 1.03-6.16 0.04
Drug overdose at 12 months

Group 1: Low morbidity (referent) 1.00 reference n/a
Group 2: High comorbidity 5.23 1.57-17.39 0.007
Group 3: High tri-morbidity 4.20 1.26-14.01 0.02
Group 4: High alcohol use 1.19 0.21-6.91 0.84
Group 5: High medical illness 2.68 0.75-9.62 0.13

knowledge, this is the first study to use EHR data that included
medical, psychiatric and substance use diagnoses to build an
LCA of PEH and to assess their health care utilization and
clinical outcomes.

In regard to healthcare utilization, all groups in our
study had significantly greater number of admissions, longer
mean duration of admissions, and more ED visits in the
12 months after referral compared to the referent “low
morbidity” group. These results align with those of prior
latent group analyses that have used claims data (17),
survey data (14-16), or administrative data (18, 27) to
demonstrate increased health services utilization among PEH.
These findings further add to previous LCAs that have
described subgroups of heterogeneous homeless populations
based on social characteristics (28) or patterns of shelter
use (29, 30).

Our analysis supports similar findings of variable health
care utilization among certain subgroups of PEH. Existing
evidence indicates high ED utilization among subgroups of
PEH with mental health disorders but without physical health
disorders (16). Persistent hospital super-utilizers have been
identified among subgroups with either mental health or
substance use disorder (31). Among homeless subgroups, co-
occurring mental health and substance use disorder drive
increased ED and non-ED health care utilization, and persons
with tri-morbid illness are among the costliest utilizers
overall (17).

Concerning clinical outcomes, the “high medical illness”
group in our analysis had greater mortality 12 months after
referral compared to the “low morbidity” group. This is
consistent with the existing literature that chronic medical
conditions are risk factors for death in PEH (32, 33) and
suggests that PEH with chronical medical conditions are a
particularly vulnerable subgroup in this and similar cohorts. Our
analysis also demonstrated the “high comorbidity” and “high
tri-morbidity” groups had greater 12-month drug overdose risk
after referral compared to the referent group. This in line with
data demonstrating that drug overdose is an epidemic among
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PEH (34) and supports literature demonstrating rising rates of
tri-morbidity among PEH (35).

LIMITATIONS

The current study was retrospective and included data from
a single health system, which may limit generalizability. The
cohort was identified based on referral to a homeless transitional
care program and therefore does not capture PEH who were
not referred, limiting generalizability to the entire population
experiencing homelessness. The observation period was limited
to 12 months and data were limited with respect to patterns
of homelessness among the study cohort. Finally, LCA carries
inherent limitations, including risk of class misassignment,
inability to determine exact number of members in classes
because group membership is based on probabilities, and
potential for “naming fallacy,” where class names do not
accurately reflect the latent classes (8).

CONCLUSION

This study describe how distinct groups of PEH are affected
differently by comorbidities and supports the need for integrated
medical, mental health, and substance use disorder services in
programs that serve PEH.
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