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Abstract

Objective: To develop easy to use and validated predictive models to identify benefi-
ciaries experiencing homelessness from administrative data.

Data Sources: We pooled enrollment and claims data from enrollees of the California
Whole Person Care (WPC) Medicaid demonstration program that coordinated the
care of a subset of Medicaid beneficiaries identified as high utilizers in 26 California
counties (25 WPC Pilots). We also used public directories of social service and health
care facilities.

Study Design: Using WPC Pilot-reported homelessness status, we trained seven
supervised learning algorithms with different specifications to identify beneficiaries
experiencing homelessness. The list of predictors included address- and claims-based
indicators, demographics, health status, health care utilization, and county-level
homelessness rate. We then assessed model performance using measures of bal-
anced accuracy (BA), sensitivity, specificity, positive predictive value, negative predic-
tive value, and area under the receiver operating characteristic curve (area under the
curve [AUC]).

Data Collection/Extraction Methods: We included 93,656 WPC enrollees from
2017 to 2018, 37,441 of whom had a WPC Pilot-reported homelessness indicator.
Principal Findings: The random forest algorithm with all available indicators had the
best performance (87% BA and 0.95 AUC), but a simpler Generalized Linear Model
(GLM) also performed well (74% BA and 0.83 AUC). Reducing predictors to the top
20 and top five most important indicators in a GLM model yields only slightly lower
performance (86% BA and 0.94 AUC for the top 20 and 86% BA and 0.91 AUC for
the top five).

Conclusions: Large samples can be used to accurately predict homelessness in Med-
icaid administrative data if a validated homelessness indicator for a small subset can
be obtained. In the absence of a validated indicator, the likelihood of homelessness
can be calculated using county rate of homelessness, address- and claim-based indi-
cators, and beneficiary age using a prediction model presented here. These
approaches are needed given the rising prevalence of homelessness and the focus of

Medicaid and other payers on addressing homelessness and its outcomes.
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What is known on this topic

Homelessness is a social determinant of health and well-established evidence demonstrates
that individuals experiencing homelessness have poor health and high use of health care.
Addressing social determinants of health is increasingly a goal of public and private payers
and providers, but most lack data on the homelessness status of the populations they serve.
Various methods of identifying homelessness using administrative data have been tried using
specific populations and limited data, but their accuracy in determining homelessness is
unknown.

What this study adds

We identify easy and validated predictive models to identify individuals experiencing home-

1 | INTRODUCTION

Over half a million persons are estimated to be experiencing home-
lessness in the United States on a given night.! Well-established
evidence demonstrates that individuals experiencing homelessness
have a poor health status, frequent use of emergency departments
(EDs) and hospitals, and higher mortality.?~” Improving the health
of individuals living with homelessness is challenging because
harsh living conditions reduce the effectiveness of medical inter-
ventions.®? Therefore, efforts to improve the health of this popu-
lation frequently focus on providing housing support services and
permanent housing.2°=** Increasingly, payers and health care pro-
viders are engaged in more intensive outreach and the incorpora-
tion of housing services into medical benefits. Effective strategies
require systematic and accurate approaches using broadly avail-
able and up-to-date administrative data. Yet, this is particularly
challenging because this data lacks specific and accurate identifiers
of homelessness.

A limited number of studies have described various approaches
to identifying homelessness in administrative data. Of these, three
studies identified homelessness in Veterans Administration (VA) data.
One used natural language processing of free text in 10,000 records
and reported a precision of 70% based on a review of positive
records.’® Another used ICD-9-COM code V60.0 for the diagnosis of
homelessness or homeless service codes to identify veterans
experiencing homelessness among 845,593 veterans, but it did not
assess the accuracy of this approach.!® Another study used the
Department of Defense and VA data for 25,821 misconduct-
discharged veterans to develop a random forest (RF) model using
demographic and clinical characteristics to predict homelessness. They
achieved an area under the curve (AUC) of 0.80 but did not validate
the findings.”

lessness using variables available in administrative data.
o We identify the top 20 and top five most important variables in predicting homelessness.
o We offer more advanced and simpler but well-performing logit regression models and the

related regression coefficients that could be easily applied to identify homelessness.

Several studies have used Healthcare Cost and Utilization Project
(H-CUP) hospital discharge and ED visit data with hospital-reported
homelessness status.>*'2! These studies reported limitations,
including a lack of data to capture those with housing insecurity, mea-
surement error, and under-reporting because hospitals lacked incen-
tives to report this data. None of these studies validated
homelessness status, and there is evidence that the homelessness flag
in the H-CUP might be unreasonably inaccurate.??

One study used addresses in a health information exchange data-
base of health service users from 32 major hospitals and 250 partici-
pating facilities in New York City and Long Island with keywords such
as homeless or hospital, homeless shelter or place of worship as an
address, but without validating or measuring the accuracy of their
method.?® A second study used a linked dataset of various administra-
tive records for over 5 million individuals from Massachusetts with
diagnosis codes and homelessness flags for validation and achieved
excellent performance, including an AUC of 0.94.2%

Another study employed a combination of methods using data
from individuals who filed disability claims in Minnesota, with a sam-
ple of 383 who were officially designated as homeless by a Social
Security Administration employee.?> The authors examined address
data for keywords indicating homelessness, comparing non-residential
addresses to existing lists of health care providers and other institu-
tions such as shelters and correctional facilities. They also extracted
keywords from texts of medical records and Social Security disability
applications using natural language processing methods and trained
RF models to identify homelessness. They then compared the models
and found the lowest AUC using the claim variables (0.67) and the
highest AUC using claim, address, and text variables (0.94). They con-
cluded that an address was the strongest predictor of homelessness,
followed by mental health conditions such as antisocial and borderline

personality disorders.
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Only one study used Medicaid administrative data for 1677 Med-
icaid beneficiaries in Minnesota and identified homelessness in
address data using six sources, including the addresses of shelters,
supportive housing programs, and homeless service centers and key-
words in address responses.?® The authors validated the homeless
indicators against self-reported housing status using a logistic regres-
sion model and found sensitivities between 30% and 76%, specific-
ities between 79% and 97%, and an AUC of 0.77.

These studies have identified several methods to identify homeless-
ness, with differences in the predictive power of various indicators and
their performance. Several were based on small, unique, non-generaliz-
able, and non-scalable data sources. Some used very advanced methods
that are not replicable by non-researchers. Furthermore, few have com-
pared the performance of their indicators and modeling approaches to
highlight the relative advantage of these strategies for broad audiences,
specifically for providers and payers, such as Medicaid.

We addressed these gaps by using data from a California Medic-
aid 1115 Waiver demonstration program that focused on enrolling
high-utilizing Medicaid beneficiaries, including those at risk of or
experiencing homelessness. We based our analyses on readily avail-
able administrative data that could be reliably used by Medicaid
administrators and health plans. We had the advantages of a very
large representative sample of high-utilizing Medicaid beneficiaries
with chronic and mental health conditions and a directly reported
homelessness indicator. Most significantly, our data included a large
number of beneficiaries experiencing homelessness. Easy-to-use and
validated methods of identifying homelessness in administrative data
are needed for outreach efforts to house and improve the health of
Medicaid beneficiaries experiencing homelessness and to improve the

efficiency of Medicaid programs.

2 | METHODS

2.1 | Dataandsample

We used data from the evaluation of the Whole Person Care (WPC)
demonstration program implemented under California's Section 1115
Medicaid Waiver. WPC was designed to promote the health of a sub-
set of Medicaid beneficiaries identified as high-utilizers, including tar-
get populations who were at risk of or experiencing homelessness,
had two or more chronic physical conditions, severe mental illness,
substance use disorders, or were recently incarcerated. Eligibility cri-
teria were loosely defined as Medicaid beneficiaries with two or more
ED visits, any hospitalization, a mental health or substance use disor-
der diagnosis with at least one ED visit, or indicators of recent incar-
ceration or homelessness. Beneficiaries who were recently
incarcerated, at risk of, or experiencing homelessness were also eligi-
ble. WPC Pilots identified those eligible using different approaches,
including predictive modeling, assessment tools during visits, elec-
tronic medical records, and street outreach. WPC provided cross-
sector medical, behavioral health, and social services care coordination

to link patients to needed services and improve their health

outcomes.?” The program began in 2016 with 25 WPC Pilots repre-
senting 26 counties. WPC Pilots chose up to six of the above target
populations. All WPC Pilots were required to report the homelessness
status of WPC enrollees even if only 14 Pilots identified these enrol-
lees as a target population.

WPC Pilots were required to provide care coordination and hous-
ing support services to WPC enrollees and used various strategies to
enroll eligible beneficiaries, which included referrals from providers
and social workers and outreach on street corners and shelters, where
many individuals experiencing homelessness may be found. WPC
Pilots differed in their use of standardized screening tools to assess
homelessness. Some relied on data sources from partners, Homeless
Management Information Systems (HMIS) data, informal assessments
of enrollees, or standardized tools such as the Vulnerability Index—
Service Prioritization Decision Assistance Tool.?8

We used the Medicaid monthly enroliment and claims data for
WPC enrollees from all 25 Pilots in the first 2 years of WPC imple-
mentation (2017 and 2018) as our observation period. We pooled and
deduplicated the two-year sample and excluded WPC enrollees with-
out Medicaid eligibility data (22,736), ending with a final sample of

93,656 enrollees of all ages.

2.2 | Variables

We used the Pilot-reported homelessness indicator in the WPC
monthly enrollment data to build our predictive models of homeless-
ness. We identified a beneficiary who had this indicator at any time dur-
ing 2017-2018 as an enrollee who was experiencing homelessness. We
used Medicaid enrollment data and created three address-based indica-
tors of homelessness. The “keyword” indicator included enrollees with

G 2

a keyword in their address, such as “homeless,” “place to place,” “gen-
eral delivery,” and “bridge.” The full list of keywords is included in
Appendix Section 1. We next examined whether enrollee addresses
matched a residence or were non-existent using the “PROC GEO-
CODE” statement in SAS 9.4 to create a second “non-existent” indica-
tor identifying those who only matched a ZIP Code or their address was
out of the street range. We created a third “facility” indicator identify-
ing enrollees whose address matched a facility from public datasets for
substance use and mental health treatment centers, a directory of social
services administrations, and the roster of hospitals and clinics
(Appendix Section 2). Each enrollee was assigned a given indicator if
they had any of these indicators during any month of the 2-year obser-
vation period. We created a combined “any address-based indicator”
for when an enrollee met any of these address-based criteria.

We further searched all the claims for the ICD-10-CM
(International Classification of Diseases, Tenth Revision, Clinical Modi-
fication) diagnosis code Z59.0, which is specifically designed to iden-
tify homelessness. We also searched a standard field in Medicaid data
called “place of service” that indicated if the service was provided at a
shelter. We then created a fourth indicator that is claims-based, called
“ICD/POS” for an enrollee with these codes at any point in 2017
and 2018.
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We included an extensive list of predictors available from the
administrative data that were supported by previous research, includ-
ing demographics, health status, and past health care utilization. We
included available demographics, such as age, female (vs. male), race/
ethnicity, and an indicator for English as the preferred language for
communication (vs. not).

We included 27 chronic condition indicators identified by the
Chronic Conditions Data Warehouse?? and several mental and behav-
ioral health conditions based on the claims data for the year prior to
enrollment. We included health care utilization in the year prior to
WPC enrollment, including multiple ED visits and hospitalizations. We
also included the number of months a beneficiary was enrolled in
Medicaid as a proxy for propensity to use services. We also included
county-level homelessness rates to account for differences in the
prevalence of homelessness in different counties.***! We further cre-
ated an indicator for those enrolled in 2018 (vs. 2017) to account for
programmatic changes to the enrollment approach over time and a
WPC Pilot indicator to assess the impact of Pilot program specific
enrollment approaches. We matched these rates to the year first
enrolled in WPC. Table 1 documents the details of all the indicators

we included in our analyses.

2.3 | Statistical analyses

2.3.1 | Predictive model, logistic regression

We started with a simple logistic regression model to identify the
most important predictors of homelessness status, which were
reported by WPC Pilots.

logit(y;) = a+ Bql; + p. X; + psHealthcare; + B, Health; + 7.,

where y; represents the WPC Pilot-reported homelessness for individ-
ual i. I; denotes various homelessness indicators we constructed based
on address and claim data. X; includes demographics. Healthcare;
includes health care utilization measures for the prior year. Health;
includes the 26 chronic conditions from the prior year and eight men-
tal health and behavioral conditions. y. denotes county-level home-
lessness rate. Note, WPC Pilot and year of enrollment were unique to
our sample. Both were program specific and were not meaningful to
general beneficiaries. We included the county-level homelessness rate
in our main model instead of WPC Pilot and year fixed effects. We
conducted sensitivity analyses, however, to measure the impact of

both program indicators on model performance.

232 |
algorithms

Predictive models, machine learning

To address the limitations of a simple logistic regression with adminis-
trative and complex data, we developed predictive models using

supervised machine learning algorithms that have higher predictive

accuracy for highly correlated variables, leveraging the WPC Pilot-
reported homelessness status as the ground truth. We trained seven
different algorithms with different specifications to identify those
with the highest predictive accuracy.

We randomly selected 70% of the sample as training data. The
remaining 30% of observations were used as testing data. We used
the training data to build a classifier and then assessed its classifica-
tion accuracy using the testing data. Specifically, the “train” function
within the “caret” package in R 3.6.2 was used to build a classifier
using the training data. The “train” function automatically creates a
grid of tuning parameters to select the optimal model using the
10-fold cross-validation resampling method that we specified.>? The
“train” function provides the capacity to build different classifiers. We
used the “glm” method for a Generalized Linear Model (GLM) with
the logit function and binomial distribution (GLM), the “pls” method
for Partial Least Squares (PLS), the “earth” method for Multivariate
Adaptive Regression Splines (MARS), the “knn” method for K-Nearest
Neighbors (KNN), the “glmnet” method for Regularized Regression
(GLMNET), the “rf” method for RF, and the “gbm” method for the
Gradient Boosting Machines (GBM).

We evaluated the performance of classification algorithms on the
testing data using balanced accuracy (BA) (the arithmetic mean of sen-
sitivity and specificity, which is a good measure of overall model accu-
racy with imbalanced data), sensitivity (true positive rate), specificity
(true negative rate), positive predictive value (the proportion of true
positives out of all predicted positive cases), negative predictive value
(the proportion of true negatives out of all predicted negative cases),

and area under the receiver operating curve (AUC).

233 |
effects

Variable importance and predicted marginal

We examined the importunate of predictors of homelessness using
the mean decrease accuracy (MDA) metric computed from the RF
supervised learning algorithm. The MDA is efficient and measures
the amount of accuracy lost with the exclusion of an indicator.®®
The higher the value of MDA, the higher the importance of the vari-
able in the model. We next reran the simple logistic regression with
the top 20 and top five most important variables to identify the
most parsimonious and easy-to-use predictive model. We reported
the predicted marginal effects for the simple logistic model with all
as well as the top 20 and five most important indicators. These could
be used to explain the likely role of these indicators in predicting

homelessness.

2.3.4 | Sensitivity analyses

We conducted several sensitivity analyses to assess the robustness of
our findings. These included rerunning the GLM and RF models with
specific subsets of indicators, including the top 20 and top five indica-

tors of homelessness, and with different samples.



886 | |HSRHealth Services Research ” POURAT eT AL.
I

TABLE 1 Descriptive statistics by Whole Person Care (WPC) Pilot-reported homelessness status.

Reported as experiencing Not reported as experiencing
Total homelessness by Pilots homelessness by Pilots
Sample size 93,656 37,441 (40%) 56,215 (60%)
Created homelessness indicators (%)
Keywords in address 18.20 31.27 9.50
Facility address 21.43 29.65 15.95
Non-existent address 1711 23.76 12.67
Any address-based indicator 39.41 57.26 27.52
Claims-based indicator 14.27 25.65 6.69
Any address-based or claims-based indicator 44,11 65.58 29.81
Demographics
Male (%) 54.36 64.61 47.53
Age (mean) 46.01 46.56 45.65
Race/Ethnicity (%)
Asian American/Pacific Islander 6.36 3.89 8.00
Black 2591 27.50 24.85
Latinx 23.47 20.84 25.22
Native American/Alaska Native 0.71 0.93 0.56
Other 6.52 5.68 7.09
Unknown 9.39 10.20 8.84
White 27.64 30.96 25.44
Prefers English as communication language 86.63 92.85 82.49
CCW chronic conditions (one-year lagged) (%)
Acquired hypothyroidism 4.26 3.54 4.74
Alzheimer's disease 0.16 0.06 0.23
Alzheimer's disease, related disorders, or senile 1.82 1.67 191
dementia
Acute myocardial infarction 1.27 1.32 1.24
Anemia 12.52 12.18 12.75
Asthma 11.74 11.16 12.13
Atrial fibrillation 1.96 1.84 2.04
Benign prostatic hyperplasia 1.89 2.14 1.73
Cancer, breast 0.63 0.44 0.75
Cancer, colorectal 0.39 0.37 0.40
Cancer, endometrial 0.13 0.09 0.16
Cancer, lung 0.21 0.21 0.21
Cancer, prostate 0.29 0.29 0.29
Cataract 3.82 1.96 5.05
Chronic kidney disease 12.10 11.19 12.71
Chronic obstructive pulmonary disease 9.86 11.19 8.97
Diabetes 16.51 14.11 18.10
Glaucoma 2.39 1.61 291
Heart failure 4.83 4.97 4.74
Hip/pelvic fracture 0.49 0.60 041
Hyperlipidemia 13.91 12.11 15.12
Hypertension 30.70 29.28 31.65
Ischemic heart disease 5.48 5.83 5.25

Osteoporosis 0.72 045 0.91
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TABLE 1 (Continued)
Reported as experiencing Not reported as experiencing
Total homelessness by Pilots homelessness by Pilots
Rheumatoid arthritis/osteoarthritis 11.54 12.50 10.91
Stroke/transient ischemic attack 2.70 2.56 2.79
Mental and behavioral health (one-year lagged)
Anxiety 18.70 20.97 17.19
Bipolar 14.26 17.38 12.18
Depression 26.87 29.90 24.85
Schizophrenia 13.86 14.64 13.34
Severe mental illness other than bipolar, 23.75 26.99 21.58
depression, and schizophrenia
Alcohol use disorder 12.06 16.13 9.36
Drug use disorder 19.34 27.03 14.22
Opioid use disorder 9.66 14.25 6.61
Health care utilization (one-year lagged, column %)
Number of ED visits
Zero 41.43 41.38 41.47
One 20.70 18.30 22.29
Two or above 37.87 40.32 36.24
Any ED visit due to mental health disorders 15.93 19.48 13.56
Any substance use ED visit 15.57 21.85 11.38
Any diabetes ED visit 7.32 7.50 7.20
Any hypertension ED visit 13.92 15.25 13.04
Number of hospitalizations
Zero 73.69 71.21 75.35
One 13.48 13.75 13.30
Two or above 12.82 15.04 11.35
Any substance use hospitalizations 6.63 9.44 476
Any mental health hospitalizations 245 3.11 2.01
Average number of months enrolled in Medicaid 11.32 11.01 11.53
Percent enrolled in WPC in 2018 (vs. 2017) 48.88 35.87 57.55
Number of individuals experiencing homelessness 3.55 2.66 4.89

per 1000 county residents

Abbreviation: CCW, Chronic Conditions Data Warehouse; ED, Emergency Department.

3 | RESULTS

3.1 | Descriptive statistics

WPC Pilots reported that 40% of program enrollees were
experiencing homelessness (Table 1). Among these enrollees, more
were identified as experiencing homelessness using address-based
indicators (39%) than claim-based indicators (14%). The sample
included more males (65% vs. 48%), a larger proportion of whites
(31% vs. 25%), those with English as their preferred communica-
tion language (93% vs. 82%), mental health conditions such as
depression (30% vs. 25%) and anxiety (21% vs. 17%), and drug use

disorders (27% vs. 14%). Similarly, many had multiple ED
visits (40% vs. 36%) and hospitalizations (15% vs. 11%). Comparing
those experiencing homelessness with those who did not show
the two groups differed in multiple characteristics, including race/
ED visits due to

mental health or substance use disorders, diabetes and hyperten-

ethnicity, behavioral health conditions,
sion, multiple hospitalizations, and outpatient visits due to sub-
stance use. Table S1 further shows that most enrollees were
from Contra Costa (31.01%), Los Angeles (28.35%), and San
Francisco (11.41%) counties, and six of the 23 WPC Pilots explic-
itly targeted enrollees experiencing homelessness or those at-risk-

of-homelessness.
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3.2 | Marginal effects of the simple logistic
regression model

Table 2 reports marginal effects for all the predictors of homelessness
status from the simple logistic regression model. We found that the
number of people experiencing homelessness per 100,000 people in
beneficiaries' residential counties was significantly associated with a
higher probability of being identified as homelessness. The address-
based and claim-based indicators were associated with a higher prob-
ability of experiencing homelessness by 12.79 percentage points
(pp) and 17.15 pp, respectively. Several demographics were also sig-
nificantly associated with homelessness status, including being male,
non-white, and preferring English as the communication language.
Some chronic conditions (e.g., chronic obstructive pulmonary disease,
heart failure, and ischemic heart disease) had positive associations
with homelessness, but others (e.g., dementia, diabetes, and hyperten-
sion) had negative associations. All behavioral health conditions were
positively associated with homelessness except for schizophrenia and
other psychotic disorders, which had a negative association. Among
utilization measures, ED visits due to mental health disorders, diabe-
tes, hypertension, and any use of mental health services were posi-
tively associated with homelessness, but having any all-cause ED
visits and hospitalizations were negatively associated with homeless-
ness. A higher number of months enrolled in Medicaid was negatively
associated with experiencing homelessness.

3.3 | Predictive performance of supervised
learning algorithms

The receiver operating curve (ROC) curves for the supervised learning
algorithms are displayed in Figure 1 and show that the RF best identi-
fied Medicaid beneficiaries experiencing homelessness, followed by
GBM, MARS, KNN, GLM, GLMNET, and PLS. Table 3 shows that the
RF provided a BA of 87.16%, a sensitivity of 81.14%, a specificity of
93.18%, a positive predictive value of 88.79%, a negative predictive
value of 88.12%, and an AUC of 0.9475. These BAs were lower for all
the other models. The sensitivity analyses with WPC Pilot and year of
enrollment indicators showed that year of enrollment did not improve
model performance, and the pilot indicator had the impact on model

performance as the county-level homelessness rate.

3.4 | Classifier with a parsimonious set of
predictors

We then identified the top 20 most important indicators in the RF
models (Table 4), with the top five being the county level homeless-
ness rate, any address-based homelessness indicator, age squared,
age, and claims-based homelessness indicators. We then compared
the performance of the RF and GLM models, including either the top
20 or the top five most important variables, and found the perfor-

mance to be similar to that when all indicators were included, with the

TABLE 2

Created homelessness indicators
Any address-based indicator
Claims-based indicator

Demographics
Male
Age (mean)

Age squared

Race/Ethnicity (ref: White)
Asian American/Pacific Islander
Black
Latinx
Native American/Alaska Native
Other
Unknown

Prefers English as communication
language

Chronic conditions (one-year lagged)
Acquired hypothyroidism
Alzheimer's disease

Alzheimer's disease, related disorders,
or Senile dementia

Acute myocardial infarction
Anemia

Asthma

Atrial fibrillation

Benign prostatic hyperplasia
Cancer, breast

Cancer, colorectal

Cancer, endometrial

Cancer, lung

Cancer, prostate

Cataract

Chronic kidney disease
Chronic obstructive pulmonary disease
Diabetes

Glaucoma

Heart failure

Hip/pelvic fracture
Hyperlipidemia
Hypertension

Ischemic heart disease
Osteoporosis

Rheumatoid arthritis / osteoarthritis

Stroke/transient ischemic attack

Marginal effects of homelessness predictors from a
simple logistic regression model.

Marginal effects

Estimate

0.1279***
0.1715***

0.0487***
0.0090***
—0.0001***

—0.0534***
—0.0633***
—0.0150***
0.0116
—0.0349***
—0.0391***
0.0704***

—0.0081
—0.0549
—0.0307***

—0.0186
—0.0094*
—0.0058
0.0024
0.0038
-0.0127
0.0157
-0.0279
0.0031
-0.0196
—0.0611***
—0.0050
0.0119**
—0.0150***
—0.0201*
0.0178*
0.0381
—0.0070
—0.0208***
0.0345***
—0.0355*
0.0189***
-0.012

Standard
Error

0.0030

0.0029
0.0006
0.0000

0.0065
0.0036
0.0040
0.0163
0.0061
0.0049
0.0047

0.0067
0.0416
0.0106

0.0132
0.0043
0.0043
0.0104
0.0098
0.0177
0.0221
0.0377
0.0297
0.0238
0.0081
0.0050
0.0048
0.0050
0.0097
0.0071
0.0196
0.0043
0.0038
0.0071
0.0174
0.0044
0.0084
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TABLE 2 (Continued)

Marginal effects

Standard
Estimate Error
Behavioral health (one-year lagged)

Anxiety 0.0127** 0.0038
Bipolar 0.0112***  0.0041
Depression 0.0152** 0.0048
Schizophrenia —0.0881***  0.0038
Severe mental illness other than —0.0172***  0.0048

bipolar, depression, and

schizophrenia
Alcohol use disorder 0.0319***  0.0044
Drug use disorder 0.0474***  0.0041
Opioid use disorder 0.0436***  0.0054

Health care utilization (one-year lagged)

Number of Emergency Department (ED) visits (ref = zero)

One —0.0257** 0.0037
Two or above —0.0208** 0.0039
Any ED visit due to mental health 0.0210***  0.0045
disorders
Any substance use ED visit 0.0039 0.0044
Any diabetes ED visit 0.0311***  0.0067
Any hypertension ED visit 0.0174***  0.0049
Number of hospitalizations (ref = zero)
One —0.0081* 0.0040
Two or above —0.0242***  0.0045
Any mental health services use 0.0415***  0.0085
Any substance health services use —0.0032 0.0061
Average number of months enrolled in —0.012*** 0.0007
Medicaid
Number of individuals experiencing 0.0765***  0.0005

homelessness per 1000 county
residents

Note: Shown are marginal effects from a logit regression model.
N = 93,656.
*p < 0.05; **p < 0.01; ***p < 0.001.

RF performing better than the GLM in all scenarios (Table S2). We
also reran the simple logistic regression model as the easiest model
that can be used with the top 20 and top five indicators and included
the related marginal effects as well as the regression coefficients from
a logit model in Table 4. The marginal effects for the model with the
top five indicators were similar in direction and significance to those

presented in Table 2, with minor differences in size.

3.5 | Sensitivity analyses

Examining the RF and GLM models with different subsets of variables

showed that our constructed address- and claim-based homelessness

indicators combined performed well in predicting homelessness status
(Tables S3 and S4). However, demographics, chronic health condi-
tions, and health care utilization measures alone did not perform well.
The county-level homelessness rate also performed well in separate
models. The performance improved when these subsets of variables
were combined. Lastly, a model using the simple “keywords” indicator
instead of the more complex address-based homelessness indicator
did not perform as well as using the full address-based indicator.

When we excluded WPC Pilots that explicitly targeted enrollees
experiencing homelessness or those at risk of homelessness
(Monterey, Orange, Placer, Sacramento, San Francisco, and Shasta)
and WPC Pilots without many enrollees experiencing homelessness
(Contra Costa and San Bernardino), the performance was good but
lower than the full sample (Table S5). When we restricted the sample
to counties with a large sample (Los Angeles and Santa Clara), the per-
formance was also good but exhibited a loss of sensitivity. Models
with the top 20 and top five most important indicators had a slightly
lower performance than those with all indicators (Table S6).

4 | DISCUSSION
In this paper, we aimed to identify easy-to-use, parsimonious, and val-
idated predictive models of homelessness in Medicaid administrative
data to be used by Medicaid agencies, other program administrators
with similar data, and researchers. We demonstrated that address-
based and claim-based indicators are the second and fourth most
important predictors of homelessness following county-level home-
lessness rate and age, and simpler predictive models, such as GLM can
perform well relative to more advanced machine learning algorithms,
such as RF. Our analyses showed that very parsimonious predictive
models, less complex modeling approaches, and simpler indicators
performed well compared to optimal approaches with a large number
of indicators, more advanced models, and more complex indicators.

Our study contributes to the literature on approaches to the identi-
fication of homelessness in administrative data, which is crucial for the
implementation of programs designed to improve the health of popula-
tions experiencing homelessness and is much needed by researchers,
program administrators, and policy makers. Our homelessness predic-
tive models performed well and lacked several limitations of previous
studies using administrative data to identify homelessness. We found
similarly high accuracy and AUC levels compared to a study of Social
Security Administration and medical records data using advanced tech-
niques such as natural language processing and machine learning.?> We
found a similar level of specificity compared to another study in Minne-
sota that validated address data in enrollment records against a self-
reported housing status.2® Moreover, our study suggests that diagnosis
codes like Z59.0 and place of services alone perform poorly in identify-
ing homelessness, which might be due to a lack of incentives by pro-
viders to record these codes.

In all our analyses, we found the geographic indicator of county-
level homelessness rate to be the most important indicator, and the

models including this indicator had the highest performance. We also
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FIGURE 1 Receiver operating curve (ROC) curves for supervised learning algorithms. Supervised learning algorithms include Partial Least
Squares (PLS), K-Nearest Neighbors (KNN), Multivariate Adaptive Regression Splines (MARS), Regularized Regression (GLMNET), Generalized
Linear Model (GLM), and Random Forests (RF). The ROC curves for GLMNET and GLM are overlapped. The ROC curve for RF with county and
year fixed effects overlaps that for RF with year fixed effects. The sample includes all Whole Person Care enrollees except those from Napa and
Sonoma. N = 93,656. We randomly split the data to 70% training data and 30% test data. Algorithms with 10-fold cross-validations were trained
using the training data and evaluated based on the test data. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 3 Performance of supervised learning algorithms in identifying homelessness.

Balanced Sensitivity Specificity Positive predictive Negative predictive
accuracy (%) (%) (%) value (%) value (%) AUC
Supervised learning algorithms
Gradient Boosting Machines 86.51 78.96 94.05 89.83 87.03 0.9481
Random Forests 87.16 81.14 93.18 88.79 88.12 0.9475
Multivariate Adaptive 85.67 78.88 92.46 87.45 86.80 0.9393
Regression Splines

K-Nearest Neighbors 85.07 77.95 92.19 86.93 86.26 0.9285
Generalized Linear Model 73.57 64.02 83.12 71.64 77.62 0.8309
Regularized Regression 73.60 63.97 83.22 71.75 77.62 0.8309
Partial Least Squares 71.89 63.66 80.12 68.09 76.80 0.7894

Note: All supervised learning algorithms include demographics, health conditions, health care utilization measures, and county-level homelessness rates.
N = 93,656. We randomly split the data to 70% training data and 30% test data. Algorithms were built up using the training data and evaluated based on
the test data. Indicators of homelessness were demographics, health conditions, health care utilization measures, and county level homelessness rates.
Abbreviation: AUC, area under the curve.

found that restricting the sample to specific counties declined perfor- hospitalizations for any cause. These relationships likely reflected the
mance. These analyses likely reflect the role of place-based determi- higher prevalence of homelessness among some populations and their
nants of homelessness.>* They also likely reflect the underlying patterns of health care utilization as shown in other studies.?”” The
differences in the distribution of homelessness in California or else- negative relationship of number of months enrolled in Medicaid with
where and the likelihood of the enrollment of these individuals in Med- homelessness likely reflected the barriers to getting such coverage or
icaid and programs designed to improve their health outcomes.>>3¢ remaining insured.3®

Other important top 20 indicators were a mix of age, race/ethnic- The model with the top five indicators did not include any health
ity, behavioral health conditions or use of ED for such conditions, or health care utilization indicators and therefore was not susceptible

number of months enrolled in Medicaid, and ED visits and to disparities in health status or access.


http://wileyonlinelibrary.com

POURAT ET AL

TABLE 4 Variable importance in homelessness classification.

Importance ranking
based on MDA

Using the top 20 most important

variables with a logit model
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Using the top five most important

variables with a logit model

from the
random forest
Variables model
Number of individuals experiencing 1
homelessness per 1000 county residents

Any address-based indicator 2

Age squared 3

Age 4
Claims-based Indicator 5
Schizophrenia 6
Number of months enrolled in Medicaid 7

Sex: Male 8
Race: Black 9
Number of ED visits: Two or above 10
Drug use disorder 11
Number of ED visits: One 12
Race: Latinx 13
Depression 14
Severe mental illness other than bipolar, 15

depression, and schizophrenia

Bipolar 16
Anxiety 17
Any substance use ED visit 18
Number of hospitalizations: Two or over 19
Number of hospitalizations: One 20

Constant

Marginal Regression Marginal Regression
effects coefficients effects coefficients
0.0775*** 0.4744 0.0788*** 0.4698
0.1377*** 0.7863 0.1519*** 0.8418
—0.0001*** —0.0006 —0.0001*** —0.0007
0.0109*** 0.0668 0.012*** 0.0713
0.1819*** 1.0262 0.1948*** 1.0713
—0.0941*** —0.6013
—0.0133*** —-0.0813
0.0533*** 0.3224
—0.0452*** -0.2811
—0.0069*** —0.0420
0.0645*** 0.3843
—0.0193*** —-0.1181
—0.0145*** —-0.089
0.0199*** 0.1212
—0.0181*** -0.1115
0.0175*** 0.1065
0.0196*** 0.1192
0.0201*** 0.1217
—0.0198*** -0.1223
—0.0053 —-0.0327
—3.3897 —4.3243

Note: MDA denotes mean decreased accuracy. Predictors included in the random forest algorithm (Panel A of Table 3) include demographics, health
conditions, health care utilization measures, and county-level homelessness rates.

Abbreviations: ED, emergency department; MDA, mean decrease accuracy.
***p < 0.001.

41 | Limitations

The primary limitation of this study was the lack of access to the
entire Medicaid beneficiary population. Our analyses are primarily
generalizable to WPC enrollees. Yet, our findings should be somewhat
generalizable to similar populations in other Medicaid programs,
accounting for regional variation in programs, beneficiary characteris-
tics, and the number of individuals experiencing homelessness. The
market level characteristics and generosity of Medicaid benefits in
California differ from other states and may have led to different pat-
terns of utilization for our sample. Pilot approaches to identifying and
enrolling those experiencing homelessness, such as street outreach,
may have led to enrolling hard-to-reach individuals otherwise unob-
served in other counties or states. We further lacked other sources of
information, such as medical records that may include homelessness
status, though it is not clear whether such data consistently identifies
and records this information. Furthermore, claims and medical records

are generally limited to those who receive health care rather than all

beneficiaries. Another limitation was that we identified beneficiaries
who had an address or claims-based indicator for any month in a given
year. The proposed algorithms, therefore, cannot capture changes in
homelessness status or the length of time experiencing homelessness.
It is possible that those experiencing chronic homelessness differ in
their health and demographics. Address-based indicators may also be
inaccurate when other populations use post office box or non-
residential addresses. The simple logistic regression model is easy to
use but less efficient in addressing correlations or interactions among

predictors, and its performance outside of the sample is unknown.

4.2 | Policy, practice, and research implications

Our findings have policy and program implications within California
and elsewhere. An estimated 580,466 people, or 18 of every 10,000
people in the United States, experienced homelessness in 2020, and

their numbers have increased steadily since 2016.%7 Of these, an
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estimated 27% lived in California, and this rate has increased by

16 percent from 2018 to 2019.%8 The availability of pragmatic yet reli-
able approaches to identifying homelessness in administrative data is
crucial for the allocation of resources to address the needs of the
homeless, including the provision of permanent supportive hous-
ing.10712,39,40

The good predictive performance of our models using a large
sample of Medicaid claims data highlights the importance of large
samples in accurately estimating homelessness. Given the availability
of resources, additional indicators and more advanced predictive
models could be used with very high predictive accuracy. The code
for our RF model is available upon request. Our study also indicated
that similar results may be achieved if Medicaid agencies had access
to a validated homelessness indicator, albeit for a small sample of
enrollees, to replicate our machine learning approach to predict home-
lessness for the population of enrollees. However, using homelessness
“keywords” and the coefficients presented for the logistic regression
model can also be used to predict homelessness with similar popula-
tions for a less resource intensive approach to predicting homeless-
ness (Appendix Section 3).

Evaluation of programs should include estimates of homelessness
since without such estimates, the findings would not account for
important social determinants of health. To study the impacts of
homelessness on health outcomes, increasing the predictive perfor-
mance of models and quantifying misclassification bias using the pre-
dictive performance metrics reported in this paper could mitigate the
misclassification that is inevitable in all predictive models.**** The
misclassification simulation extrapolation (MC-SIMEX) approach can
be used to mitigate such misclassification bias in estimating the
effects of homelessness.*

Our findings are particularly relevant to the Medicaid program in
California, which has recently added a new and intensive population
management Medicaid benefit called “enhanced care management”
and additional community and housing support services that are
focused on those experiencing homelessness. These benefits are to
be provided by managed care plans with varying levels of capacity
and experience in the identification of homelessness.

The ability to reliably identify beneficiaries experiencing home-
lessness can promote the receipt of needed benefits and services
and improve health outcomes.*® The ability to identify those
experiencing homelessness with administrative data is critical to the
success of Medicaid and other programs in the management of the
health of these beneficiaries, providing needed services, and moni-
toring the progress of such efforts. The importance of these
methods was demonstrated during the COVID-19 pandemic
because beneficiaries experiencing homelessness were at higher risk
of adverse consequences of the disease and required services to
mitigate that risk.

Our findings should be validated elsewhere and with other popu-
lations. Further research is also needed to assess whether changes
over time in homelessness status or chronic homelessness impact the

performance of predictive models.
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