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INTRODUCTION

The principal objective of this study is to examine the effect of the Housing First model on Massachusetts’ Medicaid
program (MassHealth) expenditures. Housing First offers chronically homeless individuals immediate, stable housing
to serve as the foundation for the delivery of the range of other support services. In this model, support services are
provided after entry into housing and being receptive to them is not a condition for maintaining housing tenure. The
individual is provided housing, treatment programs for substance use, psychiatric care, and a lease agreement that
is indistinguishable from one obtained on the private market. The Massachusetts Housing & Shelter Alliance (MHSA)
administers two statewide Housing First initiatives: the Home and Healthy for Good (HHG) program, which has
served over 1,100 formerly chronically homeless individuals since 2005, and the Social Innovation Financing Pay for
Success (PFS) program, which has served over 800 formerly chronically homeless individuals since 2015.

This report is a collaborative effort among MHSA, economic consultants supported by Analysis Group, Inc. Pro Bono
Program, and the University of Massachusetts Medical School (UMMS). The study methodology integrates MHSA and
MassHealth administrative claims data to compare MassHealth expenditures before and after the provision of Hous-
ing First services among MassHealth members with a history of chronic homelessness (the “intervention group”) to
expenditures for a matched group of members who are chronically homeless but have not received Housing First
services (the “comparison” group). Pursuant to the terms of an Interdepartmental Services Agreement between
MassHealth and UMMS that establishes UMMS as a MassHealth Business Associate, MassHealth has allowed UMMS
researchers to access the administrative data for the study.

REVIEW OF THE LITERATURE

STUDIES

Studies examining the effects of Housing First on the cost of health care can be observed from the beginning of the
current millennium, although rudimentary forms of the intervention can be seen in scholarly studies of psychiatric
health as early as 1980 (Stein & Test, 1980; Weisbrod, Test, & Stein, 1980). These early studies demonstrated that treat-
ing individuals with severe and persistent mental illnesses while they were based in their homes and allowing them
to interact with their home community reduced the number of hospitalizations and length of re-hospitalizations and
had a modest cost benefit relative to inpatient services. Studies by Hoult et al. (1983), Mulder (1985), Olfson (1990),
and Test (1992) supported the earlier findings, and Burns & Santos (1995) further confirmed them.

Evaluations of nonprofit programs to end homelessness followed in different parts of the country near the turn of the
century. From 1994 to 1998, Martinez & Burt (2006) evaluated the cost of support services for individuals with dual
psychiatric and substance use disorders, demonstrating that the provision of support services led to a reduction in
cost. These studies were followed by a plethora of program evaluation reports by nonprofits and research centers
from 2002 onwards (Culhane, 2002, in New York; Moore, 2006, in Portland, Oregon; Massachusetts Housing & Shelter
Alliance, 2007, in Massachusetts; Mondello, 2007, in Maine; Linkins et al., 2008, in California; Hirsch et al., 2008, in
Rhode Island; Bamberger & Considine-Cortelyou, 2008, in San Francisco; and Nogaski et al., 2009, in Illinois). All of
these demonstrated a reduction in costs. Many of these studies were published as program evaluation reports, with a
few appearing as articles in peer-reviewed journals.

More recent studies have used much more rigorous methods and been published in peer-reviewed journals. These
include Wright et al., 2016, in Oregon; Mackelprang et al., 2014, in Seattle; Buchanan et al., 2009, in Chicago; and Lar-
imer et al., 2009, in Seattle. They all report significant reduction in utilization of services after the provision of hous-



ing. In order to understand the validity of these research findings, it is important to be acquainted with the prevailing
methods and to critically evaluate them.

METHODS

Studies examining the effects of Housing First on the cost of health characterize Housing First participants in terms
of entry into permanent supportive housing. The control, or “before,” participants are characterized either as street
homelessness or extended stays in homeless shelters.

To measure outcomes, studies typically conceptualize and operationalize health services in terms of number of and
claims for inpatient hospitalizations, physical health care outpatient visits, emergency room or emergency depart-
ment visits, ambulance rides, and days of psychiatric hospitalizations. Additionally, they also measure in terms of
claims for enrollment in substance use (detox) treatment programs, and prescription drug costs.

The prevailing evaluation method is a cost-benefit analysis. This is typically a one-group, pre-post design where
average cost utilization is measured before and after the provision of housing, and the difference is computed to
show how much cost reduction occurred. A randomized controlled trial (RCT) is another, more rigorous evaluation
method.

Afew non-experimental studies use a pre-post control design. In this method, a synthetic control group is added to a
pre-post design using propensity score matching. Propensity score analysis is a statistical method used to compute
the probability that an individual will receive treatment based on a set of observed factors. The goal is to systemati-
cally identify a “double” for each individual in the treatment group. The double is the same in all observed factors
and different only in that s/he did not receive housing. This method allows for cost and utilization to be computed
for an individual who received housing for the situation in which the double or control group did not receive housing.
The control group is either constructed from data collected from homeless individuals on the streets to match those
enrolled in a permanent housing program — Flaming et al. (2009) used this in their Los Angeles study — or construct-
ed from administrative data from Medicaid, in which the control is constructed from de-identified data.

The appeal of the before and after design is understandable and, in most cases, justifiable. Before and after designs
are easy and useful in assessing the relationship between housing and utilization of services. They are also a less
costly way of evaluating programs, do not require highly specialized skills, can be done within a relatively short time
frame, and are less demanding administratively.

Despite the appeal of the pre-post design, it cannot tell us that any reductions observed are due to permanent sup-
portive housing. The design does not control for the possibility that observed changes are attributable to something
other than housing. In terms of making causal inference, it is the least reliable evaluation method in use. Methods

of evaluation range in order of strength from experiments (such as an RCT) to quasi or natural experiments to non-
experimental designs and finally to the pre-post design. Pre-post design evaluations are weak in that they do not
control for the influence of history. In the year before and after receiving permanent supportive housing, participants
are exposed to various influences that go unobserved. For example, natural stabilization of health due to less stress-
ful environments may reduce use of public health services. Also, some individuals may obtain their health services
from nonprofits that provide health care services for homeless individuals. Another limitation is that pre-post studies
lack a comparison group against which outcomes can be evaluated (see Wright, 2016:23), and the studies therefore
cannot construct an approximation of the metrics for the people in housing had they not moved into housing. This
makes it difficult to compute an accurate estimate of the size of the effect of supportive housing. Therefore, positive
results from a pre-post study should be considered only as a basis for more rigorous designs. As Wright (2016) puts it,
the results are intriguing enough to provoke more rigorous empirical investigation.

Construction of a synthetic control group to counteract weaknesses of the pre-post design may control for observed
bias but not for unobserved bias. No two individuals are the same. If the data set from which the control group is se-



lected has few observations to match on, the control is less reliable because the “best” match may still be materially
different from the study population. The use of scores to facilitate selection into supportive housing leads to selec-

tion bias such that the controlis in a less acute condition than members of the treatment group, when the assump-
tion is that the two are similar. This is not a problem with respect to statistical tests to establish significance of differ-
ences, but it is certainly a problem for accurately estimating the effect size - that is, the differences in cost utilization.

In general, another weakness of many previous studies is that they are subject to recall bias during data collection.
They use retrospective questions in order to establish health service utilization before the receipt of supportive hous-
ing. The answers depend on the participants’ ability to recall the frequency with which they used a specific service.
The accuracy of this information is questionable, particularly given that substance use — with which many chroni-
cally homeless individuals struggle — has a neurodegenerative effect on the accuracy of working memory (Oscar-
Berman & Marinkovi¢, 2007:243).

Other weaknesses of these studies are that sample sizes are small (a median of n=98 for 15 studies, with the lowest
being n=20), which means explanatory power is compromised. This is further complicated by missing data points
that occur because some participants disappear. With small sample sizes, there is weak scientific basis for general-
izing results beyond the program’s population.

Further, the ethical implications for RCTs makes allocation to treatment and control groups complex (see Buchanan
et al., 2009), because random allocation to a group that will not receive the Housing First intervention means contin-
ued exposure to health risks and even death for some in this vulnerable population.

RESULTS

Despite the weakness of the evaluation methods applied to date, there is general agreement that the Housing First
model reduces utilization of health services for people experiencing chronic homelessness but less consensus on
whether there is adequate evidence that this reduction is significant enough to allow for a scale-up of the model.

The consensus is that Housing First reduces the number of days of inpatient hospitalizations, but there is wide varia-
tion among studies in terms of the actual percentage reduction. It ranges from 29 percent to as high as 83 percent.
The number of physical health care outpatient visits decreases between 27 percent and 29 percent. Reduction in the
number of emergency room (ER) visits ranges from 24 percent to 87 percent; reduction in the number of ambulance
rides ranges from 19 percent to 60 percent; the number of psychiatric hospitalizations ranges from 38 percent to 82
percent. The wide variation can be attributed to differences in the location of study sites but also to the weaknesses
in the research methods as discussed in the previous section. The general finding, however, is that utilization of
health care goes down when people experiencing homelessness are housed using Housing First.

There is less consensus on the relationship between Housing First and change in costs of treatment for chronic
illnesses. Some studies report an increase in the costs of substance use treatment, mental health treatment, and
prescription drugs, while others report a reduction. Buchanan et al. (2009) report a 45 percent reduction in number
of days spent and costs in a nursing home by HIV seropositive clients in Chicago. Pearlman (2006) reports 82 percent
fewer detox visits and a reduction in costs in Denver. On the other hand, Mondello et al. (2007) report a cost increase
of 35 percent in mental health treatment programs, 22 percent in substance use treatment programs, and 31 percent
in prescription drugs in Maine. Moore (2006) reports a substantial increase in outpatient visits for mental health and
drug and alcohol treatment in Portland, Oregon, but he does not provide a cost estimate. The study attributes the
increase to the greater attention given to physical well-being and a larger number of opportunities for treatment.
Logically, if there are more individuals in a program that have substance use disorders, mentalillness, and alcohol
addiction, then the costs of treatment should increase once they enter housing. It may therefore depend on the
nature of the clients.

The important question to ask is whether the costs of administering Housing First programs (including the cost of
the actual housing), plus the possible increase in utilization of mental health, alcohol, and substance use treatments,
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plus the reduced cost of providing medical services and emergency shelter, are less than the costs prior to entering
permanent housing. The available evidence suggests the answer is yes, but we cannot confirm this definitively. What
we know is that cost-benefit analyses show a reduction in costs per person per year, but with wide variation. Table 1
below summarizes a selection of these studies.

As Table 1 shows, the average reduction in cost per person per year varies greatly. For studies that consider the cost
of administering Housing First programs, there is an average reduction in costs to the public that ranges from $900
to $29,400 per person per year after entry into a Housing First program. For those that do not consider the costs of
administering these programs, the range in savings is from $4,000 to $33,125 per person per year. Across states, there
is wider variation than there is for studies done within the same state. For example, the two studies done in Seattle
resulted in very similar estimates, which may indicate some consistency. Similarly, it may also reflect the estimate
from the use of pre-post mean difference estimates. This method tends to inflate the effect size relative to control
group designs.

TABLE 1. COST SAVINGS PER PERSON PER YEAR FOR UTILIZATION OF PUBLIC SERVICES AMONG CHRONICALLY
HOMELESS ADULTS IN PERMANENT SUPPORTIVE HOUSING

STUDY CITY AND/OR STATE COST SAVINGS PER PERSON PER YEAR ($)
Pearlman (2006) Denver, Colorado 15,772 (31,545 over two years)
Flaming (2009) Los Angeles, California 27,288

Hirsch et al. (2008) Rhode Island 7,946*

King County (2013) Seattle, Washington 33,125

Larimer (2009) Seattle, Washington 29,388*

MHSA (2006) Massachusetts 8,949*

MHSA (2015) Massachusetts 13,401*

Mondello (2006) Maine 944*

Moore (2006) Portland, Oregon 16,299*

Nogaski (2009) Illinois 4,000

Wright et al. (2016) Portland, Oregon 8,724*

* These figures factor in the costs of providing supportive housing.

NEW CONTRIBUTIONS FROM THIS STUDY

In conclusion, what has not been done in previous studies examining the effects of the Housing First model is the
use of a pre-post control group design that utilizes propensity score analysis on a large sample, using administrative
claims data from Medicaid. This study addresses that gap.



METHODS

DATA SOURCE

This analysis uses a de-identified data set drawn from MassHealth administrative eligibility and claims data

files. These contain information on member demographics; plan enrollment; and inpatient, outpatient, skilled
nursing facility, home health agency, hospice, durable medical equipment, and pharmacy claims from 1/1/2004
to 12/31/2017. The data set contains only de-identified information and is compliant with the requirements of the
Health Insurance Portability and Affordability Act (HIPAA).

STUDY DESIGN

A retrospective longitudinal matched cohort design was used. The index date was defined as the Housing First date
of enrollment for members in the intervention cohort and as a randomly imputed date for members in the control
cohort. Baseline characteristics were evaluated during the two years pre-index date (baseline period). Outcomes
were evaluated from the index date up until the one-year post-index date (hereinafter referred to as the follow-up
period).

The theoretical backing for the minimum time period within which results of the effects of permanent supportive
housing should begin to be observed is not clearly established in the literature. The period between the baseline
and the time of entry into housing differs from one study to another. Some studies use one year and others six
months. The period between entry and when cost is measured after entry also differs among studies, with studies
variously using six months, one year, two years, and five years. Most studies use the six-month, one-year, or two-year
mark before and after entry. Choosing to use one year of follow-up data both provides a longer view of the effects of
permanent housing than a six-month period and allows a large sample size of members who for whatever reason
may not have two uninterrupted years of claims data in a two-plus year follow-up period.

IDENTIFICATION OF STUDY COHORTS

Members in the Housing First intervention cohort were identified by MHSA. Their medical claims were pulled from
the MassHealth claims data file by a UMMS researcher and subsequently de-identified. Of this group, members with
at least two years of continuous MassHealth coverage eligibility before and one year after intervention were consid-
ered forinclusion in the intervention cohort.

A two-step process was employed to identify members of the control cohort in the MassHealth database. In the
first step, a pool of all MassHealth members who had a homeless flag but were not in the intervention cohort was
selected. These members were identified using indicators for homelessness. In order to identify members of the
control group as chronically homeless, we required that they meet the following conditions:

* Medical diagnosis codes indicating homelessness (ICD-9-CM: V60.0, ICD-10-CM: Z59.0). We required that a
member have at least two distinct claims with a primary medical diagnosis code indicating homelessness
occurring at least 30 days apart.

* Presence of a homelessness indicator (or “homeless flag™) maintained in the MassHealth database.

1 The “homeless flag” is generated at the time of application and enrollment into MassHealth. If an applicant indicates that they have “no home ad-
dress” on the MassHealth application, the system automatically assigns the “homeless flag” If, at the time of the annual renewal, the member provides
a home address, then the “flag” is turned off. It will miss episodes of homelessness that occur between application/enrollment and annual renewal. In
other situations, members may provide a home address (e.g., for a family member) where they might receive mail, but don’t reside.



The number of individuals who met the criteria listed above was 44,022. However, accurately identifying chroni-
cally homeless members of the control cohort was the greatest conceptual and data-related hurdle in this analysis,
in large part because housing status is a byproduct rather than the primary purpose of claims data. Specifically, as
with any other analysis that uses claims data, this analysis relies on medical providers to accurately and consistently
use medical diagnosis codes to indicate chronic homelessness. Additionally, it relies on the assumption that the
homelessness indicator maintained in the MassHealth database member files is accurate and current (i.e., that it is
changed when a member becomes homeless and is changed again if they move into permanent housing). Cogni-
zant of the challenges of maintaining indicators of homelessness in the database, we implemented a comparison of
the medical diagnosis codes in claims that indicate homelessness with homelessness indicators in the MassHealth
membership files to provide additional confirmation that members identified as chronically homeless were, in fact,
chronically homeless. This takes us to step two.

In step two, we created a “waterfall” summary of members in the full control cohort based on their meeting of
increasingly strict identification criteria. As shown in Table 2 below, 4,687 of the 44,022 total control cohort members
(approximately 11%) met the strictest criteria. Then, only the individuals that meet the strict criteria were included in
the propensity score matching process. Using nearest neighbor propensity score matching methods, we arrived at a
matched sample of 690.

Second, we performed sensitivity tests on the analysis in which we made the criteria stricter for the amount of time
between claims with primary or secondary medical diagnosis codes for homelessness. Specifically, we increased the
interval between claims that indicated homelessness from 30+ days to 90+ and 180+ days. That is, whereas a mem-
ber could have previously had only a total of two claims within about a month of each other in which the primary or
secondary diagnosis code indicated homelessness, we required in the sensitivity tests that such claims appear over
a three- or six-month span. The results of these sensitivity tests, as well as the sizes of the matched intervention and
control cohorts, are consistent with the results we report for the main analysis with the 30+ day criteria.

TABLE 2. CRITERIA FOR IDENTIFYING CHRONICALLY HOMELESS MEMBERS OF THE CONTROL COHORT

MEMBERS IN

CONTROL

IDENTIFICATION CRITERIA COHORT
TOTAL 44,022
teast  No evidence of Community Support Program for those Experiencing Chronic Homelessness (CSPECH) procedure 43,951

STRICT  codes in full set of member’s claims, which would indicate that the formerly homeless member had been housed

Either (1) homelessness indicator or (2) medical diagnosis code for homelessness in any position? 39,790
Multiple medical diagnosis codes for homelessness in any position listed in claims 30+ days apart 14,353
vost  Medical diagnosis code for homelessness listed as primary or secondary code 8,898
STRICT Multiple medical diagnosis codes for homelessness listed as primary or secondary code in claims 30+ days apart 4,687

2 The MassHealth claims data include up to nine medical diagnosis codes, ordered as the medical provider input them. The first diagnosis code on each
claim is considered to be the primary diagnosis code, the second is secondary, and so on.



INCLUSION CRITERIA
We define a member’s MassHealth eligibility as continuous if we observe either no gaps in eligibility or gaps of less
than 30 days throughout the relevant periods outlined below.
The following inclusion criteria were applied for the Housing First intervention cohort:
* At least two years of continuous eligibility (MassHealth) prior to the index date (baseline period) and one year
after the index date (follow-up period).
The following inclusion criteria were applied to the non-intervention (control) cohort:
* At least two years of continuous eligibility (MassHealth) prior to the index date (baseline period) and one year
after the index date (follow-up period).

* No evidence of CSPECH intervention services. CSPECH is the Community Support Program for People
Experiencing Chronic Homelessness, and its intervention would mean that the individual had been housed.

STUDY MEASURES

Baseline characteristics included demographics, physical and mental comorbidities, health care resource utilization
(HRU), and costs. HRU and cost patterns were evaluated during the follow-up period, which was divided between the
first six months after the index date and the second six months after the index date. HRU outcomes were classified
into the following categories:

e Inpatient visits

* Inpatient days

e ERVvisits

e Mental health encounter visits

e Other visits

Cost outcomes were classified into the following categories:

e Pharmacy

* Medical

* Inpatient

* ER

* Mental health
* Other

STATISTICAL ANALYSIS

Continuous variables were described with means and standard deviations (SDs), and categorical variables were de-
scribed with frequencies and proportions. Unmatched baseline characteristics were compared across cohorts using
Wilcoxon rank-sum tests for continuous measures and chi-square tests for proportions. Housing First intervention
members were matched 1:1 to members in the control cohort using propensity score models based on key demo-
graphics, including age, sex, race, and year of the index date, as well as the Charlson Comorbidity Index (CCl) and
total baseline health care costs.



Estimating the Propensity Scores

Propensity score matching is a common tool employed in retrospective observational studies where complete
randomization of treatment is not possible. This tool is used to address the inherent selection bias in the observed
treatment and control groups, who have unequal distributions of variables that are thought to be correlated with
the outcome of interest. This is unlike a randomized control trial, in which the observed, as well as the unobserved,
covariates are balanced across groups and causal inferences can be drawn directly from the observed treatment
effect. Propensity score matching methods are effective in balancing the observed covariates across groups; they do
not, however, guarantee balanced unobserved covariates, which may or may not be correlated with the outcome
(Rosenbaum and Rubin, 1984). As a result, propensity score models are typically estimated using observed variables
that are thought to affect the outcome. In our study, this outcome is the treatment, defined as being enrolled in a
Housing First program.

To estimate the propensity score for each patient in the database, we used a logistic regression model in which treat-
ment status (enrollment in a Housing First program) was regressed on baseline total health care costs, the CCl, and
demographics including age and year of the index date. The interpretation of the output of this model is the prob-
ability that a given patient would have been in the Housing First cohort, given the covariates of this particular patient,
if we were unable to observe their actual enrollment status. Therefore, if two patients from each cohort had the same
predicted probability of treatment produced by the propensity score model, it is likely due to the close alignment of
their baseline variables. In summary, matching patients in this metric is a useful tool to ensure a balanced distribu-
tion of variables thought to be linked with the outcome across cohorts.

There were 1,342 treatment and 44,022 control participants in the unmatched data. Participants were matched on
the propensity score using the nearest neighbor method, with the Mahalanobis Metric and with a caliper width equal
to 0.2. While no caliper width is universally superior in reducing selection bias, our specific caliper width of 0.2 was
determined based on the observed variance of our propensity scores across cohorts. There is evidence that certain
caliper widths are more effective at reducing selection bias based on the experimental variance of the predicted
propensity score (Cochran and Rubin, 1973). Based on this matching criteria, 690 Housing First participants were
matched to 690 control participants with similar characteristics.

Propensity Score Matching Results

Post-match statistical comparisons show no statistically significant difference among the baseline covariates out-
lined in the propensity score model section, and the measures of central tendency and spread shown in Table 3
indicate the cohorts are well-balanced on the predicted probability of treatment after the nearest neighbor matching
method.

TABLE 3. COHORT-LEVEL POST-MATCH PROPENSITY SCORES: MEASURES OF CENTRAL TENDENCY AND SPREAD

PROPENSITY SCORE STATISTIC INTERVENTION (N = 690) CONTROL (N =690)
Mean 0.30(0.16) 0.30 (0.16)

Median [Interquartile Range (IQR)] 0.305[0.154 - 0.436] 0.304 [0.154 - 0.437]
Min - Max 0.033-0.619 0.033-0.626

Note: Standard deviations in parentheses.

Using propensity score matching, we were able to estimate the average treatment effect for the treated (ATT). This is
the average response to treatment for individuals who were assigned to the treatment, or intervention, cohort. The
propensity score matching model does not control for unobservable or unknown factors that may be driving ob-
served variation in the outcomes. The assumption of the propensity score models in using observed characteristics
is that there are no unobserved factors correlated with the outcome. The ATT was estimated using a comparison of



means among the matched pairs across the intervention and control cohorts. Categorical measures were compared
using McNemar’s tests and continuous measures were compared using Wilcoxon signed-rank tests.

RESULTS

BASELINE DEMOGRAPHIC AND CLINICAL CHARACTERISTICS

To highlight salient findings, at baseline, members in the matched intervention and control cohorts were aged, on
average, 47.8 and 48.7 years, respectively. The age difference was not statistically significant. Male members repre-
sented 71.3% and 72.2% of the intervention and control cohorts, respectively. The gender difference was also not

statistically significant. At baseline, CCl [mean+SD] was 1.7+2.0 and 1.9+2.2 in the intervention and control cohorts,
respectively. There were no statistically significant differences between the groups.

Summary statistics of unmatched and matched cohorts at baseline are presented in Appendix A. The table presents
baseline and clinical characteristics of the two cohorts.

HEALTH RESOURCE UTILIZATION AND COSTS

During the one year of follow-up among matched pairs, members in the Housing First intervention cohort were less
likely to have emergency room (63.3% vs 72.6%, P<0.001) and inpatient visits (41.2% vs. 52.3%, P<0.001) than mem-
bers in the control cohort, and more likely to have mental health encounter visits (80.0% vs. 53.0%, P<0.001).

Although overall medical and pharmacy expenditure on the Housing First cohort was about $1,600 lower per patient
peryear ($13,294) than that of the control cohort ($14,781), there was no significant difference during the first six
months after housing entry. But there were significant differences in individual expenditure categories where the
intervention cohort scores were lower. During the first six months after housing entry, the intervention cohort expen-
diture on mental health encounters was significantly higher, at $9,471 compared with $6,303 for the control cohort.
Pharmacy expenditure was also significantly higher, at $1,667 compared with $1,113 for the control cohort. For the
category Other, the Housing First cohort had significantly lower expenditures, at $6,437 compared with $7,608. For
the remaining categories — medical, ER, and inpatient hospitalizations — the Housing First cohort had lower expen-
ditures than the control cohort but the differences were not statistically significant.

During the second six months after housing entry, the overall medical and pharmacy expenditure was even lower
for the Housing First cohort than during the first six months, by nearly $3,700 per patient per year (512,320 compared
with $15,995), but the statistically significant differences are found in the individual expenditure categories. Expen-
diture on medical was $11,090 for the Housing First cohort and $15,305 for the control cohort, a difference of almost
$5,000. The difference in medical expenditure is statistically significant. The expenditure on ER visits was $986 per
person per year for the Housing First cohort compared with $1,351 for the control cohort, about $350 lower, and this
is a statistically significant difference. There was a significant difference in inpatient hospitalization expenditures,
which were $1,281 lower for the Housing First cohort. However, expenses were significantly higher for the Housing
First cohort for mental health encounters by $1,752 and for pharmacy by $540.

During the year of the follow-up period, members in the Housing First intervention cohort had 17% lower total all-
cause medical spending than members in the control cohort. When comparing the first and second six months of
the follow-up period, the differences were 10% and 28% respectively. For emergency care expenditures, members in
the intervention cohort had 17%, 6%, and 18% lower spending relative to members in the control cohort over the full
year, first, and second six months, respectively. Mental health expenditures for members in the intervention cohort
were 35% higher than for members in the control cohort for the full follow-up year (50% and 25% higher in the first



and second six months, respectively). All HRU comparisons had p<0.001 and thus are statistically significant, while
differences in total cost were not statistically significant. The standardized difference of total health care costs be-
tween cohorts was 0.12. Summary statistics of unmatched and matched follow-up characteristics of the two cohorts
are presented in Appendix B.

DISCUSSION

In this retrospective claims-based study, the differences in health care costs and rates of HRU were assessed in

a population of MassHealth members. All categories of HRU assessed in the follow-up period were significantly
reduced for members in the intervention cohort of participants enrolled in the Housing First program as opposed to
the chronically homeless control cohort, except for rates of mental health encounters. While the difference in rates

of all-cause inpatient and emergency department visits between groups was relatively large (>10% higher for control
group), the largest difference in magnitude was mental health encounters, with 80% in the intervention group and
only 53% in the control group. This would suggest that while intervention members are receiving more mental health
services than the chronically homeless control members, there may be a preventive effect that leads to lower use of
emergency and inpatient hospital services.

This possibility is also reflected in the differences in medical costs between groups. While all-cause costs were almost
$5,000 higher for the control group in the follow-up period, this was primarily driven by inpatient costs that were
higher by almost $9,000 dollars. Even though intervention members incurred more mental health-related costs
($18,240 vs. $13,529), the savings from lower use of costly inpatient services were high enough to keep the total costs
for these members below those for the chronically homeless control cohort.

The results of this study are consistent with conventional wisdom but also challenge some studies and new direc-
tions in policy that go against the Housing First model. The results are particularly consistent with Hirsch et al’s
(2008) study in Rhode Island and Wright et al. (2016) in Portland, Oregon. Hirsch et al. (2008) conducted an evaluation
of the Rhode Island Housing First pilot program that had housed 50 chronically homeless individuals. Their primary
evaluation tool was in-depth interviews with 41 participants at baseline and 63 follow-up interviews. After account-
ing for support services and housing subsidy, they found an overall reduction of $7,946. Similarly, Wright et al. (2016)
used a mixture of survey and administrative claims data on 98 individuals in Oregon to evaluate cost utilization of
the Housing First model. They show that overall claims for health care expenditures for people in Housing First were
significantly lower ($8,724 less) after entry into permanent supportive housing. Expenditure changes were driven pri-
marily by reductions in emergency and inpatient care. Using stronger methodology, this study has confirmed these
findings. Further, the study by Ly and Latimer (2015) cited below confirms these findings. A key difference between
these studies and our study is that they consider costs of jail and prison overnights, which are reduced significantly
after housing.

The evidence in this study challenges findings of other studies. A recent observational study by Tsai, Gelberg, and
Rosenheck (2019) shows that entry into supported housing with linked primary care services was not associated with
improvements in physical health-related quality of life (HRQOL). They use before and after evidence from 756 chroni-
cally homeless adults. Although Tsai, Gelberg, and Rosenheck found that participants had fewer medical problems
and received more preventive procedures over time, there was no statistically significant change in their physical
health as measured by the HRQOL scale. The weakness in their study is that it was observational and did not have

a control, while our study uses a control group design with propensity score analysis and a larger sample — much
more rigorous methods.
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By the use of a control group design and propensity score matching, the evidence challenges the regression to the
mean argument. The regression to the mean is a statistical idea that if there are extreme scores on a variable the first
time it is measured, scores will normalize the next time. Applied to homelessness, the idea is that chronically home-
less individuals are at their extreme level of acuity of health at the point of enrollment since they have to meet those
criteria. When observed after housing entry, a natural stabilization of health takes place and their scores normalize.
The conclusion reached by those who make the regression to the mean argument is that housing is not associated
with the subsequent reduction of health care costs, but rather, a natural stabilization of health takes place. However,
using a matched sample, the study has shown that without housing, utilization of health services and costs remained
higher for the control group. If natural stabilization took place in the absence of housing, both utilization and costs
for the control group should have dropped, but they increased instead. This interpretation is consistent with Srebnik,
Connor, and Sylla’s (2013) study, which reached similar conclusions, albeit with a much smaller sample of 29 in their
intervention group and 31 in their control group.

It is important to note that our study does not clear up the ambiguity in results between cost reduction with and
without housing costs. Our study does not consider housing costs because of a focus on medical and behavioral
health. To be comprehensive in the cost-benefit analysis, the study would need to account for actual claims on jail
and prison nights as well as claims for shelter nights spent before and after housing. In their study that reviewed
existing literature on Housing First, Ly and Latimer (2015) found that shelter and emergency department costs de-
creased with participation in Housing First, while impacts on hospitalization and justice costs were more ambiguous.
They suggested that while their review casts doubt on whether Housing First programs can be expected to pay for
themselves, “the certainty of significant cost offsets, combined with their benefits for participants means that they
represent a more efficient allocation of resources than traditional services.”

We identify two policy implications of the findings of this study. First, the evidence supports the expansion and
scaling up of CSPECH. CSPECH is a Medicaid-funded program that provides community-based support services for
chronically homeless individuals in Massachusetts and is the program under which most of the Housing First mem-
bers in this study received support services. The program was started in 2006 by the Massachusetts Behavioral Health
Partnership (MBHP) and MHSA. Under CSPECH, housing agencies can claim reimbursements from MassHealth for
support services rendered to chronically homeless individuals, but not for housing. The evidence indicates that the
housing component and the support services component under CSPECH together are associated with reductions in
utilization of and claims for medical and behavioral health services.

Second, the evidence in this study also challenges current federal policy directions. Regarding policy shifts, the U.S.
Interagency Council on Homelessness underwent a leadership change in late 2019 signaling direction that takes pol-
icy practice back to its pre-Housing First condition. According to media reports, the new leadership opposes Housing
First and prefers what is referred to as “Housing Fourth”: that “cities stop giving out food, criminalize sidewalk sleep-
ing, and force homeless residents who want services to move into city-operated facilities in large temporary struc-
tures” (Walker, 2019). Although this direction has yet to result in actual observed policy shifts under the new leader-
ship, the signal is strong enough to warrant emphasizing that the policy implications of this study do not support this
potential policy shift and direction. The evidence in this study and consensus in the field make a convincing case for
Housing First as evidence-based practice and for scaling up at the city, state, and federal government levels.

LIMITATIONS

The present study has limitations. First, there is no single way to identify chronically homeless members in the
MassHealth claims dataset. As noted, we rely on a combination of the homelessness indicator maintained by
MassHealth and medical diagnosis codes that indicate homelessness. The homelessness indicator is not rigorously
maintained, and it may be activated for a chronically homeless member and not deactivated after that member
finds oris placed in permanent housing. Alternatively, medical providers may not use the medical diagnosis codes
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indicating homelessness reliably, so the number of claims that indicate homelessness may understate the homeless
population. As noted previously, we assessed members of the control cohort using a “waterfall” method of increas-
ingly strict criteria and performed two sensitivity tests of the analysis requiring a longer time interval between claims
with diagnosis codes indicating homelessness. The waterfall and sensitivity tests allowed us to avoid relying solely
on the homelessness indicator and to tease out potential inaccuracies in the use of medical diagnosis codes to iden-
tify homelessness.

Second, for members identified as chronically homeless using the inclusion criteria above, it is not possible to
directly identify enrollees who may have received interventions other than Housing First or CSPECH. The sensitivity
tests performed also served to eliminate members whose receipt of other interventions would have moved them
into permanent housing during the baseline or follow-up periods under consideration.

AREAS FOR FUTURE STUDY

Since the study focused on effects over one year, it does not specifically address the long-term cost savings of the
Housing First model. In most studies conducted to date, the cost estimates focus on the first year following housing,
with a few studies continuing longer. Some scholars suggest that the first year of treatment is the most expensive
and overall cost savings should increase in subsequent years (Larimer et al., 2009:1354). Evidence backing this claim
needs to be supported by a longitudinal study with a comparison group.

Although our study has challenged the idea of regression to the mean, it remains to be established exactly what

the role of natural stabilization of health among people experiencing homelessness is and how it is related to the
subsequent reduction of health care costs when individuals access housing. In other words, it remains unknown how
much variation in costs can be attributed to supportive housing and how much to natural stabilization of health.

Furthermore, it remains difficult to separate the effect of supportive services alone and those of housing alone. The
closest approach to this we have is one study done in California (Linkins, 2008) that compared a group that received
services only and a group that received both housing and support services. If the membership of the two groups had
been essentially the same, we could subtract the cost of support services from the housed group in order to isolate
the cost of housing alone, but this was not the case.

Finally, there is need for future research to go beyond medical costs and conduct a comprehensive study that consid-
ers effects of Housing First on costs related to shelter use and incarceration, and to take into account the costs of
housing provision. Given its reliance on administrative claims data, this study does not estimate the cost of the Hous-
ing First housing provision or any relationship between the cost of housing and the cost of medical resource use.
Further, it does not address the cost of Housing First housing as compared with the alternative cost of housing the
chronically homeless population in shelters or, as is sometimes the case, in jails and prisons.

CONCLUSION

In the present retrospective claims-based study, members in the Housing First intervention cohort were found to
have significantly lower health care resource utilization than members in the control cohort. Mean costs were also
lower among the intervention cohort, although not all results were statistically significant at the 5% level. Partici-
pants in the intervention cohort appear to have used relatively more mental health care services and relatively less
emergency care. These findings are consistent with studies carried out elsewhere in the field. The policy implica-
tions of these findings are that it would be beneficial to scale up CSPECH, which provides community-based support
services for the chronically homeless in Massachusetts, and to keep Housing First as evidence-based practice that
should be expanded at the city, state, and federal government levels.
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APPENDIX A. UNMATCHED AND MATCHED BASELINE' CHARACTERISTICS

Age as of enrollment
Mean, SD
Median
Under 65, n (%)
65+, n (%)
Race, n (%)
White
Black
Hispanic
Asian
Indian
Inter
Unknown
Male, n (%)
Behavioral health disorders, n (%)
Mental illness
Any mentalillness
Schizophrenia
Bipolar disorders
Depression
Anxiety
Substance use
Any substance use disorders
Alcohol use disorder
Drug use disorder
Charlson Comorbidity Index, mean + SD
Components, n (%)
Myocardial infarction
Congestive heart failure
Peripheral vascular disease
Cerebrovascular disease
Dementia
Chronic pulmonary disease
Rheumatologic disease
Peptic ulcer disease
Mild liver disease
Mild to moderate diabetes
Diabetes with chronic complications
Hemiplegia or paraplegia
Renal disease
Any malignancy including lymphoma and leukemia
Moderate or severe liver disease
Metastatic solid tumor

HIV/AIDS

Unmatched?

HF Cohort
N=1,342

Control Cohort
N=44,022

47.8 +11.0 356 +14.4
50.0 11.0 350 14.4
1,301 (96.9%) 43,269 (98.3%)

41 (3.1%) 753 (1.7%)

578 (43.1%)
192 (14.3%)

18,589 (42.2%)
6,160 (14.0%)

72 (5.4%) 3,638 (8.3%)
10 (0.7%) 221 (0.5%)
5 (0.4%) 183 (0.4%)
4 (0.3%) 352 (0.8%)

481 (35.8%)
949 (70.7%)

14,879 (33.8%)
24271 (55.1%)

1,219 (90.8%)
363 (27.0%)

32,256 (73.3%)
7,625 (17.3%)

408 (30.4%) 10,088 (22.9%)
890 (66.3%) )
)

694 (51.7%)

17,687 (40.2%
13,594 (30.9%
1,072 (79.9%) 22,936 (52.1%)
697 (51.9%) 11,144 (25.3%)

935 (69.7%) 18,092 (41.1%)

1.6 +2.0 0.9 +16
81 (6.0%) 978 (2.2%)
92 (6.9%) 1,337 (3.0%)

75 (5.6%) 1,267 (2.9%)

103 (7.7%) 1,692 (3.8%)

15 (1.1%) 458 (1.0%)
486 (36.2%) 10,918 (24.8%)
26 (1.9%) 562 (1.3%)
27 (2.0%) 506 (1.1%)

365 (27.2%) 5,871 (13.3%)

144 (10.7%) 3,022 (6.9%)
84 (6.3%) 1,467 (3.3%)
26 (1.9%) 470 (1.1%)
71 (5.3%) 1,018 (2.3%)
48 (3.6%) 868 (2.0%)
24 (1.8%) 440 (1.0%)
11 (0.8%) 169 (0.4%)
51 (3.8%) 1,021 (2.3%)

15

<0.001*
<0.001*
<0.001*
<0.001*

0.538
0.744
<0.001*
0.218
0.809

0.040*
0.119
<0.001*

<0.001*
<0.001*
<0.001*
<0.001*
<0.001*

<0.001*
<0.001*
<0.001*
<0.001*

<0.001*
<0.001*
<0.001*
<0.001*
0.783
<0.001*
0.035*
0.004*
<0.001*
<0.001*
<0.001*
0.003*
<0.001*
<0.001*
0.005*
0.012*
<0.001*

HF Cohort
N =690

47.8
49.0
677
13

286
106
39

w N»;

249
492

659
194
205
478
367

586
396
480

17

47
53
44
61

287
18
18

214
82
38
21
34
22
12

25

+103
11.0
(98.1%)
(1.9%)

(41.4%)
(15.4%)
(5.7%)
(0.7%)
(0.3%)
(0.4%)
(36.1%)
(71.3%)

(95.5%)
(28.1%)
(29.7%)
(69.3%)
(53.2%)

(84.9%)
(57.4%)
(69.6%)
+2.0

(6.8%)
(7.7%)
(6.4%)
(8.8%)
(1.0%)
(41.6%)
(2.6%)

(2.6%)

(31.0%)
(11.9%)
(5.5%)

(3.0%)

(4.9%)
(3.2%)
(1.7%)
(1.0%)
(3.6%)

Matched?

Control Cohort
N =690

48.7
50.5
641
49

289
108
45

NN W

241
498

642
302
278
424
328

522
374
419

19

42
56
62
88
34

293

19
176
%
59
18
49
23
25

30

+11.7
14.4
(92.9%)
(7.1%)

(41.9%)
(15.7%)
(6.5%)
(0.4%)
(0.3%)
(0.3%)
(34.9%)
(72.2%)
93.0%)
43.8%)

(
(
(40.3%)
(61.4%)
(

47.5%)

(75.7%)
(54.2%)
(60.7%)
+22

(6.1%)
(8.1%)
(9.0%)
(12.8%)
(4.9%)
(42.5%)
(1.6%)
(2.8%)
(25.5%)
(13.6%)
(8.6%)
(2.6%)
(7.1%)
(3.3%)
(3.6%)
(1.3%)
(4.3%)

0.060
0.060
<0.001*
<0.001*

0.871
0.879
0.480
0.480
1.000
0.655
0.657
0.703

0.047*
<0.001*
<0.001*

0.002*

0.028*

<0.001*
0.223

<0.001*
0.243

0.583
0.756
0.066
0.022*
<0.001*
0.745
0.194
0.869
0.023*
0.337
0.029*
0.602
0.079
0.879
0.033*
0.617
0.492
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Unmatched? Matched?

HF Cohort Control Cohort HF Cohort Control Cohort
N=1,342 N =44,022 N =690 N =690

Medical resource use, by setting

At least one visit, n (%)

ER 1,074 (80.0%) 27,366 (62.2%)  <0.001* 597 (86.5%) 580 (84.1%) 0.196
Inpatient 804 (59.9%) 19,053 (433%)  <0.001* 471 (68.3%) 460 (66.7%) 0510
Mental health encounter 1,049 (78.2%) 22,867 (51.9%)  <0.001* 559 (81.0%) 429 (622%)  <0.001*
Other 1,266 (94.3%) 37,950 (86.2%)  <0.001* 681 (98.7%) 671 (97.2%) 0.050*

Visits, mean + SD

ER 7.3 115 3.4 6.4 <0.001* 8.6 *12.3 82 114 0.622
Inpatient 3.9 7.2 2.1 #5.1 <0.001* 4.7 *7.6 49 #7.8 0.918
Mental health encounter 21.5 #26.9 114 211 <0.001* 239 #27.5 17.0 £27.5 <0.001*
Other 33.6 £30.0 26.0 £30.3 <0.001* 39.1 £30.4 39.8 £35.3 0.796

Days, mean + SD
Inpatient 20.2 +36.8 10.5 #28.3 <0.001* 23.5 #3717 25.5 +44.6 0.951

Expenditures, mean + SD

Total (Medical + Pharmacy) $45,131 +$68,562  $22,177 #$49,829  <0.001* = $52,831 #$73,146  $54,993 #$80,858  0.455
Medical $41,738 £$66,191  $20,225 #$47,601  <0.001*  $48,918 #$71,033  $50,834 #$78267  0.510
<ER $5,093 #$11,013  $1,699 #$4,728  <0.001*  $5696 $11,546  $4,238 #$8,001  <0.001*
« Inpatient $19,001 +$42,254  $7,826 +$24,867  <0.001* = $22,619 +$46,362  $18,064 +$36,363  0.009*
« Other $17,644 +$29,185  $10,700 #$32,651  <0.001* = $20,602 +$30,423  $28,531 #$63,084  0.132
Mental health encounter $27,175 #$49,599  $9,647 #$27,735  <0.001* = $30,226 #$52,967  $22,289 #$43,546  <0.001*
Pharmacy $3,393 #$11,874  $1,953 #$9,691  <0.001*  $3913 #$12,068  $4,159 #$14315  0.339

1. The index date for the intervention cohort (“Housing First”) is the date of initial enrollment in the program, while the index date for the control cohort is a
randomly selected day during their eligibility period. The baseline period is defined as the two years prior to the index date.

2. Patients were matched based on + 0.25*standard deviation of propensity score of being in their cohort. Propensity score controlled for age, gender, categorical
year of index date, race, CCl, and total baseline healthcare costs. Among the matched analysis, both HF and control members were required to have full
baseline and follow-up eligibility, and each control member has at least 2 distinct claims with a primary diagnosis code for homelessness. Control patients
with evidence of CSPECH services were excluded.

3. P-values were calculated using Wilcoxon rank sum tests for continuous variables and chi-squared tests for categorical variables for the unmatched analysis.
P-values were calculated using Wilcoxon signed-rank tests for continuous variables and McNemar tests for categorical variables for the matched analysis.
P-values <0.05 are indicated with one asterisk (“*”).

Abbreviations: CCl, Charlson Comorbidity Index; CSPECH, Community Support Program for People Experiencing Chronic Homelessness; ER, Emergency room; SD,

Standard deviation.
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APPENDIX B. UNMATCHED AND MATCHED FOLLOW-UP! CHARACTERISTICS

Unmatched? Matched?

HF Cohort Control Cohort HF Cohort Control Cohort
N=1,342 N =44,022 N =690 N =690

FULL YEAR

At least one visit, n (%)

ER 624 (46.5%) 22,689 (51.5%) <0.001* 437 (63.3%) 501 (72.6%) <0.001*

Inpatient 399 (29.7%) 14,360 (32.6%) 0.026* 284 (41.2%) 361 (52.3%) <0.001*

Mental health encounter 891 (66.4%) 19,579 (44.5%) <0.001* 552 (80.0%) 366 (53.0%) <0.001*

Other 1,059 (78.9%) 36,200 (82.2%) 0.002* 665 (96.4%) 652 (94.5%) 0.091

Visits, mean + SD

ER 19 #43 19 #3.7 0.011* 3.0 5.3 4.5 +6.4 <0.001*

Inpatient 1.2 #4.0 1.1 #3.0 0.026* 1.8 +4.7 2.6 +4.5 <0.001*

Mental health encounter 7.7 #133 6.1 +12.0 <0.001* 11.2 #155 9.3 #15.1 <0.001*

Other 10.4 £14.2 13.9 £16.9 <0.001* 153 £16.1 20.9 £19.5 <0.001*

Days, mean + SD

Inpatient 5.1 145 5.7 +16.8 0.038* 7.7 *17.7 13.4 £26.7 <0.001*

Expenditures, mean + SD

Total (Medical + Pharmacy) $17,336 +$29,956  $12,220 +$28,388 <0.001* = $25,614 +$36,118  $30,881 +$49,643 0.316
Medical $15,305 526,524  $11,133 +$27,140 <0.001* = $22,717 +$32,029 $29,072 +$48,268 0.103
«ER $1,399 +$4,135 $951 +$2,821 0.643 $2,082 +$5,207 $2,520 +$5,348 0.055
« Inpatient $5,441 +$16,751 $4,375 +$15,803 0.526 $8,233 +$20,773 $10,359 +$23,839 0.034*
« Other $8,465 +$13247  $5,807 +$17,596  <0.001* = $12,402 +$16,165  $16,193 +$37,229 0.139
Mental health encounter $12,613 +$22,997 $5,393 +$17,196  <0.001*  $18,240 +$27,407  $13,529 #$27,530  <0.001*
Pharmacy $2,031 +$10,355 $1,086 +$5,929 0.014* $2,896 +$12,827 $1,809 +$7,997 <0.001*

FIRST 6 MONTHS

Total (Medical + Pharmacy) $9,554 +$17,867  $6,087 +$15,653  <0.001* = $13,294 +$21,486  $14,781 +$26,352 0.857
Medical $8,371 #$15391  $5540 +$14,991  <0.001*  $11,627 +$18212  $13,668 +$25,153 0.917
«ER $782 +$2,465 $479 81,624 0.006* $1,096 +$3,062 $1,160 +$2,753 0.250
« Inpatient $2,836 59,360 $2,172 +$9,309 0.487 $4,093 +$10,992 $4,900 +$14,134 0.276
« Other $4,752 87,904 $2,889 +$9,559 <0.001* $6,437 +$9,505 $7,608 +$18,607 0.007*
Mental health encounter $7,028 +$13322  $2,670 +$9,675 <0.001*  $9,471 #$15,138  $6,303 #$15501  <0.001*
Pharmacy $1,183 £$7,944 $547 +$3,308 <0.001*  $1,667 +$10,276 $1,113 £$6,555 <0.001*

FIRST 6 MONTHS

Total (Medical + Pharmacy) $7,782 +$16,665 $6,100 +$16,136 0.002* = $12,320 +$19,895 $15,995 +$27,711 0.203
Medical $6,934 +$15,398 $5,563 +$15,470 <0.001* = $11,090 +$18,952 $15,305 +$27,255 0.044*
<ER $616 +$2,116 $470 +$1,626 0.025* $986 +$2,700 $1,351 +$3,276 0.007*
« Inpatient $2,605 +$11,207 $2,191 +$9,733 0.020* $4,139 +$14,384 $5,420 +$14,389 0.004*
« Other $3,713 +$6,827 $2,902 +$9,755 <0.001* $5,965 +$8,278 $8,533 +$20,358 0.275
Mental health encounter $5,570 +$13,522 $2,675 +$10,162 <0.001* $8,742 +$16,660 $6,990 +$15,376 <0.001*
Pharmacy $848 +$4,970 $537 +$3,513 0.620 $1,230 +$4,987 $690 +$2,543 0.001*

1. Theindex date for the intervention cohort (“Housing First”) is the date of initial enrollment in the program, while the index date for the control cohort is a
randomly selected day during their eligibility period. The followup period is defined as the one year following the index date..

2. Patients were matched based on + 0.25*standard deviation of propensity score of being in their cohort. Propensity score controlled for age, gender, categorical
year of index date, race, CCl, and total baseline healthcare costs. Among the matched analysis, both HF and control members were required to have full
baseline and follow-up eligibility, and each control member has at least 2 distinct claims with a primary diagnosis code for homelessness. Control patients
with evidence of CSPECH services were excluded.

3. P-values were calculated using Wilcoxon rank sum tests for continuous variables and chi-squared tests for categorical variables for the unmatched analysis.
P-values were calculated using Wilcoxon signed-rank tests for continuous variables and McNemar tests for categorical variables for the matched analysis.
P-values <0.05 are indicated with one asterisk (“*”).

Abbreviations: CCl, Charlson Comorbidity Index; CSPECH, Community Support Program for People Experiencing Chronic Homelessness; ER, Emergency room; SD,

Standard deviation.
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