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Abstract

The demand for housing assistance across the United States
far exceeds the supply, leaving housing providers the task
of prioritizing clients for receipt of this limited resource.
To be eligible for federal funding, local homelessness sys-
tems are required to implement assessment tools as part of
their prioritization processes. The Vulnerability Index Ser-
vice Prioritization Decision Assistance Tool (VI-SPDAT) is
the most commonly used assessment tool nationwide. Re-
cent studies have criticized the VI-SPDAT as exhibiting racial
bias (Cronley 2022; Petry et al. 2021), which may lead to
unwarranted racial disparities in housing provision. In re-
sponse to these criticisms, some jurisdictions have developed
alternative tools, such as the Allegheny Housing Assessment
(AHA), which uses algorithms to assess clients’ risk levels.
Drawing on data from its deployment, we conduct descriptive
and quantitative analyses to evaluate whether replacing the
VI-SPDAT with the AHA affects racial disparities in hous-
ing allocation. We find that the VI-SPDAT tended to assign
higher risk scores to white clients and lower risk scores to
Black clients, and that white clients were served at a higher
rates pre-AHA deployment. While post-deployment service
decisions became better aligned with the AHA score, and the
distribution of AHA scores is similar across racial groups, we
do not find evidence of a corresponding decrease in dispar-
ities in service rates. We attribute the persistent disparity to
the use of Alt-AHA, a survey-based tool that is used in cases
of low data quality, as well as group differences in eligibility-
related factors, such as chronic homelessness and veteran sta-
tus. We discuss the implications for housing service systems
seeking to reduce racial disparities in their service delivery.

1 Introduction

On any given night, roughly half a million people in the
United States are experiencing homelessness (U.S. Depart-
ment of Housing and Urban Development 2022). Black
and African American persons are disproportionately rep-
resented among the homeless population, with lifetime
rates of homelessness estimated to be more than three
times higher for non-Hispanic Blacks compared with non-
Hispanic whites (Fusaro, Levy, and Shaefer 2018). Some

“We thank the Allegheny County Department of Human Ser-
vices for their invaluable support and feedback.
Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

281

but not all of this disparity is explained by racial differences
in income, incarceration rates, and exposure to traumatic
events (Day 2015). Providing long-term supportive housing
is the single most effective intervention for reducing home-
lessness (Evans, Philips, and Ruffini 2019).

As a requirement for participating in programs funded by
the United States Department of Housing and Urban De-
velopment (HUD), local homelessness systems must imple-
ment assessment tools that prioritize the most vulnerable
homeless clients for supportive services. The most common
housing assessment tool is an interview-based instrument
called the Vulnerability Index Service Prioritization Deci-
sion Assistance Tool (VI-SPDAT) (Community Solutions
2016). Problematically, recent studies suggest that the VI-
SPDAT is poorly validated (Brown et al. 2018) and racially
biased (Cronley 2022; Petry et al. 2021). Partly in response
to such criticism, homelessness systems across the country
have been exploring alternative assessment tools, including
ones based on predictive risk models.

We study one such model developed and deployed by
the Allegheny County Department of Human Services
(ACDHS). Allegheny County is a medium-sized US county
in Pennsylvania that contains the city of Pittsburgh. Al-
legheny County’s Continuum of Care (CoC) receives HUD
funding to coordinate and provide homelessness services
such as shelters, supportive housing, outreach, engagement
and assessment, and prevention strategies. ACDHS is re-
sponsible for managing HUD funding and operating the Co-
ordinated Entry system that assesses and refers clients to
CoC providers (Allegheny County Execuitve Office 2023).

In 2020, the county deployed a tool called the Allegheny
Housing Assessment (AHA) to “standardize the assess-
ment process and move away from the interview-based VI-
SPDAT approach to an automated assessment based on ad-
ministrative data that can better predict the likelihood of
future adverse outcomes” (Vaithianathan and Kithulgoda
2020). In this paper, we study the transition from VI-SPDAT
to the predictive risk model-based risk assessment, AHA,
and evaluate the AHA tool’s impact on racial disparities in
access to supportive housing services. Specifically, we want
to understand:

1. How did the prioritization for housing change when the
VI-SPDAT was replaced with the AHA?

2. How does AHA impact the racial disparities in housing



service enrollment rates?

3. How does the use of the alternative survey assessment
tool (Alt-AHA) impact racial disparities?

While there have been extensive evaluations of the perfor-
mance, ethics, and algorithmic fairness of the AHA models
(Vaithianathan and Kithulgoda 2020; Eticas Research and
Consulting 2020; Allegheny County Analytics 2020), we are
among the first to study the impact of its deployment'.

Using extensive descriptive and quantitative analysis, we
find that prior to the deployment of AHA, VI-SPDAT tended
to assign higher risk scores to white clients and lower risk
scores to Black clients. While there was no disparity in ser-
vice rates conditioned on VI-SPDAT scores, the net effect
was that white clients were served at a higher rate. Follow-
ing the adoption of AHA, there was an increase in service
to Black clients, especially those at medium- and high-risks.
However, these increases paralleled those for white clients,
and thus did not result in a reduction in racial disparities.
While there is no evidence of racial disparity among clients
assessed with AHA only, there is a significant racial dispar-
ity in service rates among clients assessed with Alt-AHA.
White clients were about twice as likely as Black clients
to be assessed with Alt-AHA, and conditional on being as-
sessed were much more likely to be served. The differences
in Alt-AHA assessment rates is due in large part to differ-
ences in data quality, which is significantly lower for white
clients. Disparities in service rates across groups follow-
ing an Alt-AHA assessment are at least partly attributable
to other explanatory factors that affect eligibility, such as
chronic homelessness, disability, and veteran status.

Our study contributes to the literature on algorithmic fair-
ness and human-Al interaction in several important ways.
First, to our knowledge, it is the first study to investigate how
algorithm-assisted decision-making affects housing dispari-
ties using real data from a deployed tool. Second, we directly
study algorithm-assisted decision outcomes of an automated
risk assessment tool in the presence of a manual assessment
option (the Alt-AHA). Lastly, by identifying important dif-
ferences between the widely used VI-SPDAT and a machine
learning-based alternative (AHA), our study has important
policy implications for housing providers.

2 Background

In response to longstanding housing shortfalls, in 2008 fed-
eral rules began incentivizing housing providers to use risk
assessment tools to ensure that the most vulnerable clients
are prioritized for supportive housing. To receive federal
funding, HUD requires housing providers to use tools that
assess a client’s housing and service needs and eligibility,
and score their risk vulnerability (U.S. Department of Hous-
ing and Urban Development 2017).

In this section we describe the most widely used tool, the
VI-SPDAT, and then detail the development and deployment
of the AHA tool that has since replaced the VI-SPDAT in
ACDHS operations.

'We are aware of other ongoing work, but none that has been
published.
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Figure 1: Mapping of Predictive Risk Model Scores to AHA
Scores(Vaithianathan and Kithulgoda 2020)

VI-SPDAT

The VI-SPDAT is a tool that combines OrgCode’s SPDAT
(Service Prioritization Decision Assistance Tool) Prescreen
tool and Community Solutions’ VI (Vulnerability Index). It
features a survey for Coordinated Entry (CE) workers to as-
sess client risk and need at intake. Gaining widespread adop-
tion, it was used in 39 states and countries by 2015 (National
Alliance to End Homelessness 2022) and remained in use in
Allegheny County until 2020.

Recent research has concluded that the VI-SPDAT is
poorly validated (Brown et al. 2018) and racially biased
(Cronley 2022; Petry et al. 2021; Institute for Research
on Poverty 2021). Moreover, the assessment questions can
be invasive, asking about drug use, risk-taking behavior,
and mental health diagnoses. Focus groups conducted in
Allegheny County showed that former clients had con-
cerns about the long and detailed 45 minute interview the
tool entailed, which specifically opened the potential to re-
traumatize. Despite the invasive questions, a 2018 analysis
by ACDHS found that the VI-SPDAT was not effective at
identifying clients who are at the greatest risk of adverse out-
comes associated with housing instability, and the scores did
not significantly predict risk of return to homeless services.
Partly in response to the criticism, by December 2020 the
maintainers of VI-SPDAT had announced that they would
phase out the tool (National Alliance to End Homelessness
2022).

The Allegheny Housing Assessment

In 2014, ACDHS issued a request for proposals (RFP) to
explore the use of predictive decision support tools in their
operations. The RFP resulted in a research partnership be-
tween ACDHS and the Center for Social Data Analytics at
the Auckland University of Technology (CSDA). By 2018,
CSDA began working on a machine learning—based risk
assessment model that would eventually become the Al-
legheny Housing Assessment (AHA).

The AHA tool is based on three separate machine learning
models, each trained to predict the likelihood of a given ad-
verse event occurring in the 12 months following a housing
services assessment: (i) a jail stay; (ii) a Medicaid-funded
inpatient hospital stay for a behavioral health event; and
(>iii) 4 or more Medicaid-funded Emergency Room events.
Unlike the interview-based VI-SPDAT, the AHA relies not



on self-reported answers to interview questions, but rather
on demographic and county service utilization data stored
in the Allegheny County Data Warehouse (The Allegheny
County Department of Human Services 2018). Features con-
sidered by the models are drawn from child welfare services,
county jail, courts, juvenile probation, behavioral and phys-
ical health, previous interactions with homeless services,
previous interactions with assisted housing, demographics
(other than race), neighborhood data from the American
Community Survey, and household characteristics.

Each of the three models produces a risk score between
1-20, and the three scores are then combined into a sin-
gle AHA score. Figure 1 below summarizes the combina-
tion step. Scores from the three separate models are binned,
summed and then converted to deciles to produce a final
AHA score between 1-10, with 10 being the highest risk.

The Alt-AHA Tool

In certain cases, new clients may lack sufficient data to run
the AHA tool. For this reason, ACDHS complements the
AHA with Alt-AHA, an alternative risk assessment based on
a subset of VI-SPDAT questions identified by tool develop-
ers as being most predictive of risk. Alt-AHA was validated
on the same outcomes as AHA, and calibrated to ensure that
clients scoring 10 on Alt-AHA have a similar risk of adverse
outcomes as those scoring 10 on AHA.

To help guide the use of Alt-AHA, each client on a referral
receives a “data quality indicator.” The indicator is 1 if the
Data Warehouse has a unique ID for the individual that has
existed for at least 90 days and O otherwise.

CE workers are required to use the Alt-AHA when: (i)
the quality indicator is less than 1; or (ii) someone moved
to Allegheny County within the last 90 days; or (iii) some-
one has not consistently been living in Allegheny County;
or (iv) someone is fleeing domestic violence and thus may
have been unable to utilize services. Alt-AHA is sometimes
used outside of these four cases. When CE workers use the
Alt-AHA, they must record their reason for doing so.

An AHA score is always produced, irrespective of
whether an Alt-AHA is conducted. The final score used
in prioritizing clients, hereafter referred to as “posted risk
score”, is the greater of the AHA and Alt-AHA scores. The
next section describes how these scores are used as part of
the broader intake process.

Housing Intake Process

The full client intake process is illustrated in Figure 2.
Clients can access the Coordinated Entry system for home-
less services by contacting Allegheny Link or through refer-
rals by the Office of Community Services (OCS) Field Units.
For clients identified as homeless via the Current Living Sit-
uation Screening, CE workers then conduct an assessment
using AHA or Alt-AHA (prior to August 2020, VI-SPDAT).

After screening and scoring, CE workers assess clients’
eligibility for specific housing programs. This entails screen-
ing for chronic homeless status, which can prioritize them
for housing (HUD 2015). The combination of (Alt-)AHA
scores and special circumstances (e.g. veteran status, fleeing
from domestic abuse, or disability status) dictates program
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Figure 2: DHS Housing Services Intake Process

eligibility. The CE coordinator then places eligible clients
on waitlists for the appropriate housing types. If the CE can-
not reach a client for updates every 45 days from their last
contact, and the client is not enrolled in a street outreach
program or shelter, they are removed from the waitlist.

Once a provider has an available slot and the capacity
to serve and find a client housing, they request a referral
from ACDHS off the waitlist. The housing provider then en-
rolls clients into their programs, offering case management
services and housing assistance. Importantly, this does not
guarantee housing; clients might not accept the offer due
to personal preferences or circumstances such as hospital-
ization or incarceration. Despite the AHA tool’s key role
in housing allocation, human factors like maintaining the
waitlist and locating clients still play a crucial part in the
process, thus influencing when clients are referred. How-
ever, CE workers’ ability to alter a client’s waitlist posi-
tion is limited by strict eligibility rules. This is in contrast
to other algorithm-assisted decision-making settings such as
bail or child maltreatment screening, where human decision-



makers have considerably more discretion.

3 Related Literature

Algorithm-assisted decision-making is increasingly used in
the public sector, including in homelessness prevention.
Predictive models utilize proxy outcomes, administrative
data, and target specific sub-populations to efficiently al-
locate limited resources in crucial settings. Various studies
have used these models to predict outcomes such as high-
cost users (Toros and Flaming 2018), first-time homeless-
ness (Von Wachter et al. 2019), returns to homelessness
(Von Wachter et al. 2019; Kube, Das, and Fowler 2019),
shelter entries (Shinn et al. 2013), and chronic homelessness
(Messier, John, and Malik 2022; VanBerlo et al. 2021). Ad-
ditional research focuses on specific groups, predicting risks
such as daily sheltering arrangements for homeless youth
(Suchting et al. 2020) and their susceptibility to substance
abuse (Tabar et al. 2020; Dou et al. 2021), as well as as-
sessing homelessness risks among veterans (Koh et al. 2022;
Byrne, Montgomery, and Fargo 2019). The AHA tool differs
from these other approaches by focusing on long-term risks
associated with homelessness, providing algorithmic scores
rather than binary risk assessments to prioritize clients on
housing waitlists managed by ACDHS.

Recent studies on predictive tools in housing service allo-
cation reveals several significant challenges. The first con-
cern is the accuracy of administrative data in reflecting
clients’ past circumstances and urgent needs (Kuo et al.
2023; Karusala et al. 2019). Research by Karusala et al.
(2019) involving interviews with policymakers and case-
workers shows mixed feelings about the objectivity and ac-
curacy of the VI-SPDAT. Factors like clients’ trust in case-
workers and their privacy preferences impact what they dis-
close, which in turn affects scoring. The scoring also de-
pends on the coordinators’ ability to prompt questions and
gauge the effects of a client’s mood and mental status. Thus,
the fairness of these tools may suffer from discrepancies in
what is intended to be measured versus what is actually be-
ing measured and assessed in the Al model (Jacobs 2021).
Karusala et al. (2019) note that tools like AHA, which rely
on administrative rather than self-reported data, address mis-
measurement attributable to faulty self-reporting, but remain
susceptible to other biases in data collection.

The second concern focuses on the use of proxy outcomes
in prediction, which may not fully capture the subjective ex-
periences of unhoused individuals Kuo et al. (2023). Re-
search shows that ML systems might de-prioritize crucial
values like efficiency and privacy that are essential for pro-
tecting homeless individuals (Showkat et al. 2023). Building
trust in these systems at provider and bureaucratic levels is
crucial for their support, as noted by Saxena et al. (2021).

Debate around fairness in housing services also persists.
Kube, Das, and Fowler (2019) highlight a trade-off between
fairness and efficiency, where imposing fairness constraints
can increase re-entry rates. Karusala et al. (2019) note a divi-
sion between service providers, who prioritize vulnerability
over race, and policymakers, who seek to address racial dis-
parities in housing access. Some researchers advocate for us-
ing reparative algorithms to rectify historical inequities (So
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et al. 2022). Our study specifically evaluates racial dispari-
ties in the allocation of housing.

ACDHS commissioned an independent equity evaluation
(Eticas Research and Consulting 2020) of the models prior
to deployment, which found that the models operated con-
sistently across racial sub-groups.

4 Methodology
Research Questions

In the study, we seek to understand how CE workers interact
with the AHA tool and how the AHA tool impacts racial dis-
parity in housing allocation. More specifically, we ask three
Research Questions (RQ’s):

1. How did the prioritization for housing change when the
VI-SPDAT was replaced with the AHA?

2. How does AHA impact the racial disparities in housing
service enrollment rates?

3. How does the use of the alternative survey assessment
tool (Alt-AHA) impact racial disparities?

We study changes in service rates. An assessment is
“served” if it results in an enrollment with a Permanent Sup-
portive Housing (PSH), Rapid Rehousing (RR), or Transi-
tional Housing (TH) provider. This means the client can start
receiving comprehensive case management services, such as
mental health and substance use treatment, and housing as-
sistance. As discussed in § 2, enrollment does not mean they
are assigned to or have moved into housing yet. We do not
distinguish between housing types, as all three provide ser-
vices that address housing instability barriers. This study is
not a comprehensive evaluation of the impact of the tool on
overall welfare—only on racial disparities.

Descriptive Analysis and Empirical Model

We conduct descriptive analyses to examine high-level
trends, and then more rigorously study the research ques-
tions using logistic regressions to control for client charac-
teristics. We refer readers to the Appendix section in (Cheng
et al. 2024) for all supplementary materials.

Table 5 in the Appendix (Cheng et al. 2024) summarizes
key variables and their notation. The distinction between de-
mographics and housing eligibility characteristics is further
discussed in Appendix E (Cheng et al. 2024).

To answer RQ1, we use retrospectively generated AHA
scores for the pre- and post-deployment periods to inves-
tigate changes in service rates. We conduct the following
regression on clients who were assessed only via AHA, fo-
cusing on 3. Post is equal to 1 if the assessment was con-
ducted after AHA deployment, and 0 if before.

Served;: = Po + 1 Posti + B2Score + B3Score x Post; ¢

+ BaBlacki; + B X + vt + 61 + €0
(D

B3 captures the change in association between service de-
cisions and AHA scores from pre to post. We control for
client race (Black indicator variable which equals to 1 if the
client is Black and O if white), as well as other controls, X,



which include age, gender, veteran status, chronic homeless-
ness status, disability status, if a client is a domestic violence
survivor, if the client is the head of the household, the size of
the household, the type of household (Single or Households
without Children). Time-fixed effects ~; and J; represent as-
sessment year and month, respectively, and capture yearly
and seasonal variations in service provision. We use robust
standard errors, clustered by client ID, to account for multi-
ple assessments per client and for among-client variation.

We study RQ2 with the following specification, using data
only on clients where AHA (not Alt-AHA) was used.

Served;,s = Po + B1Post; i + B2Black; + B3Score; ¢
+ B4RiskGroupiﬂt + BsBlack * Post; ¢

+ Bs RiskGroup * Post; + + 7 RiskGroup x Black;

+ BsRiskGroup * Black x Post; 4

+ B X 4y + 6 +€in
()

This model allows for heterogeneity in the association be-
tween service decisions, race, and AHA deployment across
risk group strata. The risk strata are defined as low-risk
(AHA scores 1-4), medium-risk (scores 5-8), and high-risk
(scores 9-10). We present a simplified short-hand equa-
tion here and include an expanded equation in Appendix D
(Cheng et al. 2024) for clarification.

Two coefficients of interest, 35 and g, measure changes
in service rates. 5 reflects how service rates change for the
low-risk group post-AHA. (s shows the additional service
rate change for Black clients in the high-risk group, com-
pared to white clients, pre- and post-AHA deployment, rela-
tive to the low-risk group. Essentially, it shows the impact of
high risk status on racial disparities post-AHA. As a robust-
ness check, we test alternative specifications in Appendix
E (Cheng et al. 2024), treating AHA scores as continuous or
binary for high-risk. The results are consistent with the main
findings presented in this paper.

For RQ3, we use logistic regression on data from clients
assessed with Alt-AHA, using the following specification
where the Alt-AHA score, if higher, is used as the posted
score for housing prioritization.

Served;+ = Bo + f1Black; + + P2 PostedScore; ¢
+ BaUseAltScore + BsQualityIndicator
+B6X + v+ 6+ €in

3

QualityIndicator assesses data quality on a 0 to 1 scale.
All other covariates X and time fixed effects remain consis-
tent. The coefficient of interest, 31, evaluates potential racial
disparities in service rates for clients prioritized based on
Alt-AHA after controlling for other factors.

5 Data

We extract housing assessment data from the County’s
Homelessness Management Information System (HMIS) for
assessments conducted between January 1, 2018 and March
29, 2022. This data is linked with enrollment data for clients
in PSH, RR, or TH services during the study period.
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We retrospectively (re-)run the AHA tool to produce
scores for pre- and post-AHA deployment periods. We also
obtain VI-SPDAT scores from the pre-deployment period.

We exclude assessments with a race other than white or
Black/African American, as they represent only 3.2% of
the data. We also exclude 36.1% of the assessments asso-
ciated with families or youth household types, focusing in-
stead on single adult household types. Lastly, we exclude
clients who are enrolled with programs that do not require
AHA scores. The final dataset contains 6,542 assessments,
in which 66.1% were from the pre-AHA period. 399 Alt-
AHA assessments were conducted, with 370 using the Alt-
AHA scores as their posted scores.

Table 1 summarizes pre- and post-deployment client char-
acteristics. We see that the majority of single homeless
clients are male, and over 90% report a disability. Post de-
ployment, the prevalence of chronically homeless clients
rises. When comparing Black and white clients, their assess-
ment scores, ages, and likelihood of being domestic violence
survivors remain similar pre- and post-deployment. How-
ever, they diverge in key eligibility criteria: white clients
exhibit higher rates of chronic homelessness and disability,
whereas Black clients are more likely to be veterans.

Before deployment, Black clients have a lower average
VI-SPDAT score (7.5) than white clients (8.4) on a 1-
16 scale. Post-deployment, Black clients average a slightly
higher AHA score (7.1) compared to white clients (6.6) on
a 1-10 scale. White clients are twice (24.5%) as likely to be
assessed with Alt-AHA compared to Black clients (11.8%),
and to have those scores used for prioritization (20.7% vs.
8.0% for Black clients). This significant difference may
be linked to consistently higher data quality indicators for
Black clients, with scores of 0.96 vs. 0.87 pre-deployment
and 0.91 vs. 0.82 post-deployment.

Finally, white clients were served at a higher rate than
Black clients before AHA deployment, 17.6% compared to
14.5%. The disparity persists post-deployment.

6 Descriptive Analysis

We compare risk scores and service rates from VI-SPDAT,
AHA, and Alt-AHA for high-level insight into our research
questions. In Appendix A(Cheng et al. 2024) we provide a
brief analysis of concurrent events, particularly the impact
of COVID-19 and lockdown orders, surrounding the AHA
deployment. While we note some variation in service rates
by race, these changes are not statistically significant.

Score Comparisons

AHA vs. VI-SPDAT Scores Because the VI-SPDAT was
no longer conducted after the AHA was deployed, this com-
parison is based on data during the pre-deployment period.
VI-SPDAT scores range from 1-16 where 1 is the lowest
and 16 is the highest risk, and AHA scores range from 1-10.
The left panel on Figure 3 shows that there is a weak posi-
tive correlation between the retrospectively generated AHA
scores and the unconverted VI-SPDAT scores (Spearman’s
p = 0.218, p < 0.0001).

To facilitate a more direct comparison of the scores for
the remainder of the analysis, we bin the VI-SPDAT scores



Pre-deployment
Black/AA  White

Post-deployment
Black/AA  White

% Female 33.1 32.1 35.1 37.3
47.1) (46.7) 47.7) (48.4)
% Male 59.9 62.1 64.9 62.6
(49.0) (48.5) (47.8) (48.4)
% Unknown G 7.0 5.8 0.1 0.1
(25.5) (23.3) 3.0 3.1
Age 46.3 45.7 46.1 44.0
(12.3) (12.0) (12.2) (11.7)
% CH 25.2 29.8 354 38.6
43.4) (45.8) (47.8) (48.7)
% Disability 91.2 95.2 91.0 93.9
(28.4) (21.5) (28.7) (24.0)
% Veteran 9.1 7.8 7.8 6.4
(28.8) (26.8) (26.8) (24.5)
9% DV Survivor 11.5 114 13.5 13.6
(32.0) (31.8) (34.2) (34.3)
AHA Score 6.5 6.3 7.1 6.6
2.7 2.7 2.5) 2.8)
VI-SPDAT Score 1.5 8.4 - -
2.5) 3.1 - -
Alt-AHA Score - - 5.1 6.1
- - 2.7 2.5)
% Use Alt-AHA - - 11.8 24.5
- - (32.3) (43.0)
% Use Alt Score - - 8.0 20.7
- - (27.1) (40.5)
Quality Indicator 0.96 0.87 0.91 0.82
(0.20) (0.32) (0.28) (0.38)
Served 14.5 17.6 19.5 23.3
(35.2) (38.1) (39.7) (42.3)
N 2,176 2,147 1,141 1,078

Standard deviation in parentheses
Unknown G = Unknown Gender, CH = Chronic Homeless
DV = Domestic Violence

Table 1: Summary Statistics by Race and Deployment Status

into a 1-10 range. Scores 1-4 are mapped to 1, 13-16 are
mapped to 10, and values in-between are mapped in a one-
to-one correspondence to 2:9. This mapping is monotonic,
and is chosen to ensure that there are comparable numbers
of clients in the lowest and highest score bins for both the
AHA and (post-mapping) VI-SPDAT. Figure 3 (right) shows
a heatmap of scores after mapping. After conversion, the
AHA and VI-SPDAT Scores remain significantly weakly
positively correlated (Spearman’s p = 0.217, p < 0.0001)

AHA vs. Alt-AHA Scores Figure 4 compares AHA and
Alt-AHA scores for clients assessed with Alt-AHA post-
deployment. Clients with initial low AHA scores (1-3) typ-
ically received higher Alt-AHA scores. As a business rule,
the higher of the two scores is used as the score (“posted
score”) for prioritization. Alt-AHA and AHA scores do not
appear correlated (Spearman’s p = —0.02, p = 0.64).
Figure 5 shows a breakdown of Alt-AHA use by race. We
observe that white clients are more likely than Black clients
to be assessed via Alt-AHA (left panel) and are also more
likely to then have their Alt-AHA scores used (right panel).
These differences are, at least, partly attributed to lower data
quality indicators for white clients, as shown in Table 1. CE
workers provide reasons for disagreeing with AHA scores,
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Figure 4: AHA vs. Alt-AHA Scores for clients who were
assessed with Alt AHA. Clients with low AHA scores (1-3)
typically received higher Alt-AHA scores.

which we discuss in Appendix B (Cheng et al. 2024). There
we find that white clients are more often not residing con-
sistently in Allegheny County, have lower data quality, and
have lower service utilization than Black clients.

Score Distribution by Race

Figure 6 shows the (frequency) distribution of pre-
deployment VI-SPDAT and AHA scores and post-
deployment AHA and Alt-AHA scores®. We present within-
racial-group frequencies instead of counts so that pre-vs-
post comparisons are not confounded by variation in the
number of clients being assessed over time. We see that pre-
deployment, VI-SPDAT scores were lower for Black clients
than for white clients, with white clients being more likely
to receive VI-SPDAT scores in the 8-10 range.

Conditional on VI-SPDAT score, Figure 8 shows that
Black and white clients were equally likely to receive hous-
ing services. However, at least in part because VI-SPDAT
scores tended to be lower for Black clients, overall service
rates were significantly lower for Black clients than white
clients pre-AHA (see Figure 7).

Unlike the VI-SPDAT, in both the pre- and post-
deployment period, Black clients were approximately
equally likely to receive AHA scores in the 8-10 range. The
third panel of Figure 6 shows the subsample where AHA

2A cumulative density version of these plots is shown in Figure
11 of Appendix C (Cheng et al. 2024).
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(right). White clients are twice as likely to be assessed via
Alt-AHA than Black clients. Of those assessed by Alt-AHA,
white clients’ Alt-AHA scores are also more likely to be
used for prioritization.

scores determined prioritization—this combines clients as-
sessed only via AHA and those assessed via Alt-AHA but
whose AHA score was higher. Here, Black and white clients
exhibit similar score distributions.

Second, transitioning from VI-SPDAT to AHA, we ob-
serve a significant shift in the score distribution, with a larger
percentage of clients across both races now classified as
higher risk, whereas previously, most fell into the low to
medium risk category. Post-AHA deployment, there is an
increased representation of Black clients in the medium and
high-risk categories, compared to the VI-SPDAT.

Finally, in the case of clients assessed via Alt-AHA whose
Alt-AHA scores were used for prioritization (where the
posted scores are identical to their Alt-AHA scores), the dis-
tribution shows a slightly higher percentage of Black clients
in the lower risk range and a slightly lower percentage in the
high risk range compared to white clients. Given the small
sample size, the difference between the distributions is un-
likely to be statistically significant.

In summary, we observe a notable disparity under VI-
SPDAT, with a higher percentage of Black clients catego-
rized as lower risk and white clients as higher risk. Post-
deployment, both Black and white clients receive similar
scores under AHA, with Black clients showing an increased
presence in the medium to high-risk categories compared to
their earlier VI-SPDAT scores. White clients tend to receive
higher risk scores when assessed by Alt-AHA.

Service Rates by Race

According to Figure 7, pre-AHA, white clients were served
at a significantly higher rate than Black clients (¢-statistic =
—2.72, P-value = 0.006). Post-deployment, the service
rates increased for both groups, but white clients contin-
ued to be served at a significantly higher rate than Black
clients (t-statistic = —2.15, P-value = 0.03). When we
break down post-deployment assessments by whether the
Alt-AHA scores were used, we find that the two groups
are served at similar rate when AHA scores were used. The
racial disparity in service rates appears to be driven mainly
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by the sub-group of assessments where an Alt-AHA was
used. For clients assessed via Alt-AHA, on aggregate, there
is a statistically significantly difference (¢-statistic = —2.72,
P-value = 0.007) between Black and white clients, with
white clients (30.0%) about twice more likely to be enrolled
with a provider than Black clients (15.4%). However, the
Alt-AHA sample size is small, and the aggregate compar-
ison neglects risk scores and other eligibility factors like
veteran status and chronic homelessness. Additionally, data
quality for white clients is generally lower with Alt-AHA.
We will address these issues more rigorously in § 7.

Figure 8 shows service rates conditioned on AHA and VI-
SPDAT scores. We note that in the pre-AHA period, VI-
SPDAT scores are strongly correlated with the likelihood
of enrolling with a provider. In contrast, conditioned on the
retroactively calculated AHA risk scores, the service rates
appear uncorrelated with AHA scores. Post-deployment, we
observe that service rates aligned more closely with AHA
scores, with higher scores more likely to be served.

Furthermore, conditioned on VI-SPDAT scores, we ob-
serve no racial disparities in service rates during the pre-
deployment period. However, as mentioned previously, this
lack of association does not imply an absence of racial dis-
parity as VI-SPDAT tended to underestimate the risk of
Black clients. If we consider the proxy harms that AHA
measures, when CE workers assessed risks using VI-SPDAT
without access to AHA scores in the pre-deployment period,
white clients were served at higher rates than Black clients
among those whose AHA risk score was 9 or 10, as shown
in the first panel to the left in Figure 8. Post-deployment, the
introduction of AHA scores appears to have closed this dis-
parity for clients in the high-risk category. We will test this
hypothesis more rigorously in § 7.

When examining the third and fourth panels in Figure 8,
which depict service rates for AHA and Alt-AHA assess-
ments, respectively, we observe no significant gap in service
for assessments conducted via AHA. While there is a sig-
nificant overall difference between Black and white clients
assessed via Alt-AHA, it disappears when conditioned on
Alt-AHA scores—Ilikely due to small sample sizes.

Conclusions of Descriptive Analysis

Addressing RQ1, prior to AHA deployment, service rates
are highly associated with VI-SPDAT scores, and largely un-
correlated with AHA scores. However, post-AHA deploy-
ment, service rates begin to correlate strongly with AHA
scores, especially for clients assessed exclusively with AHA.

Addressing RQ2, both pre- and post-deployment, white
clients were served at a significantly higher rate than Black
clients. While there is no overall disparity in service rates
in clients assessed by AHA only, service rates for clients
assessed by Alt-AHA are higher for white clients than
Black clients. There is no racial disparity conditioned on
VI-SPDAT scores pre-AHA. Yet, retrospective AHA scor-
ing identify two key service rate disparities. (1) VI-SPDAT
tended to assign higher risk scores to white clients compared
to Black clients. By contrast, AHA scores are more com-
parable across groups. (2) Under VI-SPDAT, white clients
were served at significantly higher rates than Black clients
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clients are served at significantly higher rates.

at the same retrospective AHA risk scores, particularly in
the high-risk category. The deployment of AHA reduced the
service rate disparity among high-risk clients.

Finally, for RQ3, we find that post-AHA deployment,
white clients were more likely to be assessed via Alt-AHA,
their Alt-AHA scores were more likely to be higher than
their AHA scores compared to Black clients, and they were
more likely to be served. However, this may be due to differ-
ences in data quality, demographics, and eligibility criteria.

7 Quantitative Results

In this section, we further interrogate the findings from the
descriptive analysis using logistic regressions to control for
additional explanatory variables.

RQ1

Because we retrospectively (re-)calculated both pre- and
post-deployment AHA scores, we can examine whether the
switch from VI-SPDAT to AHA resulted in service deci-
sions becoming more closely aligned with AHA scores. Ta-
ble 2 shows the results of testing this hypothesis using Equa-
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tion (1). In the table columns we progressively control for
demographics and eligibility criteria, and time fixed effects.

Comparing the AHA Score coefficient across columns
(1) and (2), we see that once eligibility criteria are con-
trolled for, there is no statistically significant association be-
tween decisions and the AHA score pre-deployment. On the
other hand, the coefficient of AHA Score * Post iscon-
sistently statistically significant across columns, indicating
that service rates became significantly positively associated
AHA scores post-deployment. Across all columns, the coef-
ficients on Black consistently show that Black clients are
statistically significantly less likely to be served compared
to white clients.

RQ2

As discussed in § 6, when CE workers relied solely on VI-
SPDAT without access to AHA scores, they tended to serve
white clients at a higher rate within the AHA score range 9
and above. We further examine the change in service rate by
risk groups using the Equation 2 allowing for heterogeneous
treatment effect. We present the results in Table 3.
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(D 2 3
Post 2,017 22,0177 2247
(0.33) 0.42) (0.46)
AHA Score 0.05** -0.02 -0.01
(0.02) (0.02) (0.02)
AHA Score * Post  0.28%** 0.31*** 0.31%**
0.04) (0.04) (0.04)
Black -0.19** -0.15 -0.16*
0.07) (0.08) (0.08)
D & E Crit. v v
Quarter FE v
Yearly FE v
N 6,143 6,143 6,143
Pseudo. R? 0.03 0.28 0.28

Standard errors in parentheses
*p<0.05 " p<0.01," p < 0.001

Table 2: Service Rate by AHA Implementation

We find that that the  coefficients  of
High Risk % Post are consistently statistically
significant across the specifications, indicating that

high risk white clients are more likely to be served
post-AHA deployment compared to pre. The coef-
ficients of High Risk x Black x Post and
Medium Risk % Black % Post are not statisti-
cally significant for either specification that controls for
demographics and eligibility criteria. We therefore do not
have sufficient evidence to conclude that the change in
service rates post-deployment is different for Black clients
than for white clients for any of the risk strata.

RQ3
As for the use of Alt-AHA, across all models shown in Ta-
ble 4, higher posted scores and quality indicator scores are
consistently associated with a higher likelihood of receiving
services through Alt-AHA usage. Conversely, the use of Alt-
AHA alone does not significantly impact service likelihood.
When considering the effect of race and posted score (the
higher of Alt-AHA or AHA scores that is used for prioriti-
zation for this sub-population) in column (1) and (2) and (3)
on service rates, Black clients are significantly less likely
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to receive services through Alt-AHA compared to white
clients, even after adjusting for differences in data quality
(in (3)). Once demographic, eligibility and time fixed effects
are added to the regression, the race coefficient is no longer
statistically significant. However, this is more due to an in-
crease in the standard error of the coefficient estimate than
a clear decrease in the magnitude of the coefficient. The ev-
idence of higher service rates for white clients under Alt-
AHA is therefore borderline.

Conclusion of Quantitative Analysis

Our quantitative analysis confirms that post-AHA deploy-
ment, service decisions become more closely aligned with
AHA scores. Overall, we do not find evidence that the AHA
deployment significantly bridges the disparity in service
rates between Black and white clients. The post-deployment
change in service rates for medium and high risk Black
clients is similar to that observed for white clients. Lastly,
while there is borderline evidence that white clients are more
likely to be served when Alt-AHA is used, ultimately the
sample size underpinning that analysis is too small to draw
strong conclusions.

8 Limitations

Despite modeling AHA risk scores within actual decision-
making contexts, the complex journey from initial assess-
ment to final service enrollment requires us to make certain
assumptions in our interpretation.

First, it is essential to acknowledge the possibility that
the effects identified in our study are in part attributable to
changes during the COVID period related to housing policy
and client composition that influenced service allocations.
We discuss the effects of the stay-at-home order and other
COVID-era impacts in Appendix §A (Cheng et al. 2024).

In order to conclude that the effects we identified are at-
tributable to the deployment of AHA rather than other un-
measured factors, we need to assume that there are no “un-
observables” that both (i) changed at the same time as AHA
was deployed, and (ii) were relied upon by CE workers in
their service decisions. It could be problematic for our study
design if, for instance, some information gathered during the
assessment process but not reflected in the administrative
data influenced CE worker decisions. We were not able to



(€)) 2 (3)
Black 0.09 0.15 0.16
(0.16) (0.19) (0.19)
Post -0.63 -0.66  -0.83
(0.36) (0.46) (0.49)
AHA Score 0.12**  0.06 0.06
(0.04) (0.05) (0.05)
High Risk -0.22  -026  -0.25
(0.30)  (0.35) (0.35)
Medium Risk -0.16  -0.06  -0.05
0.22) (0.25) (0.25)
High Risk * Black -0.52*  -0.47 -0.51
0.21) (0.26) (0.26)
Medium Risk * Black -0.37 -0.42 -0.42
0.20) (0.24) (0.24)
High Risk * Post 1.12%*  1.41*  1.34**
(0.39) (0.46) (0.46)
Medium Risk * Post 0.54 0.72 0.65
(0.39) (0.46) (0.46)
Black * Post -046 054  -0.59
(0.54) (0.64) (0.64)
High Risk * Black * Post 0.87 0.85 0.93
(0.58) (0.69) (0.69)
Medium Risk * Black * Post ~ 0.60 0.62 0.65
(0.59) (0.69) (0.70)
D & E Crit. v v
Quarter FE v
Yearly FE v
N 6,143 6,143 6,143
Pseudo. R? 0.03 0.28 0.28

Standard errors in parentheses
*p<0.05 " p<0.01,™ p <0.001

Table 3: Service Rate by Race Risk Group, and AHA Imple-
mentation

identify alternative observational study designs that would
not be susceptible to potential unobserved confounding.

9 Discussion

We present the first evaluation of the impact of replacing
the VI-SPDAT with the Allegheny Housing Assessment on
housing service outcomes. Specifically, we examine how CE
decisions change post-deployment and the effects of those
changes on racial disparities in service rates. While earlier
studies of AHA considered the predictive performance and
group-fairness properties of the tool’s constituent models,
they relied on pre-deployment data and did not study the
tool’s influence on decisions.

We find that white clients were significantly more likely
than Black clients to receive high VI-SPDAT scores but were
approximately equally likely to receive high AHA scores.
However, later analyses do not enable us to conclude that
the shift to AHA-based prioritization significantly reduced
the racial disparities in service decisions present under the
VI-SPDAT policies. Pre-AHA, white clients were served at
higher rates than Black clients, both overall and conditional
on AHA score. We find that racial disparities largely per-
sisted post-AHA, particularly in the subset of clients as-
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€)) @ 3) “ 5
Black -0.79**  -0.61* -0.69* -0.57 -0.66
0.28)  (031) (032) (0.37)  (0.38)
Posted Score 0.48***  0.50***  0.50*** 0.54***
0.07)  (0.08)  (0.10) (0.12)
Use Alt AHA -0.08 -0.30 -0.45
0.40)  (0.52)  (0.53)
(0)| 1.04***  0.84* 0.77*
(0.28)  (0.36)  (0.36)
D & E Crit. v v
Quarter FE v
Yearly FE v
N 399 399 399 371 371
Pseudo. R? 0.02 0.18 0.21 0.41 0.42

Standard errors in parentheses

*p <0.05 " p<0.01," p < 0.001
QI = Quality Indicator.

disability != 1 predicts failure perfectly;
disability omitted and 28 obs not used.

Table 4: Alt-AHA Service Rate

sessed with Alt-AHA. Our analysis indicates that the persis-
tent disparities are at least in part attributable to differences
in data quality and eligibility criteria across groups.

This study has several policy implications for CoC
providers considering a switch from the VI-SPDAT to pre-
dictive models like the AHA tool or other survey-based
assessment tools such as the Alt-AHA. Our results show
that predictive models like AHA can reduce or altogether
eliminate differences in the prioritization score distributions.
This, however, does not guarantee that overall disparities in
service decisions will be reduced as a result. Whereas we
found no significant post-deployment disparity in service
rates among clients assessed with AHA, disparities among
clients assessed with Alt-AHA were at least as large as those
existing pre-deployment. This finding underscores difficul-
ties with anticipating the impact of a predictive risk model
deployment in settings where the model cannot be run due
to poor data quality in a substantial number of cases.

As discussed extensively in the literature review, there is
an important concern about whether administrative data can
accurately capture clients’ past and current needs (Kuo et al.
2023). Efforts to improve data accuracy and enhance cultural
competence among service providers are critical for address-
ing disparities effectively. Policymakers must consider the
strengths and weaknesses of risk assessments derived from
administrative data and predictive modeling. Effectively in-
tegrating Al with CE workers’ expertise could be pivotal in
reducing racial disparities in housing service provision.

Future research could examine how CE workers utilize
Alt-AHA or diverge from standard AHA procedures to sup-
port their clients. Such insights could clarify additional risks
identified during interviews and guide improvements in al-
gorithm iterations, enhancing decision-making in social ser-
vices.
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the terms of our data use agreement, ACDHS was provided
with the submission version of this manuscript and given
the opportunity to review and provide feedback. The data
use agreement does not enable ACDHS to block the pub-
lication. Through this review process we received helpful
feedback that helped improve the clarity of the manuscript,
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