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Abstract

Artificial intelligence researchers have proposed various data-
driven algorithms to improve the processes that match in-
dividuals experiencing homelessness to scarce housing re-
sources. It remains unclear whether and how these algorithms
are received or adopted by practitioners and what their corre-
sponding consequences are. Through semi-structured inter-
views with 13 policymakers in homeless services in Los An-
geles, we investigate whether such change-makers are open
to the idea of integrating AI into the housing resource match-
ing process, identifying where they see potential gains and
drawbacks from such a system in issues of efficiency, fair-
ness, and transparency. Our qualitative analysis indicates that,
even when aware of various complicating factors, policymak-
ers welcome the idea of an AI matching tool if thoughtfully
designed and used in tandem with human decision-makers.
Though there is no consensus as to the exact design of such
an AI system, insights from policymakers raise open ques-
tions and design considerations that can be enlightening for
future researchers and practitioners who aim to build respon-
sible algorithmic systems to support decision-making in low-
resource scenarios.

Extended version — https://arxiv.org/abs/2508.07129

Introduction
As of January 2024, over 75,312 persons are experiencing
unsheltered homelessness in Los Angeles (LA) (Los An-
geles Homeless Services Authority 2024a). However, only
22,266 permanent housing units exist in the housing system,
of which most are already occupied (Los Angeles Home-
less Services Authority 2024b). Los Angeles uses the Vul-
nerability Index – Service Prioritization Decision Assistance
Tool (VI-SPDAT), a 35-question self-reported survey about
an individual’s housing history; risks; socialization and daily
functioning; and wellness, as part of prioritizing individu-
als for these scarce housing resources (Orgcode 2014). The
VI-SPDAT measures an individual’s vulnerability, where, in
general, those who are more vulnerable (i.e., at higher risk
of ‘adverse outcomes’) are prioritized by human decision-
makers who match individuals to resources and services.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Though its use was well-intentioned, the VI-SPDAT has re-
ceived great scrutiny in recent years due to evidence of racial
bias within its administration and scoring results (Los An-
geles Homeless Services Authority 2018). Additionally, the
tool was never designed to match individuals to resources
(De Jong 2024), resulting in misalignment between the sys-
tem’s goals and its use.

Concurrently, with the recent explosion of generative ar-
tificial intelligence (AI) tools such as ChatGPT,1 the general
public is recognizing the power of AI in creating content,
making predictions, and aiding in decision-making (Fried
2024). For example, in the homelessness field, AI re-
searchers have created data-driven methods that prioritize or
allocate scarce resources to individuals experiencing home-
lessness, potentially accounting for fairness (e.g., less racial
bias) in the process (Azizi et al. 2018; Toros and Flam-
ing 2018; Kube, Das, and Fowler 2019; Rahmattalabi et al.
2022; Kube, Das, and Fowler 2023; Kumar and Yeoh 2023;
Tang et al. 2023). However, the public has also become more
aware of the harm caused by AI. Many negative perceptions
of AI, including its ability to reinforce bias and its lack of
transparency, persist within social services, creating a re-
luctance to adopt AI tools (Denton 2019; Eubanks 2019;
Reamer 2023). It remains to be seen whether AI tools that
attempt to address potential fairness and transparency risks
would be accepted within the homeless services community.

In this work, we aim to answer the following questions:
Are homeless services policymakers in Los Angeles open to
the use of AI-driven decision-support tools for matching in-
dividuals experiencing homelessness to housing resources?
What are the perceived benefits and harms of pursuing this
idea? What difficulties would lie ahead? To this end, we con-
duct semi-structured qualitative interviews with 13 policy-
makers who directly influence the prioritization policies in
the housing allocation system of LA to understand their per-
ceptions of utilizing AI tools within the matching system.

Using the AI allocation policies of Tang et al. (2023) as
a case study, we present potential efficiency, fairness, and
transparency features of such a system and receive feed-
back on these topics. We focus on this particular AI sys-
tem because of its use of causal inference techniques to
optimally assign individuals to resources to maximize the

1https://chatgpt.com/
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number of individuals that successfully exit homelessness,
subject to resource and fairness constraints. This aims to
achieve a balance between efficiency and fairness in this
highly constrained environment. Though it is not the only
AI method in the homelessness field that uses causal in-
ference (Kube, Das, and Fowler 2019; Rahmattalabi et al.
2022; Kube, Das, and Fowler 2023; Kumar and Yeoh 2023),
it offers a transparent and responsive allocation policy, opti-
mally assigning individuals whenever an individual or new
resource enters the system, while others solve at a less
granular and potentially delayed level, i.e., assigning re-
sources on a weekly (Kube, Das, and Fowler 2019, 2023)
or monthly (Kumar and Yeoh 2023) basis.

As interest in research that informs AI governance grows,
this work aims to guide how technologists can collaborate
with policymakers to design systems that address real-world
policy needs in the homeless services domain. Specifically,
we make the following contributions:
1. We reveal Los Angeles policymakers’ openness to using

AI tools to assist human decision-makers in the matching
process and identify additional AI applications they view
as beneficial for homeless services beyond matching.

2. We identify potential gaps between what AI matching
tools deliver and policymakers’ desired outcomes for
fairness, efficiency, and transparency, based on a case
study of a specific AI tool and interviews with policy-
makers in homeless services.

3. We additionally identify potential implementation road-
blocks for such systems.

The current study served as one of the very few that directly
engaged with policymakers to extract actionable insights,
complementing most prior work that studied perspectives
of frontline workers and individuals experiencing homeless-
ness (Kuo et al. 2023; Tang et al. 2024; Tracey and Garcia
2024a,b; Moon et al. 2025). We also present recommenda-
tions and insights for AI researchers interested in bringing
AI tools into these spaces.

Literature Review
Various works involving algorithmic decision-making (i.e.,
AI) use qualitative methods to elicit feedback and insights
on the design of such tools from relevant stakeholders.
In public services, these studies range from child welfare
(Chouldechova et al. 2018; Saxena et al. 2021; Staple-
ton et al. 2022; Saxena and Guha 2024) to job placement
(Møller, Shklovski, and Hildebrandt 2020; Flügge, Hilde-
brandt, and Møller 2021), to criminal justice (Brayne and
Christin 2021), to refugee replacement (Ahani et al. 2021).
For example, Lee et al. (2019) develops a matching algo-
rithm with a nonprofit that provides on-demand donation
transportation through the use of volunteers, exploring the
equity-efficiency tradeoff of such an algorithm. Both Kuo
et al. (2023) and Stapleton et al. (2022) use co-design ac-
tivities to incorporate relevant stakeholders preferences and
feedback into algorithmic processes in homeless services
and child welfare, respectively.

In recent years, AI researchers have studied how to inte-
grate AI tools into the delivery of homeless services. Toros

and Flaming (2018) develop a predictive algorithm to tar-
get and prioritize unhoused individuals who are predicted to
have high future costs for public services. The authors argue
that by prioritizing these high cost individuals for the most
supportive services, then the incurred savings can be allo-
cated to low cost individuals. Both Kube, Das, and Fowler
(2019) and Tang et al. (2023) use causal inference tech-
niques on observational data to design a resource allocation
system for individuals experiencing homelessness. Kube,
Das, and Fowler (2019) focuses on allocating resources to
reduce the number of families who repeatedly enter home-
lessness while Tang et al. (2023) assigns clients to queues
for resources to maximize the number of individuals that exit
homelessness subject to potential fairness constraints. Tak-
ing the perspective of how to design prioritization policies
subject to stakeholder preferences, Vayanos et al. (2020) de-
signs a robust online preference elicitation algorithm and ap-
plies it to the setting of learning policymakers’ preferences
for potential trade-offs in efficiency and fairness metrics of
housing allocation policies.

Some have specifically studied algorithmic fairness with
applications to homeless services. Mashiat et al. (2022)
examines fairness trade-offs in scarce resource allocation
applied to administrative records from homeless services
while Akpinar, Lipton, and Chouldechova (2024) studies the
fairness of public sector decision-making algorithms using
under-reported administrative data. Watson-Daniels et al.
(2023) studies fairness inspired by scoring rules used to pri-
oritize individuals experiencing homelessness for housing
resources in Allegheny County (See Showkat et al. (2023);
Moon and Guha (2024) for more complete surveys of AI in
homeless services applications.)

The works listed above study methodological approaches
of how to “best” or “fairly” use data to prioritize or allocate
resources to individuals experiencing homelessness and do
not interface with those using or affected by the proposed AI
tools. Thus, Human-Computer Interaction (HCI) researchers
have begun to engage directly with the community in how its
members interact with data and AI tools in homeless ser-
vices (Karusala et al. 2019; Kuo et al. 2023; Tang et al.
2024; Tracey and Garcia 2024a,b; Moon et al. 2025). For
example, Kuo et al. (2023) engages with service providers
and unhoused individuals about an already deployed data-
driven prioritization tool that uses government administra-
tive records instead of the typical, self-reported information
from clients about their current housing situation. Tang et al.
(2024) conducts workshops with service providers and un-
housed individuals about “AI Failure Cards,” a way for the
community to understand and provide feedback on the fail-
ures of a deployed AI housing allocation algorithm.

Our work differs from these listed above in that we en-
gage with policymakers, not frontline workers, in the discus-
sion of the design of an AI allocation tool in the homeless
services field. Because policymakers are more accustomed
to “systems level” thinking, they are uniquely positioned to
comment on topics such as the challenges of implement-
ing AI across their organizations and the homeless services
ecosystem. By using an AI resource allocation model case
study to ground our discussion, policymakers are able to pro-
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vide feedback that can be addressed or pursued head-on as
opposed to post-deployment, if such a system were built.

The Los Angeles Housing System
We now provide the necessary background of the LA hous-
ing resource allocation system.

Vulnerability Assessment
As a requirement from the United States Housing and Ur-
ban Development (HUD), the Los Angeles Housing Ser-
vices Authority (LAHSA) has developed policy to prioritize
and match individuals experiencing homelessness (clients)
to available resources by their level of vulnerability (U.S.
Department of Housing and Urban Development 2017). To
assess vulnerability, many housing service providers in LA
will ask individuals to take the VI-SPDAT. From the client’s
answers to the VI-SPDAT, they receive points that gauge
their risk in a score of 0 to 17, where 0 is the lowest level
of vulnerability and 17 is the highest level of vulnerability.
In general, the survey is administered to a client at locations
that help to connect them to housing services, such as shel-
ters or through street outreach.

Historically, clients’ VI-SPDAT scores were used to cre-
ate an ordered priority queue to receive scarce housing re-
sources. For example, a score between 8-17 would prioritize
an individual by score for Permanent Supportive Housing
(PSH) (e.g., affordable housing, case management services).
In recent years, however, the community and researchers in
homeless services have identified numerous issues in using
the VI-SPDAT this way. This includes a racial bias in which
White clients tended to score higher than non-White clients
and findings that the VI-SPDAT does not accurately cap-
ture an individual’s true level of vulnerability (Los Angeles
Homeless Services Authority 2024c). Because of these com-
plicating factors and a desire to prioritize individuals that are
truly the most vulnerable, in more recent years, LAHSA’s
prioritization policy uses the VI-SPDAT score as an eligibil-
ity factor instead of an ordered priority and a revised version
of the VI-SPDAT that more accurately assesses vulnerabil-
ity (Rice et al. 2023).

A client’s VI-SPDAT answers and score, with other in-
formation such as their demographics and location, are
recorded within the Home Management Information System
(HMIS), an online database for collecting and accessing data
on homelessness and housing resources. The HMIS database
also records any resource that an individual is matched or
connected with and attempts to track client outcomes.

Matching Clients to Housing Resources
LA is divided into eight geographic regions called Service
Planning Areas (SPAs). Each SPA is responsible for servic-
ing its clients with its designated housing resources. His-
torically, each SPA had a small number of matchers who
matched clients to available housing resources on an individ-
ual basis, taking into account their VI-SPDAT score, infor-
mation from their case worker, and eligibility requirements
of the housing resource. For example, some PSH units are

only available for veterans or those with an HIV/AIDS diag-
nosis, as set by the unit’s particular funding source.

As of July 2024, LAHSA has assumed a centralized re-
sponsibility for matching clients to PSH instead of the SPA
matchers to streamline and increase visibility of the pro-
cess (Los Angeles Homeless Services Authority 2024d). For
the purposes of this work, considering an AI matching tool
is still relevant and can most likely adapt to such a change.

Known Critiques of the Current System
Efficiency The VI-SPDAT was not intended for matching,
something its creators have repeatedly noted, though vari-
ous communities across the United States have adopted it as
such (De Jong 2024). Though LAHSA changed the way it is
used within the matching process, as described in the previ-
ous section, the matching policy is not well-aligned in terms
of improving potentially desired outcomes of the system.
For example, if the goal of the policy is to get the most vul-
nerable individuals off the street, the VI-SPDAT is a flawed
proxy to measure client vulnerability (Los Angeles Home-
less Services Authority 2024c) or risk of return to homeless
services (Brown et al. 2018), though there have been efforts
to address its shortcomings (Rice et al. 2023).

Fairness Stakeholders at LAHSA and in homeless ser-
vices at large are interested in promoting equity through
homeless services. This is evident through LAHSA’s
changes to the administration and use of the VI-SPDAT in
response to the evidence of racial bias in the tool. In addition
to these changes, to further investigate the challenges and
obstacles of marginalized demographics of clients, LAHSA
assembled an Ad Hoc Committee on Women and Home-
lessness and the Ad Hoc Committee on Black People Ex-
periencing Homelessness (Los Angeles Homeless Services
Authority 2017, 2018). The latter committee determined
that though Black clients receive PSH at equal or higher
rates compared to other racial groups, Black clients re-
turn to homelessness at much higher rates. They also found
that Black clients are disproportionately represented in the
homeless population in LA.

Transparency The housing system is a vast and compli-
cated system (see Results), especially as policies, require-
ments, and responsibilities have shifted in recent years. As
we will discuss, it is unclear whether clients accurately un-
derstand how the matching process works and the factors
that facilitate their matching. Additionally, some of these
processes and information are purposely withheld from
clients to protect them, manage their expectations, or pre-
vent them from “gaming” the system.

Methodology
We now describe the methodology of our qualitative inter-
views and analysis. Our study draws inspiration from vari-
ous works that engage with stakeholders to gain insight into
the use and perceptions of AI tools in various domains such
as homelessness (Kuo et al. 2023; Tang et al. 2024), food
donation transportation (Lee et al. 2019), and child wel-
fare (Stapleton et al. 2022). Our interviews have policymak-
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ers elaborate on the shortcomings of the historical and cur-
rent matching policies in regards to efficiency, fairness, and
transparency. We then discuss a specific AI matching policy
as a case study to inform discussions of how AI could be
used for matching. Finally, policymakers express their atti-
tudes and concerns about using AI in such applications.

Recruitment & Demographics of Interviewees
We recruit 13 participants through a contact at LAHSA.
These participants consist of policymakers in homeless ser-
vices who either directly advise LAHSA or are representa-
tives from leading service providers in particular SPAs. The
group includes individuals with lived homelessness experi-
ence and employees of various homeless services providers,
non-profits, and government agencies in LA, forming a di-
verse group of stakeholders in functions, experiences, and
geography. These participants directly influence LAHSA’s
policies and procedures, including its prioritization poli-
cies for matching individuals experiencing homelessness to
housing resources.

Though small in relative size, these policymakers come
from a highly specialized and influential group in home-
less services who affect key policy decisions in LA. They
have the political agency to either discourage or catalyze the
adoption of AI matching tools at the system level. Thus, it is
critical to gauge their openness and hesitations to such ideas.

To protect the confidentiality of participants, we present
their aggregate demographic statistics in Table 1. If their af-
filiating organization allowed such a payment, participants
received a $100 Amazon gift card for their participation. Our
Institutional Review Board (IRB) reviewed and approved the
study’s protocols and materials.

Protocol
One of the researchers, who is an expert in AI and match-
ing systems, conducted 60-75 minute semi-structured inter-
views with participants over Zoom. We first asked about
their previous experiences with and exposure to any AI in ei-
ther their personal or professional lives (e.g., ChatGPT, rec-
ommendation services such as Netflix, or voice-assistants).
We then asked whether they had previously considered us-
ing AI on HMIS data to assist in making matching decisions.
We additionally asked about the shortcomings of the current
matching system regarding its efficiency, fairness, and trans-
parency.

To discuss the potential benefits and drawbacks of using
AI for matching more concretely, we presented the results
and properties of the AI matching policies of Tang et al.
(2023), trained on historical LA HMIS data, to the policy-
makers as a case study. The AI policies use causal inference
techniques to assign clients to queues for a type of housing
resource to maximize the expected number of individuals
that successfully exit homelessness under the resource (or
no resource) received (see the work itself for technical de-
tails). These queues include a “services only” queue (e.g., a
day shelter or childcare services), a “rapid rehousing” queue
(e.g., short term rental assistance), or a “PSH” queue. This
assignment accounts for a limited budget or availability of
each resource type and potential fairness constraints.

We describe the transparency features of the AI policy to
the policymakers in the following sense: the queues act in
a “first come, first served” fashion where once a client en-
ters the system (e.g., takes the VI-SPDAT), the AI policies
use the client’s HMIS information to assign them to a re-
source queue. When an available resource arrives in the sys-
tem (e.g., a new PSH unit), it is presented to the first client
in that respective resource line (e.g., the PSH queue). Clients
that “look the same” in the data will be placed into the same
queue, receiving the same type of resource or support. Be-
cause clients are in a queue, they or their case manager can
know the client’s place in line. Additionally, if the arrival
rate of resources can be estimated (e.g., through expected
construction timelines for PSH), clients or case managers
can be provided with estimated wait times.

We additionally showed policymakers the potential gains
in fairness (equity) by implementing these AI matching poli-
cies compared to the “status quo,” or historical matching
policy. We focused on the following two metrics: 1) “allo-
cation parity,” or ensuring that the rates that individuals re-
ceive housing resources are equal across protected groups
and 2) “outcome parity,” or ensuring that the rates that indi-
viduals successfully exit homelessness are equal across pro-
tected groups. Particularly, we focus on race as the protected
group for both metrics and the allocation rates of PSH as the
resource in allocation parity. Previous work has shown that
it is very unlikely for an allocation policy to achieve both
allocation parity and outcome parity (Jo et al. 2023), so we
present results of two AI allocation policies to the policy-
makers, where one enforces allocation parity and the other
enforces outcome parity (see Figure 1).

We stress that our intent is not to see if the policymakers
want to adopt the method of Tang et al. (2023), but to use it
as a concrete example of an AI matching policy to seek feed-
back on the properties of such a system. We did not focus on
explaining the technical details of how the AI policies create
the matching (i.e., causal inference and its assumptions), but
instead focus more on what the AI policies could achieve in
terms of it efficiency, equity, and transparency features. Fi-
nally, we asked for the policymakers’ receptiveness and hes-
itations on adopting and implementing AI polices within the
matching system in general. Our detailed interview protocol
can be found in the Appendix of the extended version.

Qualitative Analysis
The audio transcripts from the interviews amounted to 14
hours of qualitative data. To analyze these, we used a hy-
brid of inductive and deductive thematic analysis and used
the qualitative data analysis software ATLAS.ti.2 Two of the
researchers, an expert in AI and an expert in Social Work,
separately coded a subset of the transcripts using open cod-
ing. They then met to discuss and resolve differences in their
interpretations of the data, considering their differing exper-
tise and perspectives across disciplines, and formed a set of
initial codes and codebook (Padgett 2008). They then coded
another subset of transcripts and continued this process until
they reached consensus after three total rounds of collabo-

2https://web.atlasti.com/
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Demographic Frequency (%)

Advisory role representative 77
Lead service provider representative 23

Male 23
Female 69
Non-binary 8

20-29 years of age 8
30-39 years of age 38
40-49 years of age 31
50+ years of age 23

Demographic Frequency (%)

1-4 years professional experience 8
5-9 years professional experience 23
10-14 years professional experience 38
15+ years professional experience 31

White 46
Black/African American 23
Hispanic/Latino 31

Experience as matcher or case worker 31

Lived homelessness experience 15

Table 1: Aggregate Demographics of Participants (n = 13)

rative discussion and coding. The AI researcher then inde-
pendently coded the remaining transcripts using the agreed
upon codebook. Then the whole team met to give feedback
on the codes and structure the themes for our thematic anal-
ysis. The finalized set of codes is listed in the Appendix of
the extended version. They include those that arose directly
from the interview questions, e.g., “Perceptions of AI,” or
how participants felt about integrating AI into the matching
system, while others emerged organically from the discus-
sions with the participants, e.g., “Other AI Solutions,” or ar-
eas beyond matching that policymakers envisioned that AI
could assist with.

Study Site
We recognize that this study focuses on policymakers in LA
and LA’s specific housing resource matching process for in-
dividuals experiencing homelessness, which may not always
generalize elsewhere. For example, not every community
operates with a comparable SPA system. However, we be-
lieve this study contains insights that are applicable beyond
LA. For example, as of 2024, many communities still use
the VI-SPDAT in the process of prioritizing and/or match-
ing clients including Santa Clara County, California (The
County of Santa Clara 2024) and parts of Canada (City of
Hamilton 2024; Homeless Individuals and Families Infor-
mation System 2024). The issues discussed in our results
such as messy data (Kube, Das, and Fowler 2023; Kuo et al.
2023; Moon and Guha 2024; Moon et al. 2025), bias from
human decision-making (Chouldechova et al. 2018; Den-
ton 2019; Moon and Guha 2024; Moon et al. 2025), and
high turnover rates in the workforce (Moses 2023; KPMG
2024) permeate across homeless services communities be-
yond LA. In fact, various other domains encounter these is-
sues when implementing data-driven tools including polic-
ing and criminal courts (Brayne and Christin 2021); dona-
tion transportation services (Lee et al. 2019); refugee re-
settlement (Ahani et al. 2021); and job placement (Møller,
Shklovski, and Hildebrandt 2020).

Results
We stress that these participants are experts in homeless ser-
vices, not in AI, and do not necessarily come from technical

backgrounds. If participants had a question about the capa-
bilities of AI, the AI expert interviewer would answer to the
best of their ability. Misconceptions of AI by the participants
were not necessarily corrected.

We now present the specific findings from our analysis. In
the following, we 1) assess the pre- and post-interview sen-
timents of participants concerning AI. We then 2) identify
potential gaps between the AI matching model case study of
Tang et al. (2023) and the real matching process as revealed
by the policymakers. In other words, what remains to cre-
ate a real AI matching system and are these requirements
feasible? We then 3) discuss the limitations policymakers
discussed with respect to the available data that may be used
by AI. Finally, we 4) synthesize policymakers’ openness and
hesitations to using AI in homeless services both in general
and with respect to the AI matching case study.

Pre- and Post-Interview Results
In Table 2, we show participants’ current level of exposure to
and sentiments of AI, both in general and in terms of match-
ing individuals experiencing homelessness to scarce housing
resources. Ten participants currently use AI in their daily
life. Six, or less than half, of the participants had previously
thought about how AI can be used to match individuals to
scarce housing resources. Ten participants had mixed senti-
ments about using AI for matching before the interview. All
participants either had the same or a more positive percep-
tion of AI after the interview, where four participants had a
more positive perception. Only one participant had a nega-
tive view in both the pre-interview and post-interview.

Reconciling an AI Matching Model with the
Complex Reality of Matching
The housing system in LA is complicated and political, as
revealed below. Policymakers discussed logistical complex-
ities within matching that are not reflected or accounted for
within the AI matching case study. These include both ex-
ternal factors that are outside of the control of clients, case
workers, and matchers; and internal complexities that must
be addressed for an AI matching tool to create valid and ef-
fective matches. In fact, various policymakers envisioned a
different or supplementary AI tool that can assist in some of
these complex processes.
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Historical Policy 
Optimal, 

Outcome Parity
Optimal, 

Allocation Parity

Figure 1: Fairness results of the historical allocation (“Historical Policy”) and the AI allocation policies trained to maximize the
number of clients successfully exiting homelessness, showing the proportion of clients exiting homelessness and receiving PSH
by race. The “Optimal, Outcome Parity” AI model ensures outcome parity across race while the “Optimal, Allocation Parity”
AI model ensures allocation parity across race for PSH. The black line shows the proportion of clients exiting homelessness
(resp. receiving PSH) over the entire client population. Both AI policies achieve a 2% or 300 client increase in exits from
homelessness. Adapted from Tang et al. (2023).

Requirements for matching Policymakers mentioned
many factors when housing a client, ranging from eligibility
for PSH units, to whether clients have a social security card.
A client also needs responsiveness from their case worker to
make the match, which “is hard because points of contact
change pretty frequently” (P6). In terms of eligibility factors
for resources, these can vary greatly due to the funder of the
resource, ranging from age criteria for a senior complex or
for Transition Age Youth (TAY), aged 18 to 24 years old; a
mental health condition; or a requirement of chronic home-
lessness and enrollment in a specific program such as Time-
Limited Subsidies (TLS) (P10). In terms of incorporating
these factors into an AI model to create valid matches, P6
doubted that all of this data exists to facilitate such a tool:

“In theory, [the] data system has all of the different
beds, the current data availability, the different eligi-
bility criteria [...] all of that information that you need
about that person. And so you can plug everything
in, and it will pop out ‘This is the [housing] voucher
that’s available. This is the person.’ But I don’t think
we have all of that information on the system side.”
(P6)

Multiple policymakers envisioned a supplementary AI
tool to help caseworkers determine what resources their
client is eligible for based on the resource’s criteria and the
characteristics of their client (P0, P6, P7, P11). P11 noted it

would be helpful to use AI to find the “most amount of PSH
resources” available that a client is eligible for. P0 described
a system in which AI could notify case workers of missing,
required forms. With this flag, case workers could kickstart
the process of gathering the appropriate information.

No two resources nor clients are the same Many poli-
cymakers brought up idiosyncrasies of clients or resources
that are not reflected in the AI matching case study of Tang
et al. (2023), which may be relevant for making matches.
For example, P1 noted that in the HMIS, the exact disability
and exact chronic health issues of clients are not necessarily
recorded. However, these details may be relevant in regards
to the level of services needed by that client:

“Maybe [a client’s] disability is he doesn’t have one
leg, but he has a prosthetic, and his health issue
might be asthma, [and he has] an inhaler ... [An-
other client’s] disability could be schizophrenia and
his chronic health issue might be COPD [Chronic Ob-
structive Pulmonary Disease], which is very different
than asthma.” (P1)

Currently, though this information may not be in the HMIS,
case workers may be aware and make decisions accordingly.

Additionally, at an idiosyncratic level, not every client
is at the same stage in their housing journey or needs the
same type of support. Sometimes clients “are not necessar-
ily ready to be housed. Sometimes they need to go into in-
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Participant Curr. use
AI?* (Q6)

Sentiment of prev.
discussions of AI* (Q6)

Prev. considered
AI?† (Q7)

Sentiment of AI†

pre-interview (Q8)
Sentiment of AI†

post-interview (Q20)

P0 Yes Mix Yes Mix+ Mix+
P1 No Mix- No Positive Positive
P2 Yes Mix Yes Mix+ Mix+
P3 Yes Mix No Mix+ Mix+
P4 Yes Mix No Mix Positive
P5 No Mix Yes Negative Negative
P6 Yes Mix Yes Mix Mix
P7 Yes Mix No Mix+ Positive
P8 Yes Mix Yes Mix Mix+
P9 Yes Mix No Mix Mix
P10 No Positive No Mix Positive
P11 Yes Mix Yes Mix Mix+
P12 Yes Negative No Positive Positive

Table 2: Participants’ previous experience with and perception of AI (n = 13). “+” (resp. “-”) denotes the participant indi-
cated “leaning” towards a positive (resp. negative) sentiment when describing mixed feelings. See Appendix of the extended
version for corresponding protocol question. *AI in general. †AI for matching scarce resources to individuals experiencing
homelessness.

terim housing ... [to] get a little structure in their lives. And
then move on to living in a unit” (P5). P1 described how if
a client has spent a long time in jail, then “a congregate set-
ting shelter is not appropriate. It’s re-traumatizing because
it reminds them of jail.” Another example is when housing
a client who is a TAY: “A 19 year old is not supposed to
be housed in the same place from that time until they die.
They move around” (P1). Thus, some housing options are
not right for every client based on their experiences. Closely
related to this is incorporating client preference or choice of
resources, since clients ultimately need to accept or decline
any resource offered (P0, P1, P6, P8). P8 mentioned that
their organization has considered how an AI tool can match
resources with respect to client preferences.

The case study treats each type of resource as functionally
the same, though P6 noted “PSH is not equal across the sys-
tem.” For example, older units may be in “not as nice of an
area that’s not as well resourced” (P6). For TLS, some sub-
sidies are only available for a certain period of time, while
others can stay with the client for an extended period (P0).
P8 described differences in resources in terms of the barri-
ers clients may encounter: “certain resources themselves are
harder to use between White people and people of color.”

External forces Policymakers discussed various political
factors that restrict the decision-making processes of the
housing system. For example, the geographic boundaries of
each SPA is determined by the LA County Department of
Public Health. Within each SPA, there is a limited number
of resources that their respective clients can access, where
some SPAs do not build housing at all (P1). Thus, depend-
ing on a client’s location, it can greatly limit their resource
access. From a different political aspect, many policymak-
ers mentioned that undocumented individuals cannot receive
PSH, limiting their access as well (P3, P4, P6, P7, P11).

Politicians can also have direct influence over housing

decisions, not just through legislation, but at the individual
client level (P1, P3):

“If a politician calls you and says this has to happen,
we have to do it. [...] It doesn’t matter who [the client]
and what their [VI-SPDAT] score is. We had to move
forward with what they were wanting us to do.” (P1)

Data Issues: What Would AI Be Learning?
The interviews with policymakers confirmed our under-
standing of the fidelity and lack of trust in relevant data. Pol-
icymakers voiced many concerns about the quality of hous-
ing data due to a myriad of issues, including human error
and a lack of standardized data practices across or within
agencies. This lack of trust threatens the efficacy of any fu-
ture AI system that would require training on historical data,
whether it be used for matching or other applications.

Messy and biased data Many policymakers voiced a lack
of trust in the recorded HMIS data (P0, P1, P2, P6, P8).
Explicit descriptions of the data included “horrible” (P0),
“messy” (P2), “really crappy” (P6), “not reflective of what
we’re seeing” (P7), and “inaccurate a lot of times” (P11).
Reasons for these characterizations included human error
such as case managers not submitting or updating notes or
not updating clients’ information within the HMIS (P3, P4).

“Do we have total faith that all the data on an indi-
vidual is accurate? If I were to build an AI model that
would say who is the best match for it [PSH], you
have to have some level of trust that whatever data
gets fed into the AI learning model is good data. And
I worry about that a little bit.” (P2)

Policymakers mentioned a lack of follow-up in client out-
comes after allocating them a resource, details vital to build-
ing confidence in an AI matching system that utilizes ma-
chine learning assisted causal inference techniques (P6, P8):
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“We’ll connect someone somewhere and then we’ll
say ‘Check! Housed.’ But there’s not a lot of data that
says ‘Was this good?’ Even though we know that there
are people who transition from one housing place to
another housing place because they need to level up
or down. I don’t know that that is tracked at all.” (P6)

There is worry that any AI system, whether used for hous-
ing decisions or other applications, would perpetuate biased
data, as many policymakers directly referenced the evidence
of racial bias in the VI-SPDAT (P1, P2, P5, P6, P9, P11):

“AI is only as smart as the data [...] so I think there’s
the potential for it [AI] to recreate a lot of challenges,
[...] a lot of potentially ingrained racist policies of the
past.” (P6)

Beyond the VI-SPDAT, P0 mentioned existing racial biases
in who receives services through street outreach programs,
where Hispanic individuals receive services at lower rates
than they are experiencing homelessness: “A lot of times we
want to focus on the matching and the housing aspect of
it, but that is only informed by who housing navigation is
actually delivering services to.” Thus, there exists a racial
bias in who is (or is not) even represented within the data.

Policymakers noted bias due to human elements of hous-
ing. For example, newer case managers may lack training in
recording data or administering the VI-SPDAT (P1, P3, P8).
Or perhaps a client “gets lucky” with a better case worker
(P2, P11). Various policymakers noted a bias since data (e.g.,
the VI-SPAT, case notes, etc.) is collected through a “human-
interaction” process and can be subjective or misinterpreted
(P2, P3, P8, P11). There is also doubt that the recorded
VI-SPDAT answers are accurate. Clients may know that a
higher score leads to housing, and case managers want to
get their clients housed, leading to potentially “fluffed up”
answers (P4) and inflated VI-SPDAT scores (P4, P6, P12).

Lack of data practices Policymakers mentioned a culture
that does not require or encourage standardized data prac-
tices (P1, P4). In particular, P1 noted that this is highly vari-
able from agency to agency. Thus, if an AI matching system
were introduced, this could lead to even more bias due to
disparities in data quality:

“Some of the agencies that don’t look at HMIS as a
positive thing, their participants would lose out. Be-
cause we have small agencies, big agencies, grass-
roots [...] and it would have to be this universal agree-
ment that this [data quality] is the priority, because
we’re going to be getting these [prioritization] lists
[...] And so if you didn’t do it right, your people might
miss out.” (P1)

P1 noted the lack of attention to data may be a result of
social work culture, as “social workers aren’t great at math
[...] so when you’re asking ‘people people’ that only want
to interface with people, data falls to the bottom.” However,
they noted that their particular agency has had a stronger
push toward data practices within the past few years.

AI Tools to Improve Data Processes Beyond AI for
matching, policymakers envisioned various other AI appli-
cations that could assist in the data challenges (P6, P7, P8,

P12). For example, P7 mentioned that their organization is
using AI to “make data more accessible for providers.” P12,
in discussing that answers to the VI-SPDAT may not always
be truthful, suggested a way of using AI to populate certain
information based on verifiable data.

“I honestly don’t have full understanding of how
LAHSA manages their data right now, but it doesn’t
feel nimble [which] makes it difficult to make deci-
sions and to gauge whether equitable outcomes exist
[...] So any way that AI could help, even if not with
the decision-making part of it, but the way that we are
able to work with data [...] I think that that could be
really huge.” (P8)

Perceptions of AI: the Good, the Bad, and the
Unsure
In general, with the discussion of the case study of Tang et al.
(2023), policymakers were excited about the possibilities of
incorporating AI tools in the matching process to improve
efficiency and remove human bias. They also voiced con-
cern and doubt in how AI could address or be integrated into
various aspects of the housing system. As to the specifics
of the case study, policymakers valued the proposed equity
gains but did not arrive at a clear consensus as to the mer-
its and practicality of the proposed transparency aspects. We
first discuss policymakers’ thoughts related to incorporating
any AI tool into the matching system and then their thoughts
on the specifics of the Tang et al. (2023) case study.

Benefits of Using AI for Matching Policymakers viewed
AI as a tool that could reduce the amount of tedious
work often required of overburdened caseworkers with high
turnover rates (P0, P3, P4, P6, P9, P10, P11):

“I honestly think that [AI] can maybe help improve the
epidemic that we’re having right now [...] It can help
[matchers] be less stressed out and actually value
what they’re doing [...] From what I see is they’re
overworked or overtired, and to have a tool that can
help them do what they need to do would be very ben-
eficial.” (P9)

P12 noted the potential benefit of efficiency, where “[with
AI] it takes [fewer] people to figure out things, which is
maybe replacing jobs. But maybe [these are] jobs that are
hard to fill and people aren’t staying in [...] It could poten-
tially help the system move things faster.” In general, many
policymakers thought AI could help those in homeless ser-
vices be more “efficient” or to make parts of the housing
process “simpler” (P0, P2, P3, P6, P7, P8, P10, P11, P12).

Policymakers voiced that they were hopeful AI could re-
duce some human bias in the matching process. Though they
recognized that humans add bias in various ways, they still
want humans involved, likening AI to an extra resource to
consider as part of the matching process (P0, P1, P2, P3,
P4, P6, P7, P9, P11, P12). As P11 noted, “because the work
we’re doing is human service work [...] I would hate to see
it completely gone, the human aspects to the mix.”

Risks of using AI for matching Policymakers had var-
ious doubts that AI could replace all parts of the housing
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process, even though this is not necessarily the intent. For
example, P1 noted that sometimes a particular SPA will not
have enough PSH units: “You have to go and beg other SPAs,
‘Can we please get some units?’ And that again is one of
those things that AI can’t [do].” P5 strongly opposed the
use of AI for matching clients, noting “I just can’t see a
computer doing something that is supposed to be a human
connection. And it’s gonna sever that.”

There was a worry of becoming reliant on any AI system,
noting that a tool is only effective if it is actually embraced
by the end users. Thus, it is important to consider the larger
decision-making environment (P6, P9):

“People tend to follow them [guidelines] because they
think they don’t know all the history. And so, you
might find that it’s a suggestion or a preference that
becomes a rule [...] So I think that’s one of the dan-
gers ... [Case managers are] making these judgments
in a very short window of time with a lot of stress. So
it’s also the culture of who’s utilizing the output that
can also complicate.” (P6)

Divergent views on equity In general, policymakers ap-
preciated the potential equity gains under the system of Tang
et al. (2023) as shown in Figure 1 (P2, P3, P4, P10, P12).
They did not agree as to whether the AI system should focus
on outcome parity or allocation parity as the preferred met-
ric. For example, P0 noted that historical biases in the data
could skew the outcome parity model: “What if historically
we’ve just given resources to White and Black folks, and not
Latin folks or Asian folks? So then they get the short end
of the stick because ... [AI is] building off of whatever hap-
pened historically.” Instead, they “felt better” about the al-
location parity model (P0). Meanwhile, when discussing the
allocation parity model, P7 stated “not every person needs
permanent supportive housing [...] I think that when we cre-
ate AI, [AI developers] have to be able to understand [that].”

Challenges of operationalizing transparency Policy-
makers did not agree, even within themselves, as to whether
they saw the transparency aspects of the AI matching system
of Tang et al. (2023) as an improvement over the current sys-
tem. Even if they did appreciate such aspects, they grappled
with how the proposed system might operationalize in prac-
tice (P1, P2, P3, P6, P8, P11, P12). For example, P1 noted “I
would love it if we could say, ‘Look, you’re this place in line,
and it’s estimated this time.’ I just don’t understand how we
can do that in our system, the way it’s built right now.” P12
shared similar mixed sentiments, but recognized the needs
of clients versus their own sentiments:

“I’m not certain how I feel about it [clients knowing
their place in line]. However, if I were homeless, then
I would want to know when might I have a housing
resource? I can see why people would want to know
that. But I also think it’s somewhat dangerous because
there are so many factors [...] The system is very com-
plex.” (P12).

Stakeholders compared the proposed queue model for
housing resources to settings that utilize physical queues
such as a “deli” (P2) or a “supermarket” (P6). They noted

however, these models may not translate well to the housing
setting. For example, P2 stated that one can get an estimated
wait time for an order at the deli but in housing “you’re talk-
ing about something that’s much higher stakes than a sand-
wich.” P6 additionally pointed out that it is easier to imple-
ment queues where there is a physical line instead of in the
housing system where clients are in line “on paper.”

Policymakers noted concerns in providing particular in-
formation, such as estimated wait times, to clients directly,
as opposed to their case worker. For example, if the housing
timeline does not pan out, for whatever reason, this leads to
disappointing clients and “breaking their trust” (P0). How-
ever, we note that sharing this information with clients is
contentious within the current housing system (P0, P1, P2,
P6, P10). As P6 explained, clients will “be less likely to want
to engage with the government if [they] knew that it would
take [them] 10 years to get anything.” Similarly, P10 voiced
that if estimated wait times are shared with clients, they may
become less likely to fully engage in their own housing sta-
bilization efforts. For example, they may not feel compelled
to continue meeting with their mental health worker since
they are “gonna be next [for housing] really soon” (P10).

Discussion
Our study engaged with policymakers in homeless services
in LA, discussing the current challenges of the matching
process and their openness and hesitations to using AI to as-
sist in this process. Using the AI matching tool of Tang et al.
(2023) as a case study, we presented potential efficiency,
equity, and transparency features that could be achieved
through an AI matching system, gaining feedback on any
value policymakers saw in these. We also discussed poten-
tial worries about using AI within the matching process. We
now discuss the implications of these findings.

Adopting AI Tools in Homeless Services
Our findings show that even with the awareness of data is-
sues and potential risks to using AI, policymakers are will-
ing to engage with and explore AI tools that are thought-
fully designed and implemented to improve the matching
process for both service providers (matchers and case work-
ers) and clients. As seen in Table 2, by the end of the in-
terview, all but one policymaker recognized that AI could
provide some positive change in the matching process. This
sentiment holds even if all the implementation details are
not finalized, as seen within our case study, demonstrating
an openness to explore the idea in general.

Though the interview questions were mainly designed to
discuss AI within the matching process and the case study
of Tang et al. (2023), policymakers offered insights into dif-
ferent applications within or beyond matching where they
envisioned AI assisting in homeless services. This provides
multiple avenues of exploration for collaboration between
AI researchers, developers, and those in homeless services
to create such tools and assistants.

However, to build an AI matching tool that is read-
ily adopted by the homeless services community, AI re-
searchers must address multiple issues. We believe these is-
sues are relevant to public services in general.
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Improving data quality and practices There is currently
an effort in LA to both utilize an updated version of the
VI-SPDAT that more accurately assesses vulnerability and
leverage additional, relevant data sets (i.e., county health
data) (Rice et al. 2023). Previous AI research has also shown
that messy or missing data can potentially be corrected or ac-
counted for, see e.g., Justin et al. (2023); Bertsimas, Delarue,
and Pauphilet (2024); Kern, Kim, and Zhou (2024).

Beyond these potential avenues, there are no standardized
data practices across service providers in LA. With many
competing day-to-day priorities and a lack of data culture as
mentioned above, it may be difficult for those in public ser-
vices to understand and justify dedicating resources to this
effort. By creating proof-of-concept AI tools, AI researchers
can show the “value” of prioritizing data in public services
to policymakers who have the ability to affect such changes.

To create more faithful data for an AI matching system
and to reduce potential biases across providers with differ-
ent data standards, the adoption of uniform data practices
is imperative. AI researchers must collaborate with service
providers to define and integrate data quality standards and
practices, potentially changing the culture within providers
to prioritize these habits, as was previously discussed. For
example, case workers can be trained on how to most accu-
rately input client data and “best practices” if doing so is not
feasible. In particular, unobserved confounders are of con-
cern for causal inference methods such as Tang et al. (2023),
so it is important that all information used in the matching
process is recorded. One potential avenue for exploration is
working closely with agencies that have been more success-
ful at integrating data practices into their workflow.

Building trust through evaluation Even when thought-
fully designed, AI systems can perform differently when
deployed due to issues such as shifting distributions of
data (Justin et al. 2023; Kern, Kim, and Zhou 2024), unob-
served confounders (Kallus and Zhou 2021), and changing
system requirements as seen with LAHSA. To build com-
munity trust in an AI matching system, AI researchers must
periodically audit its performance to measure if it performs
as desired by service providers and calibrate its performance
as needed. From a data perspective, this requires a commit-
ment to long-term follow up with clients (e.g., more than 2
years after receiving or not receiving a resource) to measure
whether clients are staying housed with their given resource.

From an operational perspective, evaluation should also
involve follow-up (e.g., interviews) with how matchers en-
gage with such an AI tool. This includes determining how
often they follow the suggested matches compared to their
on-the-ground expertise. Ideally, when matchers make deci-
sions that differ from the AI system, this information can be
used to further refine or train the model, moving towards a
more useful tool for matchers.

Multi-stakeholder engagement and agreement Policy-
makers did not agree on what the AI system of Tang et al.
(2023) should achieve. For example, there was no consensus
in whether the AI matching policy should achieve alloca-
tion or outcome parity, or whether there are merits to using
a first come, first served queue model. AI researchers must

continue to engage with the community to determine the ul-
timate, desired properties of an AI matching system, even
beyond the properties presented here. Though there is rich
research in this area across public services, particular com-
munities may desire different algorithmic design principles,
thus, warranting this investigation (Lee et al. 2019; John-
ston, Blessenohl, and Vayanos 2020; Stapleton et al. 2022;
Johnston et al. 2023; Kuo et al. 2023). This could involve
additional input from current or former clients in addition to
those who are policymakers and service providers.

Limitations and Future Work
Policymakers overwhelmingly voiced that if AI is integrated
into the matching process, a human decision-maker should
still be involved. Thus, a human matcher can use an AI
matching tool as a suggestion or can “override” the tool.
However, the results of Figure 1 are shown in regards to a
decision-maker who follows the AI recommendations faith-
fully. Thus, it remains to be seen what efficiency, equity, and
transparency gains are achieved with the integration of hu-
man decision-making and AI and how AI can further learn
from the human decision-making process.

Another limitation of this work is that a minority of inter-
viewees have lived homelessness experience (see Table 1). It
is important to continue to engage with and educate individ-
uals in this community on the potential applications, mer-
its, and downsides of using AI within the matching process
and homeless services in general since this is the population
whose livelihoods would be most affected by such a tool.
This invites the study and exploration of new methods to
engage with the community such as those proposed in Kuo
et al. (2023). A related area to explore is that certain sub-
populations of clients, such as victims of domestic violence,
need additional consideration around issues of privacy and
confidentiality if using their personal data in an AI system.

As noted previously, though our study participants are ex-
perts in homeless services in LA, issues of data quality, hu-
man bias, and high staff turnover are not unique to LA or
even homeless services. Though relevant stakeholders’ will-
ingness to accept data-driven tools must be established in
other locations and domains, continued research efforts in
building data-driven decision assistance tools that address
these challenges are an important step in creating tools that
may benefit these communities.

Conclusion
In this work we conducted semi-structured qualitative inter-
views with 13 policymakers in homeless services in LA on
current issues with the housing resource allocation system
and their perceptions of utilizing AI tools in this space. Us-
ing the AI allocation policy of Tang et al. (2023) as a case
study, we presented potential efficiency, fairness (equity),
and transparency features of such a system and received
feedback on these topics. We found that policymakers are
in general open to the use of AI tools that are thoughtfully
designed to assist in the matching process if human-decision
makers are still involved. We presented various avenues for
AI researchers to explore to engage with experts in homeless
services in bringing AI tools into this domain.
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