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ABSTRACT

Homelessness service provision, a task of great societal relevance,

requires solutions to several urgent problems facing our human-

ity. Data science, that has recently emerged as a potential catalyst

in addressing long standing problems related to human services,

offers immense potential. However, homelessness service provi-

sion presents unignorable challenges (e.g., assessment methods and

data bias) that are are seldom found in other domains, requiring

cross-discipline collaborations and cross-pollination of ideas. This

work summarizes the challenges offered by homelessness service

provision tasks, as well as the problems and the opportunities that

exist for advancing both data science and human services. We begin

by highlighting typical goals of homelessness service provision,

and subsequently describe homelessness service data along with

their properties, that make it challenging to use traditional data

science methods. Along the way, we discuss some of the existing

efforts and promising directions for data science, and conclude by

discussing the importance of a deep collaboration between data

science and domain experts for synergistic advancements in both

disciplines.

CCS CONCEPTS

• General and reference → Surveys and overviews; • Informa-

tion systems→ Decision support systems; • Applied computing

→ Enterprise applications; • Computing methodologies → Ma-

chine learning.
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1 INTRODUCTION

Homelessness, which is described by the U.S. federal government

as staying in a non-habitable residence for permanent living [1],

presents a long-standing social, public health and policy problem

across the world. In the US alone, 568, 000 Americans experienced

homelessness on a single night in 2019 [24], whereas the number

of homeless families in England increased from 50, 000 to 78, 000

in 2017 [36]. Multiple factors lead to people unable to afford hous-

ing including but not limited to increasing housing costs, limited

affordable housing options and job opportunities, health and dis-

abilities problems, family breakup, and unpredictable public health

and social emergencies [6].

The application of data science to human services has been

spurred by the scarcity of housing resources, and the need to pri-

oritize waitlisted homeless, with the ultimate goal of stabilizing

households and reducing future demands for assistance [20, 29].

Given the variety of disciplines that have recently become engaged

in human services research, there is a great opportunity for cross-

discipline collaborations and cross-pollination of ideas with the

potential to advance both data science as well as social and behav-

ioral science. At the same time, homelessness service provision

presents several challenges that are strikingly different from those

encountered in other domains, requiring novel problem formula-

tions and data science methodologies. For example, human services

is an overwhelmingly data-poor field, in which whatever little data

is being collected is heavily restricted by privacy issues.

The purpose of this work is to summarize both the challenges

and opportunities offered by the human services domain, with a

particular focus on homelessness service provision. The remainder

of this paper is organized as follows. Section 2 outlines important

aspects where data science has the potential to yield major ad-

vances. Section 3 provides an overview of homelessness service

data. Section 4 describes the challenges for data science arising

from both the complex and dynamical nature of human services

domain as well as the data collection itself. Section 5 discusses

opportunities for data science methods, while Section 6 provides

concluding remarks.

2 THEMES OF DATA SCIENCE RESEARCH

FOR HOMELESSNESS SERVICE PROVISION

The ultimate goal of homelessness service provision is to decrease

the total number of people being homelessness or mute the growth

rate of homelessness [7]. To achieve this goal, existing data science

solutions have thus far focused on:

• Matching service programs to need [55].
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Table 1: Abbreviations and their corresponding description.

Abbreviation Description

CES Coordinated Entry System

CoC Continuum of Care

DS Day Shelter

ES Emergency shelter

HMIS Homeless Management Information System

HP Homelessness Prevention

HUD U.S. Department of Housing and Urban Devel-

opment

PSH Permanent supportive housing

RRH Rapid rehousing

SNAP Food stamp program

SSI Supplemental security income

SSDI Social security disability insurance

SO Street Outreach

TH Transitional housing

WIC Supplemental nutrition program for women, in-

fants and children

• Assessing the impact of service matching on the reduction

of reentries [8].

• Prioritizing service allocation based on risk assessment or

predicted outcomes [37].

Optimizing allocation based on predicted outcomes in particular,

promises substantial gains in homelessness service delivery. How-

ever, the application of data-driven approaches in a domain with

considerable individual and social costs requires careful considera-

tion, as detailed in this work.

3 DATA

Most communities in the U.S rely on the so called Coordinated En-

try System (CES), according to which homeless people first sign up

for housing support (e.g., emergency shelter), and are subsequently

accessed for eligibility and vulnerability, and are subsequently pri-

oritized for housing based on the assessments. This information

is entered into the Homeless Management Information System

(HMIS), a local information technology system, founded by the

U.S. Department of Housing and Urban Development (HUD). HMIS

serves as a network of local agencies that collaborate to provide

a variety of service programs, including but not limited to emer-

gency shelter (ES), day shelter (DS), homelessness prevention (HP)

and rapid rehousing (RRH), transitional housing (TH), and perma-

nent supportive housing (PSH) [32]. According to federal mandates,

HMIS is operated by a lead organization for each Continuum of

Care (CoC), and collects individual-level data including personally

identifying information, socioeconomic backgrounds, healthy con-

dition and educational history [37]. In addition, fields specifying

the type of exit from homelessness (e.g., interim housing, hotel or

motel) and whether an individual has reentered the systemmultiple

times are also recorded in the system.

For illustration purposes, we rely on a dataset obtained by the

CARES of NY Inc., a non-profit organization in the state of New

York, managed by the HMIS. The dataset comprises 92, 586 records

Table 2: Descriptive statistics of sample features in HMIS

data.

Categorical

Feature

Value Percentage of

Population

Sex Female 40.49

Male 59.61

Transgender 0.31

Age 0-18 15.72

19-30 31.33

31-50 30.64

51-65 19.40

>66 2.88

Race American Indian or Alaska

Native

2.09

Asian 0.86

Black or African American 54.38

Native Hawaiian or Other

Pacific Islander

0.64

White 37.27

Race None 3.73

Reentry Yes 19.82

No 80.18

of housing services given to a total of 38, 800 individuals seeking

federally funded homeless assistance between 2005 and 2019 in the

Capital Region of New York. Each record in the dataset has both

time-variant (e.g., monthly income, age) as well as time-invariant

(e.g., race) features. Specifically, each record provides information

about household relations (e.g., household head, spouse and child),

health (e.g., dental status and mental state) and disability (e.g., phys-

ical or mental disability), income (e.g., source of income and amount

earned), enrollment (e.g., length of stay, living condition, and hous-

ing information), service (i.e., services received), educational history

(e.g., last grade completed), and working situation.

While substantial insight can be gained from HMIS data, home-

less service agencies mainly collect data for reporting and record

keeping purposes, rather than for systematized dataśdriven decisionś

making. Furthermore, any single agency may find it difficult, if not

impossible, to track a homeless individual or family as they move

from one shelter to another over the years. Organizations operating

HMIS in a locale, have access to such comprehensive data, but there

is no consistent technical expertise and/or resources to process and

analyze such data.

4 CHALLENGES

In this section, we discuss several challenges in using data science

for homelessness services provision.

4.1 Data Bias

Data bias is generally described as available data that is not rep-

resentative of the population or phenomenon of the target study

[3]. Bias in a dataset (e.g., imbalanced data distribution based on

feature race shown in Table 2) that involves real humans [18] that
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readmission [48]. Without randomized experiments and causal rea-

soning, it is almost impossible to draw safe conclusion on the com-

mon characteristics of particular programs with certain group of

people. Data science methods (e.g., Bart (Bayesian Additive Regres-

sion Tree) Model [13] [29]) provide opportunity for causal mining

using counterfactual data. Both Granger causality [21], which de-

fines causality in terms of predictability, and Pearl causality [41],

which defines causality in terms of changes resulting from inter-

vention, have yielded tremendous breakthroughs in other domains

over the past decade, and have great potential for tasks related to

homeless service provision. Such tasks range from variable selec-

tion for estimation and prediction to identifying causal interactions,

and causal attribution [34].

5.5 Explainability

In data science, explainability refers to peoples’ ability to explain

the output of a machine learning model [43]. For example, in home-

lessness services systems, the reasons for a decision matter [44].

For example, we can provide a convincible allocation explanation

which may be inquired by the clients [44]. One possible way to

achieve this is based on learning different weights across features

(i.e., a feature with higher weight means that this feature has more

influence on the decision). At the same time, for regulatory pur-

poses, in homelessness service allocation system where questions

of accountability and transparency are particularly important, for

each allocation decision we need to properly deliver evidence-based

reason from the scientific perspective.

5.6 Fairness

Fairness becomes an issue when automated methods are involved

in the decision making process [4]. Machine learning algorithms are

intrinsically fair, however, biases in the data itself used for training

can introduce systematic biases that if left unchecked can lead to

the perpetuation of inequities [29]. Recent advances in data sci-

ence can help to both formalize and quantify biases with respect to

individualś and groupśfariness [4]. Specifically, individual fairness

refers to a classifier’s ability to consistently produce similar out-

comes for similar individuals [16, 31]. Group fairness is described

as the ability of a classifier to predict a particular outcome for

individuals across groups with almost equal probability [19]. In

HMIS data, measuring group fairness is critical because of potential

biases towards sex, age and race (Section 4.1). One cluster-based

visualization method Principal Component Analysis have recently

been used for group fairness evaluation [33]. Alternative methods

to be explored include but are not limited to spotting the sensitive

features by counterfactual approaches [35] and then deleting those

features from the feature space to reduce the effect of bias.

We illustrate this point using a non-parametric approach to

Bayesian regression (BART) [13]. BART is based on the "sum of

trees model, where each tree is restrained by a regularization prior,

and samples are drawn from a posterior distribution by the Bayesian

back-fitting MCMC algorithm [17]. In our study, we train BART us-

ing a susbet of available data, and use the trained model to generate

posterior draws for each individual, which allows inference on both

population- and individual-level. We use the R package bartMa-

chine [26] to tain a BARTmodel overN recordsOi = (xi ,yi ), 1 ≤ N

in our HMIS dataset (Section 3). Each record Oi captures informa-

tion about a homeless client, and is represented by feature vector

xi = [x1, ...,xM ,xd ,xt ]
T
, where xd refers to the assigned project

ID , and xt refers to the assigned service program. Each record

is additionally associated with a binary label yi ∈ {−1, 1}, which

represents reentry, i.e.,yi = 1 means that the individual reentered

the homelessness service system, otherwise −1. We split the dataset

into test and training sets with a ratio of 1 : 4. BART predicts

that 1, 020 (21.52%) individuals will reenter the homeless support

system in the test set, as opposed to 1, 093 (23.06%) individuals

who actually reentered. In line with [29], this result demonstrates

that the BART model is well-calibrated and fair because outcomes

closely match actual observational data with the assumption that

the actual homelessness service allocation is fair.

6 CONCLUSION

Homelessness service provision is a social, public health, and hous-

ing policy challenge of great societal interest that impacts the lives

of actual human beings. The list of challenges and promising re-

search directions provided in this work may not not be exhaustive,

but it illustrates the emerging possibilities of future data science

research in this important area. We strongly believe that successful

application of data science methods in this domain will be driven

by a specific question arising in the homelessness service provision,

and that the best recipe for success is for a data science researcher

(or team of researchers) to collaborate very closely with a domain

expert or practitioner during all phases of research. That is because

domain experts and practitioners are in a better position to un-

derstand which variables łmake sensež to use to answer a given

question, and the weaknesses inherent in the data collection pro-

cess. Likewise, data science researchers are better placed to decide

which methods are better suited to a given question, and what are

the realistic expectations practitioners should have when apply-

ing such methods. Furthermore, inherently transparent methods

should be preferred so as to improve interpretability and reduce

the perpetuation of inequalities. Finally, evaluation methods must

be revisited, particularly when performance is measured based on

counterfactual allocation using observational data. In conclusion,

frequent communication and continuous collaboration between

data science researchers and domain experts is required to ensures

that data science methods can indeed have a positive outcome for

homelessness service provision.
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