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Abstract—This paper models, for the first time, the home-
lessness system as a network of interconnected services which
individuals traverse over time towards securing stable housing,
and formalizes the concept of stability upon exit of the system. A
computational analysis of individual-level longitudinal homeless-
ness data shows that the ultimate goal is either reached quickly
or not at all, regardless of starting conditions, indicating the
importance of addressing the homeless’ needs early on.
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I. INTRODUCTION

Homelessness represents a long—standing, societal-scale
problem with considerable individual and social costs [4].
While several studies have focused on the causes and con-
tributors to homelessness [2], [9], only few have examined
factors (e.g., length of stay) associated with outcomes (e.g.,
time—to—exit [8], likelihood of readmission [16], and housing
stability [13]) once a homeless person has been admitted to
the homelessness system. Unlike prior work, we assert that ad-
ministrative data collected by homeless service providers can
be represented as a rich network of interconnected homeless
services which individuals traverse with the goal of securing
stable housing. This unique view allows us to computationally
analyze the efficiency and effectiveness of the homelessness
system using network science principles. Our key contributions
can be summarized as follows:

o We model the homeless system as a network of intercon-
nected services which individuals traverse over time.

o We operationalize the concept of stability upon exit of
the system with three alternative coding schemes.
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o« We computationally analyze a comprehensive set of
individual-level longitudinal homelessness data from the
Capital Region of the state of New York.

o We identify patterns that can explain the observed path-
ways of individuals through the homelessness system.

o For reproducibility, we make our source code available
at https://github.com/IDIASLab/Homelessness.

II. RELATED WORK

Prior work on factors that can cause or contribute to
homelessness (e.g., [2], [6], [9], [11]), has mainly focused
on structural determinants, with only few studies examining
individual factors (e.g., [3], [6], [10]), mainly due to lack of
individual-level data. On the other hand, predictors of out-
comes (e.g., time—to—exit [5], [8] or likelihood of readmission
[S], [16]) for a homeless person, once she has been admitted
to the homelessness system, have been of interest. Similarly,
variables (e.g., number of times being homeless in the past
three years) indicative of one’s potential for housing stability
[71, [13], [15] at the time she is about to exit the homelessness
system have also been explored. Our study builds upon this
broad theme of work by operationalizing the concept of stable
exit, providing the context (i.e., underlying network structure)
in which factors are to be examined, and computationally
analyzing the observed pathways of individuals through the
homelessness system over time.

III. DATA

The data we used for this study comprises an anonymized
set of 50, 469 records of all services provided by homelessness
service providers in the Capital Region of the state of New
York from 2012 to 2018 to a total of 38,954 individuals.
The data was provided by CARES of NY Inc., a non—profit
organization that locally manages the Homeless Management
Information System' (HMIS), and captures (i) a timeline
of services, including the beginning and end dates of each
service, transitions between service types, exits and reentries
(i.e., receipt of services after exiting the system), (ii) housing
outcomes for those who exit the homeless services system,
and, for those who were served again later by continuum

'HMIS is an information technology system founded by the U.S. Depart-
ment of Housing and Urban Development (HUD).
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projects, lengths of time between exit and return to home-
lessness, (iii) demographic characteristics, such as age, race,
gender, and veteran status, as well as household relations (e.g.,
household head or child), education history (e.g., last grade
completed), and disabling condition (if any), and (iv) time-
variant properties, such as monthly income and receipt of
public assistance, and health information (e.g., mental state)
[14]. Individuals are linked across services over time by a
unique and anonymous identifier.

We focus on those individuals requesting services after
exiting the system, i.e., reentering multiple times (15.4% of
the total). We perform a longitudinal analysis to offer insights
into the long—term progress (or lack thereof) of individuals
towards stable housing. After addressing issues with erroneous
and missing data, we were left with 18, 818 records of 6,011
individuals that received services from 125 project ids® cate-
gorized in 9 project types [14].

IV. MODELING THE HOMELESSNESS SYSTEM AS A
NETWORK

To better understand how individuals progress through the
homelessness system over time, we assert that the embed-
dedness and interconnections of services must be taken into
account. Specifically, we set forth to construct two transition
graphs from the trails of completed homelessness episodes®,
namely, (i) a small network of project types, Gp and (ii) a
larger network of project ids, G;. In both graphs, a directed
edge from node ¢ to j (where a node is either project type or
id respectively) encodes at least one transition from ¢ to j in
the dataset. In total, 170 projects, uniquely identified by their
id, are included in our dataset, and are grouped into 9 broader
categories (i.e., project types). The construction of both graphs
is nearly identical, as discussed below, with the only difference
being nodes representing either project types or project ids,
accordingly. Both graphs are directed and weighted, and may
contain self loops, indicating a transition to the same program.

The construction of either transition graph starts with or-
dering enrollment records in acceding chronological order by
entry date per individual, forming a trajectory, i.e., a sequence
of enrollment records, each associated with a project id, and
a project type, and corresponding entry and exit dates. We
additionally use two special nodes, namely, entry and exit,
to capture the state of individuals before entering and after
exiting the homelessness system accordingly. Starting with the
earliest entry date for a single individual, a new trajectory is
created. This trajectory comprises the entry node, followed by
the project type associated with the first enrollment. If this is
the only enrollment for the given individual, node exit is added
to the trajectory as the last transition, and the exit type (e.g.,
“Rental by client, no ongoing housing subsidy”) is recorded.
If more enrollments exist for the individual, the enrollment
with the earliest entry date of the remaining enrollments is

2A unique identifier is automatically generated by the HMIS at the time
the project is created in the HMIS.

3Each episode is uniquely defined for each individual based on its corre-
sponding entry and exit dates and service received.
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examined next. Thus, the first project type would be connected
to the second one in the current trajectory. If an individual
enters a new project prior to exiting from another, we record
the transition by updating the exit date of the first enrollment.
This process continues for every enrollment associated with
an individual in order of entry date. The process is repeated
until all episodes for every individual have been examined.

In the second step, a transition graph is constructed using the
list of trajectories computed in the first step. Specifically, there
is one node for each of the nine project types, as well as one
node for entry and one node for exit. A directed edge between
nodes is created with a weight of one if there is at least one
trajectory containing that specific transition. When a transition
in a trajectory is encountered that has already been encoded as
an edge in the graph, the weight of that edge is increased by
one. After all trajectories have been examined and the graph
construction is complete, edge weights are normalized so that
all outgoing edges from a node sum to one (therefore serving
as empirical transition probabilities).

Intuitively, the network of transitions among project types
is more well connected than the fine—grain network of project
ids. Specifically, the network of project ids is disconnected
with 55 strongly connected components, the largest of which
encompasses just ~ 10% of the nodes. The small diameter in
both cases suggests that paths between those nodes that are
connected are short. The existence of lengthy trajectories (c.f.
Section VI) already hints towards inefficient paths that do not
always progress forward towards stable housing.

TABLE I: High-level network statistics. Nodes “entry” and
“exit” are not considered in this analysis.

Metric gp gr
Number of nodes 9 125
Number of edges 61 428

Density 0.847 0.028

Average degree 6.778 3.424
Min/Max in-degree 6/8 1/11
Min/Max out—degree 6/8 1/12
Diameter 2 4
Average path length 1.264 1.524
Number of WCCs 1 22
Size of largest WCC | 100% | 11.93%
Number of SCC 1 55
Size of largest SCC | 100% 9.6%

V. STABLE EXIT DEFINITION

A clear definition of stable exit is lacking in the literature.
With the help of Dr. Wonhyung Lee, a trained social scientist,
we explore three schemes based on individuals’ destination
after their exit, as shown in Table II. Table III provides a
detailed description of exit destinations, and their categoriza-
tion within each scheme. Specifically, Scheme 1 takes a binary
approach, according to which destination types are categorized
as either stable or unstable. Scheme 2 is based on HUD’s
destination types outlined in the HMIS [1] to characterize what
is considered either positive or negative outcomes for street
outreach, or permanent versus temporary destinations for all
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TABLE II: Color coding of exit destinations by scheme. Here-
after, schemes are abbreviated as S7, S, and S3 respectively.

[ Scheme 1 Scheme 2 Scheme 3
Stable Permanent Ultimate goal
h Unstable Temporary Closer to exit
Unknown Institutional Transitional phase

No progress or worse
Hard to judge

Other F

TABLE III: Detailed
defined in Table II).

overview of the proposed schemes (as

1D S1 S S3 Exit destination description

1 Emergency shelter, including hotel or motel paid
for with emergency shelter voucher, or RHY-funded
Host Home shelter

2 Transitional housing for homeless persons (includ-
ing homeless youth)

3 Permanent housing (other than RRH) for formerly
homeless persons

4 Psychiatric hospital or other psychiatric facility

5 Substance abuse treatment facility or detox center

6 Hospital or other residential non—psychiatric medi-
cal facility

7 - Jail, prison or juvenile detention facility

8 Clients does not know

9 Client refused

10 Rental by client, no ongoing housing subsidy

11 Owned by client, no ongoing housing subsidy

12 Staying or living with family, temporary tenure (e.g.,
room, apartment, or house)

13 Staying or living with friends, temporary tenure
(e.g., room apartment or house)

14 Hotel or motel paid for without emergency shelter
voucher

15 Foster care home or foster care group home

16 Place not meant for habitation (e.g., a vehicle, an
abandoned building, us/train/subway station/airport
or anywhere outside)

17 Other

18 Safe Haven

19 Rental by client, with VASH housing subsidy

20 Rental by client, with other ongoing housing

21 Owned by client, with ongoing housing subsidy

22 Staying or living with family, permanent tenure

23 Staying or living with friends, permanent tenure

24 Deceased

25 Long—term care facility or nursing home

26 Moved from one HOPWA funded project to
HOPWA Permanent Housing

27 Moved from one HOPWA funded project to
HOPWA Transitional Housing

28 Rental by client, with GPD TIP housing subsidy

29 Residential project or halfway house with no home-

- less criteria

30 No exit interview completed

31 Rental by client, with RRH or equivalent subsidy

99 Data not collected

other project types. Scheme 3 differentiates the degrees of
progress, because not all temporary and institutional settings
are the same. For instance, individuals in transitional housing
can be defined as homeless because tenure in transitional
housing is temporary and people must move at the end
of the program, often, resulting in them exiting back into
homelessness. In all cases, “unknown”, “other”, and “hard to
judge” indicate that a conclusive determination cannot be made
based on available information.
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VI. EFFICIENCY OF THE HOMELESSNESS SYSTEM

The computed transition graphs (c.f. Section IV) provide
an empirical estimate of the transition probabilities between
project types (similarly ids). Fig. 1 shows how the distribution
of the length of actual paths taken by the homeless (green)
compares to effective (a.k.a. “always moving forward”) trajec-
tories (red), i.e., paths that ignore backward transitions (i.e.,
admission to a program type already admitted in the past)
towards exiting the system. While the distribution of effective
path lengths is tight around 2 steps, the empirical distribution
of actual paths taken is heavy—tailed, with the majority of
actual paths not being much longer than effective paths.
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Fig. 1: Distribution of complete (green) and effective (red)
trajectory lengths. Least square power—law fit with slope of
—2.38 is shown in black.
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Fig. 2: Cumulative distribution function for path length as
a function of entry and exit status, defined with respect to
Scheme 1 presented in Tables II and III.

Since the same categorization is used in the HMIS for
both the entry (i.e., before entering the homelessness system)
and exit destination of individuals, we apply each scheme
to better understand how individuals progress through the
system based on their status upon entry. Fig. 2 shows the
cumulative distribution of path lengths for those who enter
the system from an unstable (left) or stable (center) situation,
or unknown status (right) according to Scheme 1, to exit
with a corresponding destination in k steps. In all cases, the
distributions are heavy tailed, with unstable exits being reached
when longer trajectories are taken, regardless of the starting
point. Moreover, individuals starting from unstable conditions
take longer trajectories before exiting the system to a stable
destination. Finally, individuals exiting the system with an
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unknown destination follow longer paths on average when
entering the system from stable or unknown conditions. We
believe this to be indicative of individuals “falling through
the cracks”, i.e., not receiving the services or care they need
to reach stable housing. According to Scheme 2, paths to
permanent housing require relatively few transitions between
project types in most cases, with the exception of temporary
starting conditions. Similarly, an institutional exit destination
is often reached quickly. After a more careful examination of
the trajectories of those entering the system from a temporary
starting point, it becomes clear that a temporary entry status
leads to longer trajectories through the system than any other
starting point. Finally, the path length of trajectories leading to
transitional destinations in Scheme 3 are comparatively longer
than hard to judge exit points. Similarly, those starting from
a closer to exit position are better posed to reach the ultimate
goal quickly. For those entering the system from a transitional
phase or no progress or worse entry point, paths are longer
overall. In most cases, paths leading to a no progress or worse
exit are comparatively shorter than paths leading to other types
of exit points, indicating that such individuals have potentially
dropped out. The key insight is that the ultimate goal is
either reached quickly (i.e., with few transitions) or not at
all, regardless of starting conditions. In order for the homeless
system to operate more efficiently and more effectively, the
number of transitions an individual has to make within the
homelessness system must be minimized.

A. Network Structure Versus Relevance

Next, we examine the trajectories of individuals exiting the
system before reaching a stable exit. Fig. 3 shows the drop—
out rate as a function of path position. Although presented
for Scheme 3, we found the result to be consistent across
all schemes. Intuitively, the probability of success is higher
for shorter path lengths, whereas the probability of reentry
increases drastically with the path position. At the same time,
the probability of an individual “dropping out” of the system,
slowly decreases with path length. This finding indicates both
the perseverance of those remaining in the system, and the
necessity to address the needs of the homeless early on.
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Fig. 3: Success, reentry, and drop—out probability (y—axis), as
defined in Scheme 3, as a function of path position (z—axis).

Finally, we wish to understand whether the transition graph
promotes (or hinders) trajectories towards achieving a positive
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outcome. Since no information in our dataset can be used to
formalize a distance measure between project types (similarly
for project ids), we look at trajectories as triples describing
an individual, her assignment to a specific project type at a
given time, and her feature vector. This view naturally lends
itself to a heterogeneous network of three node types, namely
individuals (I), projects (P), and features (F'), with feature
values treated as discrete. In order to obtain a representation
of projects over the feature space, we traverse this tripartite
network by computing the second power of the adjacency
matrix (i.e., A?), and approximate the similarity between two
projects as the cosine of their TF-IDF vectors [12]. For each
value of rank r, we consider all project pairs (¢, j) such that j
is the r—th most similar to ¢ among all projects, and compute
P(r) as the fraction of these nodes for which ¢ links to j.

107!
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Fig. 4: Link probability, P(r), as a function of rank, r, for the
network of project types (black squares) and project ids (blue
circles), accordingly.

Fig. 4 shows the link probability P(r) for the networks of
project types and ids accordingly, as a function of rank r.
The overall trend in both cases suggests that the probability
of a node (i.e., project types or ids) being connected with an
outward edge to another node is higher the more related the
two nodes are. This scenario is undesirable since “short-range”
links between related project types (similarly for project
ids) may not be particularly beneficial to the homeless in
achieving their long—term goal of house stability. Specifically,
transitioning to node j from ¢, with j being highly correlated
to ¢ (e.g., both being emergency shelters) would offer little
help in achieving a positive outcome. On the other hand, the
number of “long-range” edges between less related nodes,
which would be potentially more helpful for getting closer
to a stable exit, is limited. This leads us to conclude that the
homeless services system is not conducive to efficient naviga-
tion because the majority of its edges emphasize connections
across project types (similarly for ids) of similar function.

B. Progressing Towards Stable Exit

We conclude our analysis by taking a closer look at how
the similarity between project types changes as individuals
progress towards “ultimate goal”, as defined in Scheme 3.
Specifically, we compute from effective paths (i.e., ignore
backward transitions) of the same length the cosine similarity
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Fig. 5: Evolution of similarity as individuals progress towards
“ultimate goal”. The x and y axes show respectively the
distance to the target, and the cosine of the TF-IDF vectors.

of the TF-IDF vectors of the current project type and the
target (Fig. 5a) or the following project type (Fig. 5b). The
fact that the conceptual similarity (both between the past
and current assignment, and with the target) decreases along
paths provides additional evidence towards the need for “long—
range” links to reach the goal of stable housing.

VII. CONCLUSION AND FUTURE WORK

Contributions. In this paper, we used a one of a kind
dataset of administrative records collected by homeless service
providers to shed light into the progress of individuals once
they enter the homelessness system towards securing stable
housing. Apart from modeling the homelessness system as a
network, which individuals traverse over time, we operational-
ized the notion of stable exit, which we subsequently used to
analyze the efficiency of the network with respect to promoting
trajectories leading to positive outcomes. We observed that, in
its current form, the homelessness system is inefficient, with
individuals reaching their goal quickly or not at all.

Limitations. Next, we would like to note the limitations
of our present work that point to interesting future research
directions. First, our observations are based on a single dataset
geographically bounded to the Capital Region of the state
of New York. Second, we rely on administrative data for
receipt of services, which although indicate need, do not
necessarily capture availability of services at any given time.
Both these limitations may have resulted into a biased sample.
Third, although we showed that the ability to achieve a
positive outcome correlates with the network structure of the
homelessness system, we do not claim to have fully revealed
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the causal effects of positive outcomes and other confounding
variables, such as capacity constraints.

Future Directions. We hope, that by providing the foun-
dation for reasoning about the homelessness system as a
network, new functionality can be developed towards solving
this thorny societal problem. We anticipate for instance further
investigations in determining why individuals drop—out and
developing algorithms to identify at risk individuals. Given
the insights we offer here, another interesting direction is in
designing recommendations methods for algorithmic homeless
service delivery so as to unlock better outcomes.
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