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The point-in-time (PIT) homeless count conducted annually in communities across the United States is a

major metric reported to the federal government that has a number of limitations.

With the PIT count in 2021 being optional because of the COVID-19 pandemic and potential increases in

homeless-related needs in the aftermath of the pandemic, there are opportunities for renewed efforts

to improve how the United States enumerates homelessness, determines needs of communities, and

tracks progress in ending homelessness throughout the nation. This article describes 2 divergent

solutions: (1) improve the PIT by standardizing methodologies across jurisdictions and supplementing

counts with other data sources or (2) replace the PIT with a new system.

There are strengths and limitations of both solutions. Advocates for either solution agree that there are
important funding considerations to take into account and advancing technologies to utilize. As the
nation continues to ramp up public health efforts, homelessness is a public health crisis that could
benefit from improved epidemiological and data science methods. (Am J Public Health. 2022;112(4):

633-637. https://doi.org/10.2105/AJPH.2021.306640)

O n a single night in January every
year, communities across the

United States attempt to count the
number of unsheltered and sheltered
homeless individuals. Since 2007, these
community counts have been com-
bined to produce the annual point-in-
time (PIT) homeless count reported in
the US Department of Housing and
Urban Development (HUD) Annual
Homeless Assessment Report to Con-
gress.! The PIT count is used to inform
government leaders about the state of
homelessness and is a main perfor-
mance measure for communities. PIT
counts are used in decisions regarding
federal policies, allocation of resources
and services, and research.

Because of the COVID-19 pandemic,
HUD made the unsheltered PIT count

in 2021 optional for communities, and
many did not participate. This hiatus
provides an opportunity for a reset to
consider how the nation approaches
assessing homelessness in the United
States.

The PIT count is a cross-sectional sur-
vey conducted by Continuums of Care
(CoCs) and reflects the number of
homeless people at 1 point in time
within CoCs. The count informs stake-
holders about the number of people
who need help in each CoC, and can be
used to estimate costs of providing that
help and tracking whether the size (and
associated price tag) of homelessness
is growing or decreasing. To improve
data-driven processes for enumerating
homelessness, however, policymakers
and stakeholders need to be educated
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about the limitations associated with
the PIT count.?? Two divergent solu-
tions have been proposed, with some
advocating for improving and supple-
menting the PIT count and others advo-
cating for replacing the PIT count with
other methods.

SOLUTION 1:
IMPROVEMENT AND
SUPPLEMENTATION

The first proposed solution is to
improve and supplement the PIT count.

Standardize Methodologies
Across Jurisdictions

There is wide variability in how PIT
counts are conducted between and
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within CoCs over time. Community
sizes and conditions vary significantly.
Conducting a count in New York City
presents different challenges and
opportunities than doing this work in
Helena, Montana. Thus, HUD allows for
variations in the ways PIT is conducted
(i.e., through census counts, sampling,
or a combination of the two). There are
also different sampling and extrapola-
tion methods used. For example, some
communities employ stratified geo-
graphic sampling (e.g., the Rossi
method)” for unsheltered PIT counts,
whereas other communities do not use
any special sampling method.

A recent report from the Government
Accountability Office urged HUD to
improve guidance related to PIT and
include data quality checks.® Not all
CoCs have a shared understanding of
how to implement PIT methodologies,
and HUD is working toward implement-
ing practices more uniformly across
CoCs. However, this work will require
steady improvements over time and
may require the support of research
and data collection experts engaged
conceptually and logistically in this
federal-level work. Transparency and
public sharing of PIT methodologies by
CoCs would be helpful toward this end.

Another important issue is that state
and CoC leaders involved in PIT counts
change over time. Technical assistance
and guidance need to be provided reg-
ularly, with particular vigilance given to
orienting and training new leadership
involved in the PIT count.

Expand and Supplement
the Count

Maintaining and improving on PIT
would allow for historical analysis of PIT
counts over the past 2 decades and
build on existing infrastructure. Instead
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of treating the PIT count as a sole
source of information, the count can be
supplemented with several other
approaches.

Per capita data. Presenting counts
within the context of general popula-
tion data sheds further light on the
severity of the problem. Suppose 2
communities each have 1000 people
experiencing homelessness. If this
number represents 33% of people in
Community A but 0.01% of people in
Community B, the severity of the home-
less challenge varies greatly between
the 2 communities. Per capita data can
be useful in understanding homeless-
ness in both communities and under-
standing trends as well as successful
and unsuccessful strategies over time.
Currently, within the Annual Homeless
Assessment Report, HUD calculates
current-year per capita data at the
national and state level, but this could
be expanded to calculations at the
CoC level. Not only do the population
sizes of communities change, but the
size of subpopulations of interest (e.g.,
women, racial/ethnic minorities, veter-
ans) change as well, and per capita
data can be reported alongside PIT
counts of these subpopulations.

Homeless Management Information
System data. Data on encounters and

service use of homeless individuals are
captured by CoCs in the Homeless Man-
agement Information System (HMIS).
The Longitudinal Systems Analysis,”
introduced in 2018, uses data from
the HMIS to provide longitudinal data
on incidence, frequency of service use,
and other characteristics of homeless
individuals in CoCs.

Service-based and postenumeration
surveys. After PIT counts of the

unsheltered population are con-
ducted, service-based surveys can be

conducted at various social service
locations (e.g., soup kitchens, day
shelters, libraries) to identify unshel-
tered homeless individuals who were
not included so they can be added to
the PIT count to produce a more
comprehensive total count. Poste-
numeration surveys, which have
been performed by the US Census
since 1980,° can also be conducted
for PIT counts, selecting a sample of
regions to assess the accuracy of PIT
counts and making corrections
accordingly.

Other sampling methods. Biobehavioral
surveys, which have been developed to
study hard-to-reach populations, may
provide tools to improve on how to
enumerate homeless counts.” Among
the different methods included, time-
location sampling would be helpful.
This strategy utilizes venues known to
be frequented by the target population
at specific times (e.g., homeless shelters
in the evenings, soup kitchens during
lunch time). Another sampling method of
interest is “respondent-driven sampling,”
a peer-driven, chain-referral sampling
method; the challenge with this method
is that it can only be used if the target
population is socially networked, and if
its members can recognize and recruit
one another.

Epidemiological surveys. National epi-
demiological surveys of the general
population can estimate the number
and prevalence of people who have
ever experienced homelessness. Such
surveys have been conducted using
telephone interviews,® in-person struc-
tured interviews,” online representative
surveys,'? and longitudinal surveys."!
These surveys are unlikely to capture
current homelessness, but could cap-
ture past homelessness (e.g., home-
lessness in the past year or lifetime).



These surveys are expensive to con-
duct but could be worth conducting
every 5 to 10 years as benchmark
reports on the prevalence of homeless-
ness to supplement the PIT count.

Administrative public service records.
There are also various administrative
public service records at state and local
levels—such as through housing
authorities, public schools, Medicaid,
Temporary Assistance for Needy Fami-
lies programs—that could presumably
be merged with HMIS data to provide a
rich, combined data source for home-
less estimates. However, there are not
only major logistical data-sharing chal-
lenges between institutions, but there
are also privacy concerns that need to
be considered, particularly because
homeless individuals may already have
institutional distrust.

SOLUTION 2:
REPLACEMENT

Cross-sectional and epidemiological
surveys can be useful for understand-
ing the estimates of homelessness in
the United States as they present the
ability to identify changes over time and
relative concentrations of homeless-
ness between different geographies.
However, these surveys are limited in
scope and scale for individual commu-
nities, states, and the nation. With a
high margin of error and without utility
to develop and execute actions to
address the problem, these
approaches do not provide communi-
ties and local, state, and federal govern-
ments real-time and actionable insights
into the crisis. Over the past few years,
many communities have begun to use
“by-name lists” (BNLs) that offer a com-
prehensive list of every individual
experiencing homelessness in CoCs,

using uniform data quality standards
that is updated in real time."? Using
information collected and shared with
their consent, each person on the list
has a file that includes their name,
homeless history, health, and housing
needs. BNLs may not only be useful in
enumerating homeless individuals,
but they can provide data about inci-
dence and actionable information
between partnering agencies, such as
referrals and placement into perma-
nent housing.

A successful case example of this is
the CoC in Rockford, Illinois, which
worked with community partners and
system experts to change its homeless
response system in 2015 by developing
real-time, person-specific BNLs to cap-
ture every person experiencing home-
lessness in their community. They built
a unified team with a shared aim of
population-level outcomes, and used
data and quality improvement to target
resources and services to dramatically
reduce veterans’ homelessness and
chronic adult homelessness. Since
then, the community has sustained
its BNL system and continues work-
ing to prevent new episodes of
homelessness.

The nation’s response to COVID-19
may help inform a new approach to
addressing homelessness. In 2020,
over a matter of weeks, every commu-
nity in the United States began to report
on the active number of COVID-19 cases
at every level of geography, providing
community, state, and federal agencies
real-time visibility into prevalence. This
approach can be replicated to provide
real-time visibility into homelessness;
with infrastructure in place in many com-
munities, it would require only a fraction
of the cost of COVID-19 reporting.
With real-time visibility into homeless-
ness, every level of government and
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the community would be able to
understand the prevalence of home-
lessness and develop actions to
address this crisis.

STENGTHS AND
LIMITATIONS OF
PROPOSED SOLUTIONS

There are important strengths and limi-
tations to consider for both solutions,
which are briefly summarized in Box 1.
Certainly, there may be many more
strengths and limitations for both solu-
tions that have not been described.
Because Solution 1 would be building
on existing PIT infrastructure, the
strengths and limitations are more
knowable. For Solution 2, although
there are successful case examples,
the strengths and limitations are more
speculative, and it may be easy to
underestimate the challenges that
could arise with implementing a new
system.

FUNDING, RESEARCH,
AND INNOVATIONS

With both solutions, proponents agree
that there is a need for funding,
research, and incorporation of new
technologies. There is lack of specific
funding for CoCs to enumerate home-
lessness and no cost value placed on
accuracy of counts. Greater involve-
ment of governmental public health
agencies in homelessness and cross-
funding of initiatives could help lead

to more attention and accountability
on this matter. Many CoCs rely on
well-intentioned but undertrained vol-
unteers, leading to inconsistent imple-
mentation of PIT methodologies. Some
communities have good methodolo-
gists, but more are needed to help
devise complex sampling strategies

AnalyticEssay Peer Reviewed

Tsai and Alarcén

7 'ON ZLL [0A ‘7207 1MdY  HdIV

635



RESEARCH & ANALYSIS

AJPH  April 2022, Vol 112, No. 4

636 AnalyticEssay Peer Reviewed

BOX 1— strengths and Limitations of Solutions for the Homeless

Point-in-Time (PIT) Count

Solution 1: Improve and
Supplement the PIT

Solution 2: Replace the PIT

Strengths o Uses existing community o Potentially provides a more
investment and comprehensive count
infrastructure o Ability to provide just-in-time

o Capitalizes on existing and information
developing data sources o Successful case examples
o Provides continuity and available
comparison for counts over
time
Limitations o Data-sharing challenges and o Data-sharing challenges and

individuals

fragmented environment of

agencies and communities
o Privacy and legal concerns

among vulnerable costs

« Inability to provide just-in-
time information

fragmented environment of
agencies and communities
o Potentially high up-front

e Requires reinvestment of
communities and new
infrastructure

and utilize multiple data sources. Cer-
tainly, more rigorous studies are
needed on estimation methods. There
have been some successful models of
community-university collaborations for
the PIT count that have leveraged univer-
sity resources, involved students in civic
work, and enhanced community rela-
tions."*"> Universities may provide viable
opportunities to further develop, evalu-
ate, and promote new estimation and
data-driven approaches on how best to
count and serve homeless individuals."®
Various think tanks and research firms
can also be called upon to support inno-
vation in this area, but federal as well as
private funding is needed.

Advances in computing power, digital
photography and video, and artificial
intelligence provide new options to
enumerate homelessness. Satellite
images and machine learning have
been used to predict poverty'’; street
cameras may be used to identify home-
less encampments and hotspots'?;
drones and helicopters equipped with
thermal imaging equipment are being
used to identify homeless individuals'?;
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and there is potential to capture home-
lessness using mobile phone technolo-
gies, particularly among homeless
youth.?% With rapid technologies being
developed, the current national
momentum to support public health,
and growing public concern about
homelessness, there are unique oppor-
tunities for us to strive toward better
accounting and tracking of homeless-
ness in a post-COVID-19 era. 4JPH
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