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ABSTRACT

Despite widespread concern about people experiencing homelessness, fundamental questions

about this vulnerable and difficult-to-study population are unresolved. This dissertation

draws on new data and innovative methods to fill critical gaps in our understanding of

homelessness in the United States. The introduction discusses the general problem of home-

lessness, the state of existing literature, and the contributions and limitations of these essays.

The first chapter examines the completeness and reliability of available data sources and de-

velops a new estimate of the U.S. homeless population size. The second chapter examines

the level and longitudinal patterns of income and safety net participation for people expe-

riencing homelessness by linking the Census and other datasets to administrative tax and

program data. The third chapter provides the first national calculation of mortality for

this population, shedding new light on the health disparities associated with homelessness.

Taken together, these essays provide researchers, policymakers, and the public with a the

first national, close to representative, and rigorously quantitative description of the persis-

tent hardships associated with homelessness while also informing future efforts to aid this

population.

xiii



CHAPTER 1

THE ISSUE OF HOMELESSNESS

1.1 Introduction

Homelessness is arguably the most extreme hardship associated with poverty in high-income

countries. Shelter is a basic human requirement, and the lack of a warm, dry, and safe place to

sleep can cause great harm, extending far beyond the direct effects of harsh living conditions

to include vulnerability to crime and violence, elevated risks to mental and physical health,

stigmatization, and an inability to participate in society and the economy. The personal toll

of homelessness is compounded by numerous social costs, including effects on public health,

societal cohesion, and public spaces. Homelessness is also a high-profile social problem in the

United States, particularly in urban areas, where the difficulties of life at the bottom of the

socioeconomic ladder – readily observed in parks and transit stations, in dense encampments

along busy streets and under highway overpasses – contrast sharply with the affluence of

surrounding neighborhoods.

As with other complex social issues, establishing a firm foundation of understanding is a

crucial step towards addressing homelessness. But data challenges have left major gaps in our

present knowledge. Researchers’ go-to sources for representative information on segments of

the U.S. population, household surveys, draw their samples from address lists that, with a

few exceptions, by construction exclude people experiencing homelessness. Dedicated efforts

to survey this population confront the difficulty of obtaining representative samples and are

likely to suffer from bias from non-response and misreporting, issues that may be especially

problematic in this setting due to the psychological demands, social stigma, and elevated

rates of mental health challenges associated with homelessness. Longitudinal information,

which is crucial for learning about the causes and consequences of homelessness, is especially

difficult to obtain from people whose living situations are constantly in flux.
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Understanding the scope, nature, and causes of homelessness is crucial for designing ef-

fective, well-targeted, and adequately scaled policy interventions. If we wish to help those

experiencing homelessness, we need to understand who they are – their characteristics, social

and economic circumstances, and the life experiences that left them vulnerable to homeless-

ness. If we wish to mount an adequately scaled policy response and evaluate its effectiveness,

we also need to know whether available estimates of the homeless population size are accu-

rate and reliable, and we need to understand who is and is not included in our data. Other

basic questions that have, to date, lacked answers based on national, representative data

include the elevated mortality risks associated with homelessness, patterns of transitions

between homelessness, housing, and other living situations, and migration histories. With

such fundamental gaps in our present knowledge, it is not surprising that homelessness in

the United States appears to have been rising since the mid-2010s, despite billions of dollars

in annual public expenditures and intensifying public alarm.

This dissertation draws on new data and innovative linkages to make headway on many of

these first-order questions. Chapter 2 examines the completeness and reliability of available

data sources and develops a new estimate of the size of the U.S. homeless population. Chap-

ter 3 examines the level and longitudinal patterns of income and safety net participation

using linked Census and administrative data, and the Chapter 4 provides the first national

calculation of mortality in the U.S. homeless population. These essays provide researchers,

policymakers, and the public with the first national, representative, and rigorously quan-

titative description of key aspects of the U.S. homeless population, while also laying the

foundation for future work to learn about the causes and consequences of homelessness and

design effective, well-targeted, and adequately scaled policy responses to this longstanding

social issue.
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1.2 Historical context

Modern homelessness has roots in the age-old intersection of extreme poverty, transience,

and social stigmatization (Beier and Ocobock 2008). While the term itself was rarely used

before the twentieth century, historical records include many references to what would to-

day be considered homelessness. Laws penalizing vagabondage and vagrancy, widespread

in medieval Europe, made their way to colonial America, where assistance to the impov-

erished was mainly reserved for those with established local residences to the exclusion of

the transient poor (Rossi 1989). The nineteenth century phenomena of industrialization,

urbanization, and post-Civil War social upheavals produced a class of disaffected, mobile

men, often called tramps or hobos, traversing the country in search of work and sleeping in

whatever low- or no-cost accommodations they could find (NAS 2018). Homelessness in the

early twentieth century was marked by the vast shantytowns and squatter encampments of

the Great Depression and Dust Bowl on the outskirts of cities, as well as urban poverty that

was increasingly concentrated in slum districts known as skid rows, where down-and-out

members of society could find low-cost, single-room apartments or sleep in bare-bones hotels

known as flophouses.

The modern era of homelessness began in the 1980s, fueled by a marked increase in

the presence of impoverished people, often struggling with mental illness, addiction, and

HIV/AIDS, living and sleeping in urban centers (Burt 1992). Explanations put forth for this

rise include gentrification and the demolition of skid row housing, the societal movement to

deinstitutionalize people with severe mental illness, epidemics of HIV/AIDS and intravenous

drug use, and economic factors like unemployment and rising housing prices. Many cities

also decriminalized practices like loitering and other so-called “public nuisances” around this

time, which in turn may have made pre-existing issues more visible. Whereas historical

homeless populations consisted mainly of single, white men, the homeless population that

emerged in the 1980s included large shares of Black individuals, women, and children (Lee
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et al. 2010).

Unlike earlier eras, the so-called “new” homelessness was concentrated not in slum districts

or on the outskirts of cities, but in the heart of busy and affluent urban centers. This increased

visibility brought homelessness to the forefront of social issues and sparked a new wave of

research and policy initiatives, most notably the establishment of federal funding for shelters

and other services through the McKinney-Vento Homelessness Assistance Act of 1987 and

its subsequent reauthorizations. The modern era of homelessness has also been marked by

efforts to improve and systematize the collection of data on people experiencing homelessness,

with major initiatives including the establishment of the congressionally mandated Annual

Homeless Assessment Reports (AHARs) in 2007 and the creation of Homeless Management

Information System (HMIS) databases to record engagement with homeless services. Today,

public expenditures on homelessness are substantial, with over $10 billion in direct federal

funding allocated in 2024 in addition to significant state, local, and private expenditures that

are not tracked in a centralized fashion (USICH 2023). While public interest in this issue

has ebbed and flowed since the 1980s, homelessness has once again risen to the top of the

policy agenda in recent years. Figure 1, which displays the frequency with which the term

“homeless” appears in Google’s catalogue of published works between 1960 and 2019, offers

one objective measure of how interest in homelessness has changed over time, with a surge

in interest between 1980 and 1990 followed by a decline through 2010 and then a steady

rise through 2019, the last year for which these data are available. Increased interest over

the past decade has coincided with an apparent sharp increase in unsheltered homelessness,

particularly in Los Angeles and other West Coast cities. The predominant causes of this

recent rise are not understood and remain the subject of much recent debate, as discussed

in Section 5.
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1.3 Definitions

In the most basic sense, homelessness is a housing status characterized by the lack of a

conventional dwelling. The U.S. Department of Housing and Urban Development (HUD)

differentiates between sheltered homelessness (sleeping in a facility designated to provide

emergency or transitional accommodation to those with no other housed option) and un-

sheltered homelessness (sleeping at a location not intended for human habitation, like a

tent, vehicle, abandoned building, or public place). People residing in such locations are

said to be experiencing literal homelessness. Some definitions, such as the one used by the

U.S. Department of Education, include people residing in so-called “doubled up” situations

of shared, tenuous housing, such as those with a time-limited arrangement to sleep on the

couch of a friend or relative. Chapter 2 of this dissertation discusses the merits of different

definitions of homelessness, with the key insight being that literal homelessness is a useful

category because in most cases it represents a hardship that is more severe than doubling

up or residing in low-quality housing.

In practice, many ambiguities may arise when deciding whether to classify a living sit-

uation as literal homelessness. There is no single accepted definition of a homeless shelter,

and population estimates can vary widely depending on how such definitional ambiguities

are resolved in data source. For example, many facilities that HUD classifies as homeless

shelters, such as domestic violence shelters, hotel and motel beds paid by vouchers from

homeless service providers, and many transitional housing units that provide longer-term

residences, were classified in the 2010 Census not as homeless shelters but as other types

of group quarters or conventional housing. Unsheltered homelessness is similarly subject to

definitional ambiguities, particularly when considering people who live nomadic or itinerant

lifestyles either by personal preference, economic necessity, or some combination of the two.

For example, some may consider those who reside full-time in Recreational Vehicles (RVs)

or boats to be homeless, but others may not consider these living situations to be home-
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lessness unless additional criteria related to the quality of living quarters and the legality of

their tenure are met (e.g., a paid campground versus a parking lot). Reasonable observers

may similarly disagree as to whether people living in horse-riding stables or traveling with

carnivals and circuses for work should be considered homeless.

Many people have strong beliefs about what homelessness is and is not, conceptions that

may include criteria not included in official definitions, such as extreme economic deprivation

or stigmatization. People residing in temporary shelters due to natural disasters, those who

are internally displaced by conflict or seeking asylum, and women residing in shelters after

fleeing domestic violence are all disadvantaged groups experiencing severe housing-related

hardship, but the pathways to their current living situation likely differ in important ways

from most people experiencing homelessness and researchers may wish to consider these

groups separately rather than including them in studies of literal homelessness. With so

many definitional ambiguities, interpreting the results of any study on homelessness requires

a nuanced understanding of the coverage of the underlying data source.

Although some people spend long periods of time without conventional housing, literal

homelessness is a transitory status for most people who experience it. Much of the academic

literature emphasizes heterogeneity by length of homelessness (Kuhn and Culhane 1998). As

researchers, we may be most interested in people who are chronically homeless if we think

these individuals form the most deprived segment of this population, if we think that the

harm from homelessness is increasing substantially in the length of time spent homeless, or

if we think that these individuals are the most difficult to house. On the other hand, we

may be more concerned with the incidence of homelessness, i.e., the number of new spells in

a period, if we believe that the harm of homelessness is greatest at its onset and diminishes

over time. Homelessness, no matter how brief, is also an unambiguous and severe indicator of

economic hardship that can help researchers identify the most deprived segment of the U.S.

population, which in turn can be useful for learning about the context of extreme poverty
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within which homelessness arises.

1.4 Causes

To think about how and why homelessness occurs in the course of a person’s life, it can be

helpful to consider a stochastic model of housing consumption, as applied to this context

by O’Flaherty (2010). In such a model, an individual’s income consists of a permanent and

transitory component, and homelessness occurs when a precipitating event causes income to

fall below the cost of the lowest quality housing available to that person. The cost of the

lowest quality housing may be determined by local housing markets, household composition,

discrimination, criminal records, and credit history, among other factors. The permanent

component of income reflects long-term circumstances, such as education and human capital,

sustained family support, substance abuse disorders, or physical and behavioral health con-

ditions. The transitory component reflects short-term, unanticipated changes to resources,

such as those from a job or benefit loss, a short-term health crisis, or a relationship dispute.

Faced with uncertainty, people may smooth their housing consumption through formal or

informal saving and borrowing, by drawing on cash or in-kind support from friends and

family, or through emergency financial assistance programs for people at risk of homeless-

ness. In this model, an individual’s probability of becoming homeless depends on the cost

of the lowest-quality housing available to them, the level of their permanent component of

income, the volatility of their transitory component, and their ability to smooth housing

consumption.

The above-described model assumes that people consider homelessness to be worse than

the lowest-quality available housing. But this assumption may not always be satisfied, de-

pending on the attributes of available housing, homeless shelters, and outdoor living options

and a person’s preferences. Very low-cost housing options might include residing in units

that are crowded, unclean, unsafe, located in an undesirable location, or do not allow pets
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or storage of possessions. Some housing options, including both institutional settings like

group homes and shared housing with friends and family, may also come with requirements

related to substance use, medical treatment, or other rules like curfews that people find oner-

ous. Attributes of homeless shelters and unsheltered locations also vary substantially. Some

homeless shelters provide long-term placements, especially for families with children, that

people may find preferable to the extremely low-quality conventional housing available to

them. Outdoor locations may similarly be more or less onerous due to factors like weather,

the availability of services like meal deliveries and medical care, hygienic facilities, policing

and the frequency of encampment sweeps, and local ordinances that criminalize behaviors

like sleeping or storing belongings in public areas, substance use, and panhandling. Account-

ing for people’s preferences and the attributes of housed and homeless living situations is

increasingly thought to be an important aspect of understanding what types of policies will

be most effective in reducing homelessness.

In addition to learning about individual pathways to homelessness, the stochastic model

can also be useful for thinking about the determinants of aggregate homelessness and rea-

sons for geographic variation. The minimum housing cost in a locality may be high due to

market conditions, regulations that limit the availability of low-quality housing, or policies

that make it difficult to evict tenants for non-payment of rent, to name a few factors. The

size of the population with low permanent incomes and volatile transitory incomes might

depend on the generosity of safety net programs, poverty rates, and the prevalence substance

abuse and behavioral health conditions in the population. Policies that facilitate consump-

tion smoothing, such as emergency financial assistance for people at risk of homelessness,

and those that affect the quality of housed and homeless accommodations, such as local

ordinances criminalizing activities often associated with homelessness, may similarly affect

the size of the at-risk population. When seeking to understand aggregate homelessness in

a particular area, migration may also be an important consideration, particularly if local
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attributes or policies make it particularly attractive or undesirable.

The stochastic model of housing consumption sheds light on the proximate causes of

homelessness and factors that elevate or reduce risk. Truly understanding the drivers of

homelessness, however, means asking why some individuals find themselves with low perma-

nent incomes, volatile transitory incomes, or few resources to smooth housing consumption

when met with an unfortunate turn of events. Extreme socioeconomic disadvantage is known

to be rooted early in life, and factors like parental investments in development, quality of

education, health endowments, neighborhood effects, adverse childhood experiences and dis-

crimination likely play key roles in the human capital processes that leave someone vulnerable

to homelessness as an adult. Other adverse experiences through the life course, such as in-

carceration, may also shift the parameters of the stochastic model of housing consumption

to increase the likelihood of becoming homeless.

1.5 Key debates

The preceding section offered a conceptual framework for thinking about the causes of in-

dividual and aggregate homelessness without taking a stance on which factors are most

important. In practice, policy debates and academic discussions tend to center on two op-

posing narratives about the primary drivers of homelessness. The first viewpoint maintains

that homelessness is fundamentally a problem of housing affordability, while the second em-

phasizes the failures of existing service networks to meet the needs of people with severe

substance abuse conditions and mental illness.

Proponents of the housing-centric viewpoint often illustrate their argument with an anal-

ogy to the children’s game of musical chairs (Demsas 2023). When there are enough chairs,

everyone has a place to sit; but as chairs get removed, the weakest children are left stand-

ing. Analogously, the argument goes, the scarcity of low-cost housing options means that

inevitably some people will end up homeless, and this population will consist disproportion-
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ately of the most vulnerable individuals, including those who grapple with mental illness

or addiction. As evidence, they point to elevated rates of homelessness in high-cost cities

like Los Angeles and New York, places where policymakers have prioritized the interests of

homeowners over renters with regulations like density restrictions and mandatory commu-

nity input on new developments (Colburn and Aldern 2022). Proponents of this view often

cite gentrification’s displacement of low-income dwellings like single room occupancy (SRO)

units in the mid- to late-twentieth century as a major factor driving the emergence of modern

homelessness in the 1980s.

The basic premise of the second, service-centric viewpoint, is that chronic homelessness

arises due in large part to failures of the existing support and service systems to meet the

needs of people struggling with severe addiction and mental illness, and that some people

would struggle to remain housed even if sufficient free or extremely low-cost housing were

available (Evans et al. 2019). In this view, simply providing housing without first rehabili-

tating or ameliorating these disabilities will not be an effective strategy for reducing home-

lessness. Proponents of this narrative note that addiction and homelessness have always gone

hand in hand, even as the predominant substances have changed over time. Proponents also

cite the deinstitutionalization movement of the mid-twentieth century, a set of reforms aimed

at moving people from public mental hospitals to community-based care, as a predominant

cause of the rise in homelessness in the 1980s. This viewpoint, which was widely espoused

in the 1980s and 1990s, fell out of favor over the following decades but has reemerged in

policy discussions in recent years, prompted by the rise in unsheltered homelessness along

with the epidemic of deaths from opioids and other substances and increased adoption of

local policies to decriminalize their possession and public usage. As one indication of this

shift, in 2023 the state of California and New York City both implemented policies to allow

courts and first responders to involuntarily commit people experiencing homelessness with

severe mental illness to treatment.
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These two viewpoints map closely onto different types of interventions for reducing indi-

vidual homelessness. The service-centric model emphasizes the progression from treatment

programs to permanent housing, often requiring clients to achieve certain benchmarks, like

sobriety, on the way. In recent decades, however, service providers have increasingly been

shifting towards a housing-centric approach to addressing homelessness, with the reason-

ing that stable housing is a precondition to addressing disabilities and improving economic

prospects. This approach, known as Housing First, seeks to provide stable residences to

chronically homeless individuals with few conditions, although wraparound services are typ-

ically made available to those who choose to use them. A closely related set of policies that

provide emergency cash assistance and housing subsidies have also grown in prominence

and seek to keep people housed or rapidly move them back into housing when they become

homeless. As summarized in O’Flaherty (2019) and Evans et al. (2019), a growing body of

experimental and quasi-experimental studies suggest that housing subsidies, whether tem-

porary or permanent, appear to be more successful at reducing individual homelessness than

non-housing interventions.

Most of the empirical evidence on reducing homelessness has centered on interventions

aimed at reducing individuals’ probabilities of becoming or remaining homeless, but per-

haps a more crucial question is what policies can reduce aggregate homelessness (O’Flaherty

2019). Such policies might include federal funding for different types of homeless services

such as permanent supportive housing, eviction-related policies like moratoria and free le-

gal representation, measures to alter the desirability of unsheltered accommodations, and

changes to the vast array of housing market restrictions that some observers maintain are

the fundamental drivers of homelessness. General equilibrium effects like migration to places

with more generous safety nets, behavioral responses from tenants and landlords, and the

musical chairs-style displacement of one individual from a low-cost housing unit in favor of

another, could attenuate or reverse in aggregate the partial equilibrium responses of policies.
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Research into policies that can successfully reduce aggregate homelessness remains scarce,

however, due in part to the difficulties of obtaining reliable, longitudinal population esti-

mates and in part because it is much more costly to carry out experiments or to find natural

experiments to identify the causal effects of large-scale policies.

1.6 Contributions

This dissertation’s introduction has provided a high-level overview of the issue of homeless-

ness, its historical context, conceptual issues when defining homelessness and contemplating

its causes, and ongoing debates about the primary drivers of homelessness and the most

effective responses. A recurring theme is the intractability of this issue over time and the

major gaps in our present understanding, driven largely by the lack of adequate data.

The three main chapters of this dissertation are the first installment of an ambitious new

research agenda that adopts novel approaches to address key data challenges and unlock

new insights into the scale, nature, and causes and consequences of homelessness. Our use

of large, national datasets, which we link to detailed, accurate, and longitudinal information

from administrative data, represents an important departure from prior work and allows

us to provide the first rigorously quantitative and national description of the hardships

associated with homelessness. These analyses provide valuable new insights into the size

of this population, the coverage of available datasets, and the material circumstances and

elevated mortality risk associated with homelessness. They also complement prior work by

helping to understand the generalizability of studies based on small, localized samples and

self-reported information contained in surveys. By demonstrating the usefulness of new data

and approaches to study this complex and intractable issue, this dissertation also lays a path

for future efforts to unlock new insights into the fundamental, unresolved questions that have

animated – and frustrated – policy discussions and social research on homelessness for many

decades.
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1.7 Exhibits

Figure 1.1: Usage of the Word “Homelessness” in Books Published in 1960-2019

Sources: Google Ngram Viewer. Notes: Series height reflects the frequency with which

words or phrases appear in published books included in Google’s Ngram Viewer’s collection.
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CHAPTER 2

THE SIZE AND CENSUS COVERAGE OF THE U.S.

HOMELESS POPULATION

Abstract

Fundamental questions about the size and characteristics of the homeless population are

unresolved because it is unclear whether existing data are sufficiently complete and reliable.

We examine these questions and the coverage of new microdata sources that are designed

to be nationally representative. We compare two restricted data sources largely unused to

study homelessness, the 2010 Census and American Community Survey (ACS), to restricted

Homeless Management Information System (HMIS) data, HUD’s public-use point-in-time

(PIT) estimates, and the Housing Inventory Count (HIC) at the national and individual

level. We also develop a new approach to estimating the size of the sheltered homeless

population using linked Census and HMIS microdata. Our analyses suggest that on a given

night there are about 400,000 people experiencing homelessness in shelters in the U.S. and

about 200,000 people sleeping on the streets, with this latter estimate subject to greater

uncertainty. More than 90 percent of those in shelters appear to be counted in the Census,

although many are classified as housed or in other group quarters, due largely to ambiguity

in the definition of a homeless shelter. This paper lays the foundation for pathbreaking

future work with these data on the U.S. homeless population.1

2.1 Introduction

Despite widespread concern about those experiencing homelessness, many of the most ba-

sic questions about this population, including the first-order question of population size,

1. This essay is joint work with Bruce D. Meyer and Kevin Corinth.
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are unresolved. Relatedly, the extent to which the Decennial Census and Census Bureau

surveys include those experiencing homelessness is unclear in Census documentation and

publications, and the empirical extent of coverage has not been examined. In this paper, we

compare two restricted data sources that have been largely unused to study homelessness to

administrative shelter records and less detailed public data. We also develop a new approach

to estimating the size of the sheltered homeless population by linking together Census and

administrative shelter microdata, an approach that under our stated assumptions provides

a reliable estimate of the true population. We evaluate the usefulness of these datasets

to advance our understanding of this difficult-to-study group and lay the foundation for

pathbreaking future work using these data.

Efforts to count the U.S. homeless population confront substantial challenges. Because

people experiencing homelessness lack a fixed domicile, they cannot be counted using stan-

dard address list-based approaches like those most often used in the Census and household

surveys. They must instead be counted in the shelters, soup kitchens, encampments, vehi-

cles, or parks where they happen to be staying at a given time. This difficulty is at times

compounded by mistrust of authorities, mental illness or substance abuse, involvement in the

underground economy, local ordinances that restrict activities associated with homelessness,

or other factors that contribute to a desire not to be found (Corinth, 2015, Glasser et al.,

2013).

Given these difficulties, the reliability of available estimates, particularly the Department

of Housing and Urban Development (HUD)’s point-in-time (PIT) count, is frequently called

into question. The PIT is widely cited in the media and often used to allocate resources

and inform policy, yet the handful of existing studies on its quality have been limited in

geography and scope and are outdated (Hopper et al., 2008; Agans et al., 2014). A 2020

report from the U.S. Government Accountability Office (GAO) determined that the PIT “did

not provide a reliably precise estimate of the homeless population,” in part, according to the
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report, because of the decentralized and non-uniform way that local bodies carry out their

counting operations. O’Flaherty (2019) observes that PIT data on the unsheltered home-

less population are largely gathered by a “loosely supervised army of amateur volunteers”

whose “diligence, understanding of the process, and lack of bias are all open to question.”

The completeness and coverage of shelter-use microdata, which are employed in the PIT’s

sheltered homeless estimates, have gone largely unstudied. By comparing the PIT’s estimate

of the U.S. homeless population to independent estimates, this paper provides the most com-

prehensive assessment to date of the quality of both the aggregate PIT and the microdata

underlying its sheltered population estimates.

Our approach draws on restricted microdata from the 2010 Census, the American Com-

munity Survey (ACS), and Homeless Management Information System (HMIS) databases

from Los Angeles and Houston. The ACS and HMIS include people in homeless shelters,

while the Census includes both sheltered and unsheltered homeless individuals. We compare

these restricted data to each other and to HUD’s PIT estimates and the Housing Inventory

Count (HIC). Our restricted data have important advantages over public data. Like the PIT,

the ACS and Census are designed to be representative of the entire U.S. homeless popula-

tion. Unlike the PIT, however, the Census, ACS, and HMIS include individual linkage keys

so that the microdata can be linked across sources and to administrative data to examine

longitudinally a range of social and economic characteristics. The ACS and HMIS data also

in themselves contain a rich set of information about homeless individuals. By examining

the coverage and reliability of Census, ACS, and HMIS data, this paper lays the foundation

for future work taking full advantage of these datasets to learn about the U.S. homeless pop-

ulation. This paper also provides valuable insight into the coverage of people experiencing

homelessness in the Census and household surveys, some of the most fundamental sources

of data on the U.S. population.

We begin with an aggregate comparison of unsheltered and sheltered homeless estimates
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in the Census and PIT. We find that the Census and PIT’s unsheltered estimates are quite

close to one another, providing encouraging but not definitive evidence of the estimates’ ac-

curacy. Moreover, despite what appear at first to be major differences in sheltered homeless

estimates, the Census and PIT in fact produce similar estimates once we account for straight-

forward definitional and weighting differences. Specifically, the PIT’s sheltered homeless

population estimate includes people in domestic violence shelters, those in voucher-funded

hotel and motel rooms, and people in non-shelter facilities, whereas the Census and ACS

classify these groups of people as belonging to other, non-homeless statuses. We also describe

an aspect of the ACS’s weighting methodology that inflates sheltered homeless population

estimates by over 30 percent in each year to represent people not included in the survey’s

scope. Adjusting for straightforward definitional differences and correcting the ACS weight-

ing brings the Census and ACS estimates much closer to the sheltered PIT estimate. The

fact that these two sources produce similar estimates despite employing substantially differ-

ent methods bolsters our confidence in both estimates, although we discuss potential sources

of bias relative to the true homeless population that may net out in aggregate comparisons.

Our second set of analyses compare data sources at the person level. We link HMIS

shelter use microdata from Los Angeles and Houston to the 2010 Census to learn more

about both sources’ coverage and to assess the usefulness of Census microdata to study this

population. Under stated assumptions and after accounting for likely errors in shelter exit

date reporting in the HMIS data, we estimate that about 80–95 percent of people who were

indicated as being in HMIS shelters on the date of the Census’s homeless counting operation

were counted in the Census, although only about 35–45 percent of them were included in

the Census’s sheltered homeless count, with the rest being counted as housed, unsheltered

homeless, or in other types of group quarters facilities. We provide evidence that errors in

shelter exit date tracking in HMIS are an important reason for these status discrepancies.

We also show that many HMIS facilities, particularly transitional shelters where homeless
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individuals can reside for up to two years, appear to have been often classified as housing

units or other types of group quarters rather than homeless shelters by the Census. Finally,

we note that many people may have responded to the Census while housed before entering

a shelter or after exiting it during the long window of potential Census response, which ran

from mid-March to well into May 2010.

Unexpectedly, our microdata comparisons reveal extensive double-counting of homeless

individuals in the 2010 Census. We estimate that 21–24 percent of the sheltered homeless,

45–56 percent of those counted in soup kitchens and while using food vans, and 29–35 percent

of those at outdoor locations had at least one housed record in addition to their homeless

record in the 2010 Census. We rule out widespread erroneous linkages and misclassification

of housed people as homeless and provide evidence that double counting arises primarily

when homeless individuals are included on the Census questionnaire of a household where

they occasionally reside or where they resided within a few months of the Census’s homeless

counting operation.

Finally, we develop a new approach to estimating the size of the sheltered homeless

population using linked Census and HMIS shelter microdata. This method draws on dual

system estimation techniques used frequently in demography and in ecology and allows us

to obtain a reliable estimate of the true population under certain assumptions. In brief,

we take the share of people in HMIS shelters in Los Angeles and Houston on the Census

date who were included in the Census’s homeless counting operation as an estimate of the

share of the true sheltered homeless population in the Census. We then scale up the Census

estimate by the inverse of this share to adjust for under coverage and obtain an estimate of

the true sheltered homeless population. This approach does not make assumptions about

the completeness of the Census or PIT, but does rely on several assumptions, including the

assumption that those counted and uncounted in the Census are equally likely to appear in

the HMIS data, an assumption that is plausible but difficult to verify. Using these methods,
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we estimate the sheltered homeless population size in 2010 to be 367,000–382,000 people, or

about 5–10 percent lower than the 2010 PIT estimate and about 27–32 percent larger than

the Census count after straightforward definitional adjustments. These analyses suggest that

about 93–97 percent of people who were in shelters on the Census date were included in the

Census in some status. In addition to providing a new population estimate, this section

serves as a blueprint for future researchers seeking to estimate the homeless population as

additional data become available.

Our analyses produce several key insights into the size of the U.S. homeless population.

We find that, despite what initially appear to be substantial differences between 2010 Census,

ACS, and PIT estimates of the homeless population, these sources produce very similar

estimates once we account for definitional and weighting differences. We evaluate these

aggregate comparisons for the sheltered homeless population with our dual system approach.

Taken together, these estimates suggest that on a given night there are about 400,000 people

experiencing homelessness in shelters in the U.S. and about 200,000 people sleeping on the

streets, with the latter number subject to greater uncertainty. At the same time, our results

highlight the fact that there is considerable ambiguity about what types of facilities constitute

homeless shelters and that population estimates are sensitive to how these ambiguities are

resolved.

Beyond population estimates, this paper also advances our understanding of homeless

individuals’ coverage in the Census. Our findings suggest that the Census was able to include

more than 90 percent of sheltered homeless individuals, although oftentimes it classified them

as housed or as residing in non-shelter group quarters facilities. At the same time, widespread

instances of double counting of homeless individuals in the Census paint a picture of a

highly mobile population that frequently transitions between housed and homeless living

situations. These findings suggest that household surveys that rely on Census address lists

may incorporate homeless individuals more often than previously thought. By establishing
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the broad coverage and reliability of the new data sources, this paper lays the foundation

for pathbreaking future work using the Census, ACS, and HMIS datasets, including efforts

to learn about this population’s longitudinal patterns of income and safety net participation

and the heightened mortality risk associated with homelessness.

This paper proceeds as follows. Section 2.2 discusses past efforts to estimate the size of

the homeless population and summarizes the literature on the quality of available estimates.

We also define homelessness and discuss the merits of the definition we use relative to others.

Section 2.3 describes our data, including the 2010 Census, ACS, PIT, and related datasets.

Sections 2.4 and 2.5 describe our methodology and results for aggregate and microdata

comparisons, respectively. Section 2.6 describes our dual system estimate of the sheltered

homeless population size. Section 2.7 discusses these findings and Section 2.8 concludes.

2.2 Background and related literature

2.2.1 Prior efforts to estimate the homeless population size

In the 1980s, an apparent rise in homelessness and a surge in media coverage inspired nu-

merous attempts to estimate the U.S. homeless population. Intense controversy surrounded

these efforts from the beginning. HUD’s first national estimate in 1984 placed the popu-

lation between 250,000 and 350,000, but their findings were criticized by advocacy groups

who maintained that the true number was as high as three million (U.S. General Accounting

Office 1985). In a 1992 meta-analysis, Shlay and Rossi (1992) observed that most of the

60 studies they reviewed relied on an unreasonable degree of extrapolation or speculative

assumptions and amounted to “sheer guesses” of the homeless population size.

HUD began publishing point-in-time (PIT) estimates in its Annual Homeless Assessment

Report (AHAR) in 2007 in response to a directive from Congress. As a national source of

longitudinal population estimates, the PIT represents a major advance over previous efforts
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to count the homeless. It is nevertheless imperfect. HUD engages local homeless service

coordinating bodies, known as Continuums of Care (CoCs), to carry out PIT operations and

allows them to employ a range of methods. In practice, the techniques used and resources

invested vary substantially – as does, presumably, the quality of estimates (U.S. Department

of Housing and Urban Development 2014).2

A small body of research examines the completeness of unsheltered PIT counts. Several

studies have dispatched decoy homeless individuals on the night of the PIT and later reported

the share that were included in the PIT. One such study during a 2005 point-in-time count

in New York City found that 30 percent of decoys were missed by enumerators (Hopper et

al., 2008). The authors also surveyed a sample of homeless individuals about their sleeping

arrangements the night of the PIT and estimated that 31–41 percent would not have been

visible to counters. In Los Angeles in 2009, Agans et al. (2014) conducted a post-PIT

telephone survey asking residents if they knew of homeless individuals who had spent the

previous night on private property and would have therefore been missed by that city’s PIT.

The authors estimated that 20 percent of Los Angeles’s unsheltered homeless population

would have been missed by the PIT.

The literature pays less attention to the sheltered PIT. These estimates are thought to

be more reliable because they are in many cases derived from the Homeless Management

Information System (HMIS) database. In practice, HMIS data quality varies between shelters

and over time. Cronley (2011) found wide variation in the frequency and thoroughness of

HMIS record-keeping among 24 homeless service provides in Michigan and Tennessee during

the early years after the system’s implementation.

The Census made its first systematic attempt to enumerate homeless individuals during

a 1990 operation called Shelter and Street Night (S-Night). S-Night’s count of 228,621

individuals fell far below consensus estimates at the time, prompting the Census Bureau

2. The 2009 AHAR, for example, singled out Detroit and New Orleans as having conducted counts of
particularly suspect quality that year (U.S. Department of Housing and Urban Development 2010).
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to state that “S-Night was not intended to, and did not, produce a count of the ‘homeless’

population of the country” (Martin 1992). Various S-Night evaluations found that decoys

deployed in five cities to act as unsheltered homeless persons were only counted 22 to 66

percent of the time (Wright and Devine 1992).

The Census Bureau aimed to improve on the S-Night methodology with its first Service-

Based Enumeration (SBE) in 2000, visiting shelters, food vans, soup kitchens, and a list of

pre-identified outdoor locations. This effort produced a count of 280,527 individuals and

again received an official caveat: “We cannot be certain that all places were covered or that

all people normally using shelters were included in the shelter counts. Nor can our coverage

of targeted outdoor locations be considered to have been exhaustive due to the difficulties

in mapping such temporary and elusive sites” (Smith and Smith 2001).

The 2010 SBE fared better than the previous two attempts. Meyer et al. (2022) provide

a preliminary analysis of the characteristics of those included in the 2010 Census homeless

counting operation and demonstrate the types of analyses that can be undertaken once the

coverage of this population in the Census is better understood. We discuss the 2010 SBE in

depth in Section 2.3 of this paper.

2.2.2 Defining the homeless population

In this paper, we follow HUD’s definition of literal homelessness. People are literally homeless

if they have “a primary nighttime residence that is a public or private place not designed for

or ordinarily used as a regular sleeping accommodation for human beings, including a car,

park, abandoned building, bus or train station, airport, or camping ground” (the unsheltered)

or if they are living in “a supervised publicly or privately operated shelter designated to

provide temporary living arrangements (including congregate shelters, transitional housing,

and hotels and motels paid for by charitable organizations or by federal, State, or local

government programs for low-income individuals).” This is the definition of homelessness
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that guides HUD’s point-in-time count and it aligns closely with the population targeted by

the Census’s homeless counting operation.

We distinguish people experiencing literal homelessness from those who are precariously

housed, have low-quality accommodations, or face imminent risk of homelessness for some

other reason. Policymakers and researchers are often rightly concerned about hardships faced

by people in these categories and at times include them in official definitions of homelessness.

The Department of Education, for example, defines homelessness to include children “sharing

housing with others due to loss of housing, economic hardship, or a similar reason,” otherwise

known as doubling up (U.S. Department of Education, 2021).

While such situations often reflect housing-related hardship, we maintain that literal

homelessness is the most useful definition for economists. For one thing, literal homelessness

indicates a level of material deprivation that in most cases exceeds the hardship experienced

by those who are precariously housed or doubled up. The choice of where to live reflects

a complex economic calculation by maximizing agents whose choice set typically includes

homeless shelters. When shelter beds are available, the decision to share housing or live in

subpar accommodations indicates a revealed preference for these living arrangements over

literal homelessness.

Moreover, it is not clear that shared housing reflects economic hardship in most cases.

There are many reasons why shared housing might be preferable to solo living options, as

is well documented in the household formation literature. Reasons include the sharing of

quasi-public goods like appliances, bathrooms, and living space and facilitating trades of

time, resources, and services like housework or informal caregiving for children or the elderly

(Browning et al., 2014). Because it is voluntary, the decision to share living quarters should

not be a priori thought of as bad.

As a practical matter, existing data do not allow researchers to identify people for whom

shared accommodations reflect extreme hardship. Such a determination would require de-
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tailed knowledge of all options in the agent’s choice set, including the quality of accommo-

dations, precariousness of tenure, and other factors that could make housing alternatives

extremely undesirable (e.g. abuse or neglect at home or unsafe conditions in shelters). For

example, when the Department of Education trains educators to identify children who qual-

ify for homeless services due to doubling up, it instructs them to interview parents and/or

students extensively to determine whether personal housing is available, whether they left

their last housing situation under duress (e.g. were evicted or fled abuse or neglect), and

whether their shared housing meets the subjective criteria of being “fixed, regular, and ad-

equate” (U.S. Department of Education, 2021). Educators then make determinations of

doubled-up homelessness on a case-by-case basis. As these training materials illustrate, the

information requirements for making such a determination go far beyond the questions asked

in household surveys.

2.2.3 Time-frame considerations in defining homelessness

We emphasize estimates of the number of people who are homeless at a point in time in this

paper. This decision reflects, in part, the availability of comparable estimates in different

data sources. While HUD produces estimates of the number of people who used homeless

shelters each year, these estimates are not available for the unsheltered and there are no

comparable estimates for the sheltered in other data sources. Moreover, HUD’s annual

estimates are based on data collected by a subset of shelters and then extrapolated to the

entire U.S. using assumptions that are difficult to validate.

Relative to interval-based population estimates, cross-sectional estimates include a greater

share of people experiencing long-term or repeated homeless spells. This group likely includes

people with exceptional difficulty maintaining housing as well as those who have secured ex-

tended shelter placements but nevertheless meet the definition of literal homelessness because

of how HUD classifies those facilities. As discussed in O’Flaherty (2019), which temporal
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convention is most appropriate depends on the question at hand and our (as-yet very lim-

ited) understanding of how the social and private costs of homelessness vary with time spent

homeless. We note, however, that the decision to emphasize the cross-sectional homeless

population aligns with the approach used in other literatures, including those that study

number of people who are in poverty or unemployed at a point in time.

2.3 Data

This section describes the five sources of data on the homeless population used in this paper:

the 2007–2021 HUD PIT and the associated Housing Inventory Count (HIC) dataset, the

2010 Census, the 2006–2018 ACS, and the HMIS microdata from Los Angeles (2004–2014)

and Houston (2004–2015).

2.3.1 HUD’s point-in-time (PIT) estimates

HUD requires that CoCs produce sheltered homeless population estimates every year and

unsheltered estimates at least every other year to maintain federal funding. CoCs’ geographic

areas can encompass a single city or county, a metro area, a collection of counties, or the

so-called “balance of state” outside of one or two major cities. These estimates are known as

the point-in-time (PIT) count because they count (or in most cases, estimate) the homeless

population on a single night, typically in the last two weeks of January. Each CoC plans

and executes its own counting operation using one or more of a set of HUD-approved meth-

ods, typically a combination of enumeration, surveys, and extrapolation, occasionally done

with the help of outside consultants. Many CoCs rely on volunteers to conduct nighttime

canvassing operations, while others conduct multi-day or morning after operations at service

locations. CoCs attempt to mitigate double-counting of the same individual using various

strategies – for example, by asking homeless individuals whether they have already been

counted – but are limited in their ability to de-duplicate unsheltered individuals because
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they rarely collect identifying information. Sheltered counts often rely, at least in part, on

extrapolation from Homeless Management Information System (HMIS) databases.

CoCs also compile an inventory of all beds available for occupancy on the night of the PIT

each year. This inventory is published in a separate dataset called the Housing Inventory

Count (HIC), which lists the number of beds available on the PIT date, the number of people

sleeping there, the target population (e.g., veterans, domestic violence victims, people with

HIV/AIDS), and the bed type (e.g., in a shelter, in a non-shelter location, or in the form of

vouchers for hotels or motels).

2.3.2 2010 Census Service-Based Enumeration (SBE)

The 2010 Census counted people experiencing homelessness during its Service-Based Enu-

meration (SBE) operation. Field staff visited emergency and transitional shelters, soup

kitchens, food vans, and targeted non-sheltered outdoor locations (TNSOLs, e.g. street in-

tersections or parks where homeless individuals were known to sleep) between March 29 and

31, 2010. The list of shelters and unsheltered locations was built using past Censuses’ lists,

internet research, and input from local and state governments homeless advocacy organiza-

tions, in addition to several advance visit and validation operations. Unlike the PIT, the

Census trained enumerators to use uniform methods and apply the same standards nation-

wide when counting people experiencing homelessness. They also collected name and date

of birth when possible.

The Census took several steps to ensure that the same individuals were not counted in

multiple locations (Russell and Barrett 2013). People counted at soup kitchens and food

vans were asked whether they had a usual home elsewhere and to provide an address. The

Census later used a matching algorithm and clerical review to check whether the person was

counted at that address and, if so, kept only the housed record. The Census also used this

algorithm to de-duplicate person records within the SBE universe. However, the Census
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did not resolve potential duplicates between homeless shelters and housed or group quarters

locations.

A team of non-Census researchers concluded that “there was a high level of cooperation

between the homeless service providers such as shelter and day center administrators and

the U.S. Census” (Glasser et al., 2013). Nevertheless, the Census Bureau has issued several

caveats on the completeness of the SBE’s homeless count. An official report noted that

“people experiencing homelessness [could] be counted and included in the census via various

operations [other than the SBE],” meaning that people in difficult-to-classify situations, such

as those precariously housed with friends or acquaintances or residing in motels, might be

grouped in with others who are not homeless in published counts (Smith et al., 2012).3

2.3.3 2006–2016 American Community Survey (ACS)

The ACS differs from the PIT and Census in that it only counts people experiencing home-

lessness in shelters, not those on the streets. It relies on random sampling and collects a

much larger set of information than the other sources, including self-reported information

on demographic characteristics, education, migration, and income and government program

receipt. The ACS is conducted throughout the year and thus its population estimates ap-

proximate an annual average of point-in-time counts.

The ACS bases its sampling frame on extracts from the Master Address File, which is the

Census Bureau’s inventory of known housing units, group quarters (GQ) facilities like home-

less shelters, transitory locations, and selected nonresidential units. Although the Census

Bureau regularly updates this address file, the updating of GQ addresses between Censuses

is operationally intensive and lags behind procedures for updating housing unit addresses

3. For example, people residing temporarily in hotels, motels, campgrounds, or other transitory locations
may have been counted during the Enumeration at Transitory Locations (ETL) operation, and the Census
considers ETL facilities to be a housed status. Some definitions of homelessness also include people who are
“doubled-up,” i.e. sharing accommodations after losing prior housing or due to economic hardship. Such
individuals would have been included on those households’ housing unit questionnaires and not included in
the SBE.
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(National Research Council 2012). As a result, the ACS’s shelter inventory consists primar-

ily of information from the most recent Census and likely becomes increasingly outdated in

the ten years between Censuses. For example, of the homeless shelters selected for the 2008

ACS sample, about 42 percent no longer existed, were unoccupied, or had been converted

into housing units (National Research Council 2012).

2.3.4 Homeless Management Information System (HMIS) data

In addition to the three sources of homeless estimates described above, this paper also

draws on administrative shelter-use microdata from the Homeless Management Information

System (HMIS) databases in Los Angeles (2004–2014) and Houston (2004–2015). Shelters

that receive federal funding are required to track shelter use in an HMIS database, and some

shelters that do not receive federal funding elect to do so as well.

Shelter administrators collect several data elements from all clients, including name and

date of birth, social security number, and characteristics such as race, ethnicity, gender,

veteran status, and disabling conditions. They also track the start and end dates of shelter

enrollment and participation in some non-shelter programs like permanent supportive hous-

ing, rapid re-housing, and unsheltered outreach. Unlike Census data, HMIS data differentiate

between emergency shelters and transitional housing and include shelter names. HMIS data

are often used in part to generate CoCs’ sheltered homeless PIT estimates, although HUD

instructs CoCs to ensure that entry and exit date tracking is reasonably complete and ac-

curate before relying on HMIS-based population totals in the place of canvassing or surveys

administered on the night of the PIT operation (HUD 2012).

2.4 Comparisons of aggregate estimates

In this section, we compare aggregate sheltered homeless population estimates in the PIT

with those in the Census and ACS. Our goal is to understand how much of the difference
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between sources can be attributed to straightforward definitional differences and weighting

procedures. In doing so, we seek to make the Census and ACS estimates more comparable

to the PIT as a precursor to other analyses. Although there are many ways to define

homelessness, we make the PIT’s definition our target because it is widely used by HUD and

service providers.

Figures 2.1 and 2.2 present estimates of the unsheltered and sheltered homeless popula-

tions for each year a given source is available.4 In Fig. 2.1, we see that the 2010 unsheltered

homeless population according to the PIT was 233,534, while the Census estimate was about

ten percent lower at about 210,000. Fig. 2.2 shows that sheltered population estimates differ

more substantially between sources. The sheltered population according to the PIT in 2010

was 403,543, while the Census estimate was 52 percent lower, at about 209,000. The ACS

ranges from 41 to 54 percent of the PIT in the years 2006 through 2010 but then jumps to

between 67 and 75 percent of the PIT in 2011 through 2016. This jump largely reflects the

introduction of a new shelter list and the use of a new population benchmark after the 2010

Census rather than a change in the homeless population size.

2.4.1 Reconciling definitional differences between the PIT count and the

Census and ACS

As a first step towards reconciling different estimates in the PIT count, Census, and ACS, we

account for a handful of straightforward differences in the way these sources define homeless-

ness. Specifically, the PIT’s definition of sheltered homelessness includes people in several

types of facilities outside the scope of the Census’s Service-Based Enumeration and outside

the scope of the ACS’s sheltered homeless estimate, including domestic violence shelters,

Safe Havens, voucher-funded hotel and motel rooms, and non-shelter facilities with beds for

people experiencing homelessness. People residing in these facilities were included in the

4. We exclude PIT and Census totals from U.S. territories in all of these analyses.
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Census but classified as being housed or in other types of group quarters. For example, the

Census classifies people in domestic violence shelters as being in religious group quarters and

does not identify them separately even in restricted data to protect privacy. Safe Havens,

which are small-scale facilities for individuals with a history of chronic homelessness and

mental illness, are a form of supportive housing and hence classified as housing units in the

Census.People residing in hotels and motels, while considered homeless by the PIT if their

stays are funded by vouchers, would have been included in the Census during the enumera-

tion of transitory locations, an operation that is separate from the SBE.5 Beds in non-shelter

facilities, which are included in the PIT, would not be included in the Census’s SBE unless

they had been identified during the Census’s address list updating operation and validated

as homeless shelters by a facility administrator.

We adjust the aggregate Census and ACS estimates to better align their definition of

sheltered homelessness with that of the PIT count. We obtain estimates of the number of

people in Safe Havens from published HUD totals. For the other types of facilities, we can

either directly calculate or estimate the PIT-only population using information available

in the Housing Inventory Count (HIC)’s inventory of shelter beds. In some but not all

years, the HIC includes each shelter’s PIT count and indicators for whether the facility is a

domestic violence shelter, whether it is voucher-based, and whether it is located in a non-

shelter facility. For years where the HIC file is incomplete, or where a given data field is not

available, we impute values using information in surrounding years.

5. Although the Census definition of emergency and transitional shelters technically includes “hotels and
motels used to shelter people experiencing homelessness,” in practice these sites would only be included in
the SBE if a hotel or motel administrator told Census field representatives that “all of the rooms or units
at this building [were] used ENTIRELY to house people experiencing homelessness” (U.S. Census Bureau
2013).
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2.4.2 Correcting bias from ACS weighting of the sheltered homeless

We next discuss an aspect of the ACS’s weighting methodology that causes upward bias

in its homeless population estimates. This bias arises from the ACS’s use of population

benchmarks in constructing person weights. Specifically, a final step of the ACS weight-

ing methodology scales up person weights so that weighted population estimates match

benchmarks produced by the Census Bureau’s Population Estimates Program (PEP). For

the sheltered homeless, this scaling takes place within a broader class of group quarters

types known as Other Non-Institutional (ONI) GQs, a category which also includes group

homes, residential treatment centers for adults, workers’ group quarters, and religious group

quarters. The population benchmark for this group, however, is based on the most recent

Census, and in the Census this category includes several additional types of group quarters

that are outside the ACS’s scope, namely unsheltered homeless locations, domestic violence

shelters, and a few smaller categories. Fig. 2.3 provides a graphical representation of the

ONI category and the various GQ types. The use of this broader population benchmark

in constructing ACS weights means that the sheltered homeless population estimates are

inflated to represent people who are not in the ACS’s scope.

To correct this bias, we estimate the factor by which the ACS scales up the in-scope

population each year by taking the ratio of the 2010 Census population in this ONI category

that was in scope for both the Census and ACS to the population that was in scope only for

the ACS. Dividing the ACS sheltered homeless estimate by this factor allows us to estimate

our target, which is the sheltered homeless population size.

2.4.3 Results from the comparison of aggregate estimates

Fig. 2.4 presents sheltered homeless population estimates with definitional and weighting

adjustments. With adjustments, the Census sheltered estimate rises from about 209,000

to more than 290,000, closing nearly half of the prior gap between the Census and PIT.
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Table 2.1 displays the year-by-year population estimates for each category of the PIT-only

population. Domestic violence shelter occupants comprise the largest group, about 40,000

people each year. Voucher and non-shelter beds each contribute about 20,000 people each

year.

Relative to the Census, the adjusted ACS estimates rise by a much smaller amount

because the definitional adjustment, which increases the population estimate, is counteracted

by the weighting bias correction. Table 2.2 displays the ACS in-scope and out-of-scope ONI

populations in the 2010 Census and presents our estimate of the ACS scaling factor of about

1.32. In other words, we estimate that the ACS’s person weights inflated the homeless

population estimate by about 32 percent to represent people residing in domestic violence

shelters, at unsheltered locations, and in other group quarters types outside the ACS’s scope.

In the end, we are left with definition- and weighting-adjusted Census and ACS estimates

that are about three-quarters of the PIT estimate in each year. We have reconciled about

half of the initial gap between the Census and the PIT, representing about 80,000 people. In

upcoming sections, we discuss potential explanations for the remaining gap between sources,

such as shelter list completeness, ambiguity in the classification of certain facilities, and

discrepancies arising from the timing of Census response.

2.5 Comparisons of Census and administrative shelter microdata

In this section, we compare Census and administrative shelter microdata to further explain

the gap between the sheltered Census and PIT estimates. Specifically, we link HMIS data

from Los Angeles and Houston to the 2010 Census using restricted linkage keys available on

both sources. These links allow us to observe whether and in what housing status particular

individuals from HMIS data were included in the Census. Because HMIS is a key data source

for the PIT, this approach proves informative about the coverage and accuracy of both the

Census and PIT.
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2.5.1 Assessing HMIS data quality

We begin by assessing the quality of HMIS data with the goal of understanding how ac-

curately these data represent those in shelters at a point in time. Accurate shelter entry

and exit dates are critical to this section’s analyses because they allow us to identify people

who were in HMIS shelters during the Census. Fig. 2.5 displays the average daily shelter

occupancy for Los Angeles from January 2009 to December 2013 as implied by HMIS entry

and exit dates. We also indicate the number of HMIS beds available (shelter capacity) as

indicated by the city’s housing inventory count. In Los Angeles, capacity increases each

winter as part of the city’s Winter Shelter Program, which runs from December 1 to March

15. We extrapolate linearly from one year’s point-in-time bed inventory to the next.

Several patterns in the Los Angeles data suggest errors in the exit dates recorded in

HMIS in 2009–2011. First, we observe implausibly large increases in occupancy during these

years’ winter months, leading occupancy to far exceed capacity. We also observe precipitous

drops on a handful of days, including March 31 of 2009 and 2010 and June 15 of 2011,

suggesting that HMIS administrators conducted a purge of open shelter spells on those

dates.6 Analyses of shelter entry rates and hazard rates for shelter exit suggest that the

above-described patterns are driven by incorrect exit dates, not incorrect entry dates.7

Fig. 2.6 displays daily occupancy and capacity in Houston HMIS data for 2009–2013.

Unlike in Los Angeles data, we do not observe precipitous drops on specific dates or occu-

pancy that exceeds capacity. We do not rule out the possibility of errors in recorded entry

6. Los Angeles’ Winter Shelter Program ends on March 15, so large drops on this day, but not other days,
are consistent with the closing of seasonal shelters.

7. Table A.4 in the appendix display HMIS shelter entry rates (as a share of the 2010 Los Angeles
population) by month for 2009-2013 and HMIS shelter exit hazard rates (i.e. the probability of exiting a
shelter in a given month conditional on being in the shelter at the beginning of the month). We observe
similar trends in HMIS entry rates by month across years. Shelter exit hazard rates by month, by contrast,
differ substantially across years. In 2009-2011, the hazard rate for exit in January or February is very low
relative to 2012-2013; in March 2009-2010 and June 2011, in contrast, it is very high relative to those same
months 2012-2013. This table suggests that it is the distribution of exit dates, not entry dates, driving
excessive occupancy in the winter months of earlier years.
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and exit dates in Houston, but we do observe that such errors, if they do exist, appear to

arise in a less apparent and systematic fashion than in Los Angeles.

Several other pieces of evidence point to errors in the entry and exit dates recorded in

HMIS. During the 2004–2014 period, we find that 21.4 percent of individuals have at least

one instance of two or more overlapping emergency and transitional shelter spells, implying

an erroneous entry or exit date for at least one of the spells. Moreover, using methods

described in the next section, we estimate that 2.3–2.5 percent of people indicated by Los

Angeles HMIS data as being in a shelter on April 1, 2010 were counted by the Census in

local jails or state prisons on that day, and we take the Census status in these cases to be

more reliable.89

2.5.2 Linking HMIS data to the Census

We link HMIS data to the 2010 Census using Protected Identification Keys (PIKs). The U.S.

Census Bureau’s Person Identification Validation System assigns PIKs to individuals who

appear in survey or administrative data by searching for a matching record by Social Security

Number (if available), name, date of birth, sex, and address in a reference file derived from

SSA records and augmented with Individual Taxpayer Identification Numbers (ITINs) and

other information (Layne and Wagner 2014).

Table 2.3 presents the share of records in our HMIS and Census datasets that are assigned

a linkage key. Linkage rates are high for HMIS data because shelters frequently collect

SSNs from service users. About 87.9 percent of Los Angeles HMIS shelter users and 95.5

percent of Houston HMIS shelter users in 2010 were assigned a linkage key. Census data

8. HMIS data guide notes that some providers may enter clients into HMIS once they are “accepted” into
a program, but prior to placing them in a bed. It also states that HMIS administrators “often forget to enter
an exit date in HMIS for a client leaving the program since there is no operational trigger to remind them
to do so” (U.S. Department of Housing and Urban Development 2012). The guide further states that some
CoCs have a policy of auto-exiting open shelter spells after 90 days.

9. In Houston, in contrast, the Census records less than one percent of HMIS shelter users as being in
state prisons and local jails on a date when HMIS data indicated they were in shelters.
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do not contain SSNs, so linkage rates depend on the completeness and accuracy of personal

information provided to enumerators, the uniqueness of this information, and the coverage

of the reference file. Linkage rates for the Census data vary by enumeration site type. The

linkage rates in the 2010 Census were 68.6 percent for the sheltered homeless, 42.4 percent

for individuals at food vans, 41.8 percent for individuals counted using soup kitchens, and

17.2 percent for individuals at TNSOLs.

We account for incomplete linkage using inverse probability weights, which are estimated

by obtaining the predicted probability of being assigned a linkage key in a probit model that

accounts for individual characteristics recorded in the Census and HMIS data, including

age, gender, race, Hispanic ethnicity. Ideally, we would like to weight our estimates by

the inverse of the joint probability of being assigned a linkage key in both datasets, but we

cannot directly estimate this target because our data do not allow us to differentiate between

HMIS shelter users who do not appear in the Census because they truly were not counted

and those who were in fact counted but were not assigned a linkage key. To address this

challenge, we estimate bounds on the joint probability of being assigned a linkage key in

both sources under the assumption that being assigned a linkage key in one source does not

make an individual less likely to be assigned a key the other source. See Meyer et al. (2022)

for more extensive discussion of this bounding methodology.

2.5.3 The coverage of HMIS shelter users in the Census

Table 2.4 displays estimated lower and upper bounds on the share of HMIS shelter users

counted in various housing statuses in the Census in Los Angeles. We provide bounds on the

coverage of all HMIS shelter users in the Census, as well as under three sets of refinements

intended to drop individuals with incorrect exit dates. The first refinement drops individuals

with an exit date of March 31, 2010, since the shelter occupancy patterns suggest a purge of

open spells on that date. The second refinement drops individuals who were in shelters with
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names indicating participation in the city’s winter shelter program, which ended on March

15, 2010. Refinement 3 further drops individuals with shelter entry dates prior to March 1,

2010, which is consistent with our understanding that entry dates recorded in HMIS are more

reliable than exit dates. While this last refinement likely drops a large number of people

who were truly in shelters on the Census date, we consider a comparison of results under

the second and third refinements to be useful check for serious problems in HMIS entry and

exit dates.

The share recorded as sheltered homeless in the Census increases with each refinement,

suggesting that we have succeeded in better identifying people who were truly in shelters

during the Census’s homeless counting operation. Refinements 1 and 2 do not cause a large

drop in the weighted count of people in Census shelters; most of the individuals dropped

by these refinements are people who were counted as housed or had unknown status in the

Census. Refinement 3, while allowing us to better identify a set of people who were truly

in shelters, also causes the weighted count of people in shelters to drop substantially. We

therefore suspect that most of the people dropped by refinements 1 and 2 were not in fact

in HMIS shelters on March 30, 2010, whereas refinement 3 dropped many people who were

truly in shelters on that date.

Under refinement 2, we estimate that 43–46 percent of HMIS shelter users were recorded

by the Census in homeless shelters during the SBE. The range comes from the upper and

lower bounds described in Section 2.5. About 8–9 percent were recorded in unsheltered

statuses and about 7–8 percent were recorded in other group quarters facilities. About

24–25 percent were recorded as housed, and about 11–18 percent were not recorded in the

Census and hence have unknown status. Our results indicate that about 82–89 percent of all

people who were in HMIS shelters on that date were counted by the Census in some status.

The last two columns of Table 2.4 display bounds on the share of Houston HMIS shelter

users who were recorded in various statuses in the Census. We do not make any refinements
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because we do not observe obvious, systematic errors in exit date reporting. We see that

35–37 percent of Houston HMIS shelter users were recorded by the Census in homeless

shelters. About 4 percent were recorded as unsheltered homeless, 15–16 percent in other

group quarters facilities, 22–23 percent in housing, and 21–25 percent with unknown status.

These results are similar to those from Los Angeles, but with a few notable differences,

including a smaller share recorded as sheltered or unsheltered homeless and a larger share

with unknown status or in other group quarters. We also note that the weighted total

number of HMIS shelter users was only about 1,500 in Houston, compared to about 5,700

under refinement 2 in Los Angeles.

Explanations for status discrepancies between the Census and HMIS

In this section, we explore potential reasons for discrepancies in individuals’ statuses between

HMIS data and the Census, including Census classification of certain HMIS shelters as

housing units or other group quarters types, discrepancies arising from the timing of Census

responses, and residual HMIS exit date errors.10

While Section 2.4 discussed straightforward differences in the definition of a shelter across

sources, considerable definitional ambiguity remains. In particular, about 40 percent of HMIS

shelter users on the PIT date in Los Angeles and Houston were in transitional shelters,

which provide people experiencing homelessness a place to stay and supportive services for

up to 24 months and typically require that residents possess a lease or occupancy agreement

(U.S. Department of Housing and Urban Development 2018). Because these units provide

longer-term and more stable tenure than emergency shelters, they are likely candidates for

10. We also consider the possibility that erroneous linkages drive the observed discrepancies. Table A.3 in
the appendix displays the share of Los Angeles HMIS shelter users counted in the Census in various statuses
who were found by the Census in California and in Los Angeles county. Nearly 90 percent of HMIS shelter
users counted by the Census in unsheltered locations or other GQ types were found in Los Angeles, and
about 97 percent were found in California. Among those counted by the Census as housed, 74.1 percent
were in Los Angeles County and 84.9 percent were in California. These high geographic agreement rates do
not suggest widespread erroneous linkages.
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classification as housing units in the Census (Smith et al., 2012). Indeed, Table 2.5 shows

that about 35–37 percent of people in transitional shelters in Los Angeles were recorded as

housed in the Census, compared to just 17–19 percent of those in emergency shelters, with

a similar pattern in Houston. Table 2.6 shows that about half of all HMIS shelter users in

transitional housing in Los Angeles were in facilities where on average half of the residents

were recorded in the Census as housed but none were recorded as sheltered homeless, a finding

that further suggests that entire facilities were classified differently in the two sources.

We also find evidence that the Census classified some HMIS shelters as substance abuse

treatment centers, group homes for adults with disabilities, or juvenile correctional facilities,

discrepancies which may also have arisen from ambiguity in the definition of a homeless

shelter. In Table 2.7, we see that of the 7–8 percent of Los Angeles HMIS shelter users

recorded by the Census as being in other group quarters, about 43 percent were recorded

in residential treatment centers for adults, which “provide treatment on-site in a highly

structured live-in environment for the treatment of drug/alcohol abuse, mental illness, and

emotional/behavioral disorders.” The share of HMIS shelters users in this status rises when

we refine our HMIS sample to exclude people with incorrect exit dates, suggesting that

ambiguity in these facilities’ classification, not incorrect exit dates, explains why shelter users

are recorded in this status in the Census. Of the 15–16 percent of Houston HMIS shelter

users in other group quarters in the Census, about one-fourth were recorded in group homes

intended for adults, defined as “community-based group living arrangements that. . . provide

room and board and services, including behavioral, psychological, or social programs.” A

key distinction between residential treatment centers and group homes is that the former

emphasize substance abuse treatment, while the latter are targeted at people with physical

and behavioral health conditions that require a supportive living environment. About 19

percent were recorded in a single correctional facility intended for juveniles, providing further

evidence that entire facilities were classified differently in the two sources.
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Another possible explanation for discrepancies in HMIS and Census statuses lies in the

timing of Census responses from housing units. The SBE recorded individuals’ housing

status during a three-day window at the end of March, while the Census’s housing unit

questionnaire asked people to indicate their residence at the beginning of April. While a

very small number of individuals may have transitioned from shelters to housing between

these dates and hence been recorded as housed, a much larger number might have responded

to the Census before entering a shelter or after exiting one during the long window of potential

Census response. Census questionnaires were mailed to nearly all housing units on March

15, and by March 30, around half of these questionnaires had been received by the Census

Bureau. The window of possible response also extended well beyond April 1, with about 20

percent of households responding during a non-response follow-up operation that began on

May 1. Using the distribution of Census response dates and shelter entry and exit patterns,

in conjunction with the distribution of Census response dates obtained from various Census

press releases and official reports, we estimate that about 5.4 percent of HMIS shelter users

might have been counted in housing before entering the shelter and 7.5 percent might have

been counted as housed after leaving the shelter.11 The timing of Census responses could

therefore account for as much as half of the 24.4 percent of HMIS shelter users recorded by

the Census as being housed.

Finally, some portion of status discrepancies can likely be attributed to remaining errors

in HMIS exit dates. Table 2.7 provides some evidence of residual HMIS exit date errors.

11. We use shelter entry and exit rates from 2012 because we are more confident in the accuracy of exit
date reporting in this year than in 2010. Specifically, we considered the set of people who were in an HMIS
shelter on March 30, 2012 and then for each date between March 1 and March 30, we multiplied the share of
this group that entered the shelter on that day by the share of households that had responded to the Census
by that day in 2010 according to Census reports. Then for each date March 31 to April 30 (the date after
which the Census’s non-response follow-up operation wound down) we multiplied the share of this group
that exited the shelter on that day by the share of households that responded to the Census on or after
that date in 2010 according to Census reports. We then summed these shares across all dates to obtain an
estimate of the share of HMIS Census users who would have responded to the Census before entering the
shelter or after exiting it. This estimate assumes that those who entered or exited the shelter had the same
probability of responding in date range as the broader population.
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Under refinement 2, we observe that about 23 percent of the 7–8 percent of HMIS shelter

users recorded by Census in other group quarters were found in state prisons and local

jails. Because the Census enumeration in prisons and jails relied primarily on administrative

records which are likely highly accurate, we interpret this as evidence of incorrect dates in

HMIS data.

Caveat on the calculation of housing status probabilities

As a caveat, we note that the preceding analyses rely on the assumption that being assigned

a linkage key is random conditional on the covariates in our inverse probability weighting

model, meaning that the probability of being assigned a linkage key should be the same for

a randomly chosen housed person as for a housed person who was recently homeless, given

their covariates. If instead recently homeless individuals were less likely to be assigned a

linkage key, then we would underweight those individuals, a tendency which could explain

our observation that the share with unknown status (the residual category) decreases with

each sample refinement, with each refinement disproportionately dropping underweighted

rather than correctly weighted individuals. Recently homeless individuals who transition to

housing could be difficult to link for various reasons, including the fact that they are less

likely to be associated with their current address in the reference files used for linkage.12

Recently homeless individuals may also have a tenuous attachment to their living situation,

meaning that the person responding to the Census questionnaire might lack complete or

accurate information for them. Because about 90 percent of all housed people in the Census

were assigned linkage keys, compared to 68 percent of the sheltered homeless, this issue could

cause us to understate the count of people in housing and other group quarters by up to

one-third and to overstate the count of people in the residual category (those with unknown

12. It is not necessary that the address on a Census record match the reference file for that record to be
assigned a linkage key. Having a matching address in the reference file helps, however, because the Census
Bureau’s PIKing software uses address to narrow the scope of potential matches in the reference file and
avoid duplicate matches.
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status).

2.5.4 Double counting of homeless individuals in the Census

In this section we assess the extent of what turns out to be frequent double counting of

homeless individuals in the Census. Table 2.8 displays weighted counts of HMIS shelter

users from Los Angeles and Houston whose linkage key appears more than once in various

combinations of Census statuses.13 In Los Angeles, about 800–1,000 people, or 14–17 percent

of the 5,800 HMIS shelter users, were counted in multiple statuses in the Census, most

frequently in two housed statuses or in one housed and one sheltered homeless status. In

Houston, about 10–11 percent of HMIS shelter users had a duplicate record.

Table 2.9 examines double-counting among all individuals counted in homeless statuses in

the 2010 Census more broadly. Specifically, this table shows the share of all people counted

in homeless shelters and in each of the unsheltered statuses who have at least one housed or

other group quarters record in addition to their homeless record, as indicated by the presence

of additional records with that same linkage key. We estimate that about 21-24 percent of

the sheltered homeless, 45-56 percent of those counted in soup kitchens and food vans, and

29-35 percent of those at outdoor locations had at least one housed record in addition to

their homeless record. About 1-3 percent of homeless individuals were included on some

other group quarters record in addition to their homeless record. Among those with other

group quarters records, the most common facilities were group homes, treatment centers,

state prisons, and local jails.14

13. In previous analyses, we de-duplicated these records giving preference to sheltered, unsheltered, other
GQ, and housed statuses, in that order.

14. Duplication is a non-trivial issue in the Census more broadly. The 2010 Census Coverage Measurement
(CCM) study found that about 2.8 percent of all person records in the 2010 Census were likely duplicates. A
report from the Department of Commerce’s Office of the Inspector General (OIG) described a particularly
high risk of duplication for homeless individuals, which they attribute to official guidance that instructed
enumerators to count homeless individuals even if they stated they had been previously counted at another
service location, although the report also noted that this guidance was frequently ignored by enumerators
(U.S. Department of Commerce 2011).
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To understand the reasons for double counting, we first explore the possibility of erroneous

linkage.15 Table 2.10 displays agreement rates for age, gender, race, Hispanic ethnicity, and

county and state of residence among duplicate record pairs in the Census. Among record

pairs where a given characteristic is non-imputed for both records, sex matches in about

94 percent of cases. Agreement rates were also high for age, race, Hispanic ethnicity, and

state and county. Several other facts give us confidence that duplication does not reflect

widespread erroneous linkages. For one, we observe high rates of duplication even for HMIS

shelter users, and we are confident in the high quality of linkage keys assigned to these

individuals because their records contain social security numbers. Second, in other work

we observe that the sheltered and unsheltered homeless individuals counted in the Census

experience persistently low income and high rates of program receipt over the course of a

decade, even relative to a comparison group of poor single adults, patterns that we might

not expect to see if housed individuals’ linkage keys were erroneously assigned to homeless

individuals in the Census (Meyer et al., 2022).

Misclassification offers another potential explanation for double counting. It is possible

that Census enumerators classified individuals observed in soup kitchens and while using

food vans as homeless when in fact those individuals were housed but happened to be using

homeless services. However, we maintain that the potential for misclassification is quite

low for people who were sleeping in homeless shelters and those counted on the streets at

TNSOLs, because these individuals were classified based on where they spent the night.

Frequent double counting even of people in these categories suggests that misclassification

is not the predominant explanation.

Double counting might also occur if homeless individuals were included on the Census

15. We are unable to directly assess linkage quality because there is no single proxy for linkage error among
records assigned a PIK by the Census Bureau’s Personal Identification Verification System (PVS) (Abowd
et al. 2020). (Layne et al. 2014) estimate aggregate false match rates for PVS, but these differ substantially
depending on the nature of the input file and cannot be used to estimate probabilities of correct linkage at
the record-to-record level.
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form of a housed family member or acquaintance with whom they occasionally resided.

As discussed in previous sections, many people likely transitioned between homelessness and

housing during the long window of Census response, a finding that could explain some double

counting. Moreover, because the 2010 Census questionnaire instructed respondents to count

all people “who live and sleep here most of the time,” some homeless individuals may have

been counted at the residence of a relative or acquaintance where they sometimes reside.

We explore this possibility in Table 2.11, which indicates the household characteristics of

homeless individuals who are also included on a housed record. We see that about 19 percent

of the sheltered homeless with a duplicate housed record are the only person residing in

that housing unit, while the share ranges from 12–27 percent for the unsheltered depending

on whether they were counted in a soup kitchen, food van, or TNSOL. The majority of

homeless individuals with a duplicate housed record live with family. We also see that while

the majority of those with a housed record appear on that record as the household head, a

substantial share also appear as the child (typically the adult child) of the household head.

Thus we see that in most cases, homeless individuals with duplicate housed records are not

living alone and are in fact frequently living with family members. This pattern suggests

that much of the observed double counting arises from these individuals’ inclusion on the

Census form of a family member or acquaintance.

2.6 Dual system estimate of the sheltered homeless population

In this section, we use dual system estimation, a statistical technique widely employed in

demography and other fields, to calculate a reliable estimate of the sheltered homeless popula-

tion under certain assumptions. The U.S. Census Bureau has used dual system techniques to

estimate under coverage in Decennial Censuses since 1980.16 The first system consists of peo-

16. This approach is adapted from a method called “mark and recapture” often used in ecology to estimate
the size of animal populations (McCallum 2000).
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ple enumerated in the Decennial Census and the second is an independent post-enumeration

sample of the U.S. population. The share of people in the post-enumeration sample who were

also found in the Census provides an estimate of the Census’s coverage rate. Multiplying

the Census count by the inverse of this share gives a consistent estimate of the true U.S.

population under assumptions we discuss below (Wolter 1986).

In our context, the first system consists of those included in the Census’s sheltered home-

less count. The second consists of people who were in HMIS shelters on the day of the

Census count in Los Angeles and Houston. The share of people in HMIS shelters on the

day of the Census count who were found by the Census gives an estimate of the share of the

true sheltered homeless found by Census. Multiplying the Census sheltered homeless count

by the inverse of this share, we obtain an estimate of the true sheltered homeless population

which is consistent if the number of individuals found in both samples is large and certain

assumptions are met. As an equation,

Sheltered homeless estimate = Census sheltered homeless count× (2.1)

HMIS sheltered homeless count
Count of HMIS sheltered homeless also found by Census in HMIS shelter

We define the true sheltered homeless population to be people who were residing in

facilities that align with the HMIS definition of a homeless shelter on the date of the Census

count, recognizing that this excludes domestic violence shelters. We correct this definitional

inconsistency at a later stage by adding an estimate of the population in domestic violence

shelters to the estimate obtained from Eq. 2.1.

The Census definition of sheltered homelessness differs somewhat from the HMIS defi-

nition as well. In particular, the Census excludes from its sheltered homeless count those

in voucher-funded hotel, motel and non-shelter beds and those in other facilities that HMIS

classifies as shelters but Census classifies as housing or other group quarters, as suggested
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by the analyses in Section 2.5. We use (1) to account for these differences. Such individuals

are appropriately included in the numerator of the ratio but not in the denominator. Eq.

2.1 also accounts for the extent to which the Census missed individuals in HMIS facilities

that the Census defined as shelters.

We draw on results from our linked microdata comparisons in Section 2.5 to estimate the

ratio on the right-hand side of Eq. 2.1. A complication in applying this framework is that

errors in HMIS tend to prolong individuals’ enrollments past their true exit dates. While

we excluded some of these errors that were more easily identified in Section 2.5, other errors

remain. For example, we believe all those found by the Census in jail or prison but recorded

by HMIS as being in a shelter to be exit date errors. Such cases should be excluded from the

numerator of the ratio on the right hand side of Eq. 2.1 because they were not in an HMIS

shelter on the Census date. We must therefore estimate the number of HMIS observations

that are from the time-period outside that of the Census homeless counting operation.

To do so, we estimate the share of those recorded erroneously in HMIS that is consistent

with the count found in jail or prison by taking the share of HMIS shelter users found in

jails or prisons in the Census and scaling it up by the inverse of the share of those leaving

HMIS facilities that end up in jail or prison. We obtain an estimate of this latter ratio using

the Census statuses of the sample of those who we identified as having date errors in Section

2.5, a group that we call HMIS shelter exiters. As an equation,

Count recorded erroneously in HMIS shelter
HMIS sheltered homeless count

= (2.2)

Count found in jail or prison
HMIS sheltered homeless count

× Count of HMIS shelter exiters
Count of HMIS shelter exiters in jail or prison

As a final step, we must also estimate the count of people recorded erroneously in HMIS

that were counted by the Census in non-HMIS homeless shelters. These are people who

exited an HMIS shelter prior to the Census date but then entered a non-HMIS shelter and
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were counted there by the Census. This count, which is a subset of the overall count recorded

erroneously in HMIS shelters that we subtracted from the numerator in (1), should also be

excluded from the ratio’s denominator because these individuals were not in HMIS shelters

on the Census date. To estimate it, we take the share of those leaving HMIS facilities

that ended up in non-HMIS shelters17 and multiply this by the estimated count recorded

erroneously in an HMIS shelter obtained using Eq. 2.2. We perform analogous calculations

for the share that ended up in housing units, other group quarters, and unsheltered statuses

and use these estimates to obtain estimates of the counts in these statuses after correcting

exit date errors.

Table 2.12 displays counts and shares of the pooled Los Angeles and Houston samples

in each Census status. We also indicate the share of HMIS exiters in each status and the

HMIS sheltered homeless in each status after the date corrections described in this section.

Applying counts in this table to Eq. 2.2, we estimate that about 36–38 percent of the

HMIS sheltered homeless were erroneously recorded in an HMIS shelter due to incorrect

dates. Scaling down the HMIS sheltered homeless count by 36–38 percent and assuming that

these individuals are distributed across statuses in the Census according to the distribution

of HMIS exiters’ statuses, we obtain a date-corrected estimate of the share of the HMIS

sheltered homeless in each status in column (4) of the table.

In summary, we estimate that about 60.8–63.8 percent of HMIS shelter users were found

by the Census in shelters. Multiplying the inverse of this share by the Census sheltered

homeless estimate of 209,000 as in Eq. 2.1, we obtain a non-domestic violence sheltered

homeless estimate of about 328,000–343,000 people. To compare this estimate to the PIT,

we add the approximately 39,000 people in domestic violence shelters to obtain a sheltered

homeless population estimate of 367,000–382,000 people, or about 90–95 percent of the 2010

PIT count of about 403,500.

17. These shelters are necessarily non-HMIS because these are the people who were not in HMIS shelters
at the time of the SBE.
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2.6.1 Assumptions of this methodology and caveats

Zhang (2019) formulates the assumptions of the dual system estimator in a setting where the

researcher has access to population data from a population dataset (in our case, the Census

sheltered homeless count), which is treated as fixed, and a population coverage survey (the

HMIS data), which is treated as random.18 Applying these assumptions to our setting, the

dual system estimator from Eq. 2.1 will provide a consistent estimate of the true sheltered

homeless population if four conditions are met. First, there must be no duplicated records

or erroneous enumerations in either the HMIS or the Census homeless count. Second, the

matched records between the HMIS and Census counts must be identified without errors.

Third, the average HMIS capture probability for people in our Census dataset should be

equal to the average HMIS capture probability for sheltered homeless individuals not in our

Census dataset. And fourth, captures in the HMIS must be uncorrelated with one another,

aside from intra-cluster correlations, which are permitted.19

To address the first assumption, we deduplicate records using linkage keys in both the

HMIS and Census data and adjust for apparent exit date errors in HMIS to eliminate er-

roneous enumerations. After taking these steps, we are confident that the first assumption

is reasonably close to satisfied. The second assumption relies on PIK-based linking being

accurate which we believe to be a good approximation to the truth. Our inverse probabil-

ity weights and bounding exercise address account for non-linkage. The fourth assumption,

while difficult to test, strikes us as plausible because it allows for intra-cluster correlations

18. By treating the administrative list as fixed, this approach circumvents the problem of modeling the
population dataset’s potentially complicated data generating process. This approach also allows people who
are and are not included in the population dataset to differ systematically from one another. The decision
to treat the population dataset as fixed simplifies the assumptions for consistency from the extensive list
described in (Wolter 1986).

19. In the most basic formulation of these conditions, the third assumption states that HMIS capture
probabilities must be constant for all sheltered homeless individuals and the fourth assumption states that
captures in the HMIS must be uncorrelated with one another. Zhang (2019) shows that these assumptions
can be relaxed to the formulations described in this text while preserving the consistency of the dual system
estimator.
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(e.g. people residing in the same shelter may have correlated probabilities of inclusion in the

Census).

The third assumption requires further discussion. For this assumption to hold, the aver-

age probability of inclusion in Los Angeles and Houston HMIS shelters among those in the

Census sheltered homeless count must be equal to the average inclusion probability of all

sheltered homeless individuals in the country. In 2010, the Los Angeles CoC estimated that

about 40 percent of shelter users were in HMIS-tracked beds. Using the linked microdata, we

estimate that 36–39 percent of the Los Angeles Census sheltered homeless were enrolled in

HMIS shelters.20 The similarity of these shares provides support for the third assumption in

Los Angeles. Without additional HMIS data, however, we are unable to test this assumption

for the U.S. sheltered homeless population more broadly.21 This remains a caveat on our

findings and a potential question for future work linking other localities’ HMIS data to the

Census.

2.7 Discussion

2.7.1 The size of the U.S. homeless population

A key goal of this paper was to triangulate homeless population estimates across available

sources to improve our understanding of the U.S. homeless population size. We did so by

comparing aggregate estimates as well as linked microdata and by using dual system methods

to obtain a new estimate of the sheltered homeless population that is reliable under plausible

assumptions. In this section, we discuss those findings’ implications for the size of the U.S.

20. See table A.7 in the Appendix.

21. In Houston, we estimate that about 21-22 percent of the Census sheltered homeless were enrolled in
HMIS shelters, a share that is well below the CoC’s estimate that 60 percent of beds were tracked through
HMIS that year. However, this discrepancy appears to be due in part to some HMIS shelters’ exclusion
from our internal files and in part to incompleteness in the CoC’s inventory of non-HMIS shelters from those
years.
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homeless population. We also consider potential sources of bias in the Census and the PIT

relative to the true homeless population. We discuss how these biases could affect aggregate

comparisons and how they might explain differences between the PIT count and Census’s

sheltered homeless estimates and the dual system estimate.

Unsheltered homeless population size

The 2010 PIT’s unsheltered population estimate of 235,000 was similar to the Census’s es-

timate of 210,000 people. We take this aggregate similarity to be encouraging, especially

because this is the first time the widely cited PIT estimate has been compared to an inde-

pendent national estimate. Aggregate comparisons, however, could mask bias in each source

relative to the true population, and we are unable to estimate this population using dual

system methods because we lack a second source of microdata on these individuals. To ad-

dress this concern, we discuss potential sources of bias in the Census and PIT relative to the

true unsheltered homeless population and how biases might affect their aggregate difference.

We can characterize the relationship between each source’s estimate and the true unshel-

tered homeless population on the PIT date (HTrue) with the following equations:

HTrue = HPIT + UPIT −OPIT

HTrue = HCensus + UCensus −OCensus + S

where Hj for j ∈ {PIT,Census} is the is the unsheltered estimate in a source, Oj and Uj

are counts of people who were undercounted (missed in the PIT or Census) and overcounted

(double counted or misclassified as unsheltered), and S is the seasonal difference in true

population sizes (at the time of the PIT minus the Census).

Combining these expressions shows that the aggregate difference between the PIT and

Census reflects the difference between each source’s net error (Uj −Oj) and seasonal differ-
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ences:

HPIT = HCensus + (UCensus −OCensus)− (UPIT −OPIT ) + S

We are interested in the magnitude of each source’s net error because this indicates bias

relative to the true unsheltered homeless population. An aggregate comparison does not

allow us to estimate net error in each source, but it does tell us about the difference of

net error. Results based on Meyer et al. (2022), which compares the ratio of Census to

PIT counts across CoCs accounting for several measures of temperature and precipitation,

suggest that S is small, with reasonable estimates ranging from about -8 to 6 percent of the

Census unsheltered count. We therefore emphasize sources of over and undercounting in this

section.

Overcounting could arise in either source from the misclassification of housed or sheltered

homeless people as unsheltered. Both the Census and the PIT obtain unsheltered estimates

in part from counting people using homelessness services. While both sources’ methodology

documents instruct those doing the count to ask people’s unsheltered status, it is possible

that the chaotic nature of such locations made it impossible to correctly determine everyone’s

unsheltered status, leading to misclassification. However, such misclassification appears to

be small in the Census. Only 2 percent of the Census unsheltered homeless in Houston and

4–5 percent of those in Los Angeles were enrolled in HMIS shelters on the SBE date, an

occurrence that could reflect either misclassification or incorrect HMIS shelter exit dates.

We do not have an estimate of misclassification in the PIT.

Overcounting could also arise due to double counting during both sources’ multi-day

counting operations. This is likely a minor source of bias in the Census because the Census’s

post processing algorithm deduplicated records within the universe of homeless records using

personal information. Table 2.8 shows that it is very rare for someone to be counted multiple

times in sheltered or unsheltered homeless statuses in the Census, although a caveat on this is
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that people who did not provide personal information cannot be deduplicated. CoCs, on the

other hand, rarely collect personal information from unsheltered homeless individuals when

conducting the PIT counts, so deduplication methods are much less sophisticated, typically

consisting of simply asking whether people have already been counted (HUD 2014).

Overall, we suspect that double counting and misclassification are more important sources

of bias in the PIT than in the Census because its counting operations often rely on volunteers

with minimal training whose understanding of and fidelity to protocols may be limited.

Moreover, CoCs apply for funding based on the outcome of the PIT count and hence may

not be indifferent to their outcomes. If overcounting is more widespread in the PIT count

than the Census, then this would explain some of the aggregate difference between sources.

We also consider potential bias from undercounting in each source. Because both the PIT

and Census rely on finding people at service locations and on canvassing outdoor locations at

night, both would tend to miss people who do not use services or choose to sleep in isolated

or hidden locations, such as vehicles or abandoned buildings. This could lead to correlated

undercounting in the sources that would net out in an aggregate comparison. We therefore

expect that some amount of undercounting is present and that the magnitude may be similar

in both sources, but we are unable to estimate this bias using available data.

In summary, we expect both sources’ unsheltered estimates to be biased to some extent

by under and overcounting, but these biases are difficult to estimate. We suspect that

greater duplication and misclassification in the PIT count could explain some of the aggregate

differences between sources. Undercounting may be important in both sources and could net

out in aggregate comparisons, but without estimates of overcounting we cannot determine

the sign or magnitude of net bias in each source’s estimate relative to the true population.

Given the substantial difficulties of counting this population and methodological differences

between the PIT and Census, the fact that both arrive at similar results provides encouraging

evidence that both offer reasonable estimates of the unsheltered population size.
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Sheltered homeless population size

Prior to adjustments, the Census’s sheltered homeless estimate of about 209,000 people fell

far short of the 2010 PIT estimate of about 405,000. The ACS estimate was about half of the

PIT in 2006–2010 and about three-quarters of the PIT after 2010. However, we reconciled

much of this initial discrepancy by accounting for straightforward definitional differences

across sources and bias arising from the ACS weighting methodology. Specifically, we found

that the Census SBE’s exclusion of domestic violence shelters, voucher-funded hotel and

motel beds, and beds in non-shelter facilities explained about half of the initial gap between

the 2010 PIT and Census. People in these groups were counted in the Census but not

classified as homeless. We also adjusted the ACS upwards to reconcile definitional differences,

but then scaled down estimates by about 30 percent to correct bias arising from the ACS’s

weighting methodology. These straightforward definitional and weighting adjustments closed

about half of the initial gap between the 2010 PIT count and the Census, leaving us with a

definitionally-adjusted Census estimate of about 289,500.

Using the dual system methodology described in Section 2.6, we obtained a new sheltered

homeless estimate of 367,000–382,000 people, or about 5–10 percent lower than the 2010

PIT estimate and about 27–32 percent larger than the adjusted Census count. Because this

estimate did not make assumptions on the completeness of the PIT or Census, we maintain

that this is a reasonable estimate of the sheltered homeless population size. Our findings

in Sections 5 and 6 suggest that much of the gap between the adjusted Census count and

the dual system estimate reflects ambiguity in the definition of a homeless shelter leading to

a different classification of these structures by the Census rather than their omission. This

explanation is consistent with findings in Meyer et al. (2022), which compares CoC-level

sheltered population estimates in the 2010 Census and PIT and finds that on average, a

given CoC has about three-quarters as many unique shelter addresses underlying its Census

estimate as its PIT estimate and differences in facility count explain much of the gap between
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the aggregate adjusted Census and PIT sheltered population estimates. We next turn to a

discussion of potential sources of bias in the sheltered PIT and Census and discuss how bias

might explain differences between those sources’ estimates and the dual system estimate.

The PIT could overstate the sheltered homeless population due to its reliance on HMIS

data, which in the years around the 2010 Census tended to overstate the number of people

enrolled in a shelter at a point in time. This issue would be a major concern if CoCs

simply extrapolated from HMIS data to obtain their sheltered estimates, but in practice

HUD instructs CoCs to implement a series of quality checks before using these data in their

counts (HUD 2012). For example, in a 2010 report to HUD, the Los Angeles CoC stated

that they compared shelters’ capacity and occupancy and corrected counts where necessary

when generating their sheltered PIT estimate. Such checks may not have caught all date

errors, however, potentially leading to overcounting that could explain why the dual system

estimate is lower than the PIT.

Double counting, on the other hand, is less of a concern in sheltered estimates because

both the PIT and Census deduplicated sheltered homeless counts using personal information,

including name and date of birth in the case of the Census and SSNs recorded in HMIS in

the case of the PIT. However, in both sources, incomplete collection of personal information

prevents comprehensive deduplication, and some double counting could remain.

Undercounting could have occurred in either source due to shelter list incompleteness. We

have also seen that the Census appeared to classify many HMIS facilities as housing or other

types of group quarters rather than as homeless shelters, a fact that would lead the Census

estimate to understate the population relative to our target definition, which is based on the

HMIS and PIT definition. Although we accounted for straightforward definitional differences

in aggregate comparisons, microdata comparisons suggest that more subtle differences in

classification remain. The combination of Census undercounting and residual classification

differences may explain the difference between the Census and dual system estimates, with
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the latter estimate having corrected for both of these sources of undercounting.

2.7.2 Completeness and accuracy of available data on homelessness

The second major goal of this paper was to learn about the completeness and accuracy of

available datasets on the U.S. homeless population, particularly the 2010 Census. Overall, we

found that the coverage of sheltered homeless individuals in the 2010 Census was surprisingly

good. Our dual system estimate implied that about 93–97 percent of people who were in

HMIS shelters on the night of the Census’s homeless counting operation were included in the

Census in some status. Potential bias from the underweighting of people found as housed or

in other group quarters, as described in Section 2.5, means that the true share could be even

higher. About 61–64 percent were found by the Census in shelters, 19 percent in housing

units, and 9 percent in other types of group quarters. The last 4 percent appear to have

been misclassified as unsheltered.

As documented in Section 2.5, it appears that many of the HMIS shelter users not found

in shelters in the Census were in facilities that the Census classified as housing or other types

of group quarters. This pattern in part reflects the straightforward definitional differences

identified in Section 2.4. In many cases, however, this pattern also appears to reflect more

subtle distinctions in how HMIS and the Census define homeless shelters. For example, we

found evidence that the Census classified many HMIS transitional shelters as housing, likely

because the people residing there had fairly long-term and stable occupancy agreements.

The Census also appears to have classified some HMIS facilities not as homeless shelters but

as group homes for adults or residential treatment centers for substance abuse, meaning that

those facilities’ administrators chose that designation when asked by Census advance visit

teams which group quarters type best described their facility. This finding highlights the

lack of consensus about what types of facilities constitute a homeless shelter. This ambiguity,

in turn, appears to matter substantially for estimates of the sheltered homeless population
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size.

Unexpectedly, our analyses also uncovered a pattern of frequent double counting of home-

less individuals in the Census, often in a combination of housed and homeless statuses. Addi-

tional analyses suggested that most double counting arose because people transitioned from

being housed to homeless around the time of the 2010 Census or because they were included

on the Census form of a family member or acquaintance with whom they sometimes resided.

Incorrect linkage and misclassification of housed individuals as homeless may in part explain

double counting but do not appear to be its primary causes. These findings illustrate the

fluidity of homeless individuals’ living situations between housed and homeless statuses.

Finally, our analyses revealed important issues with the quality of exit dates recorded

in HMIS data, which are widely used by both program administrators and homelessness

researchers. In 2009–2011 in Los Angeles, shelter occupancy, as indicated by HMIS entry

and exit dates, far exceeded capacity in winter months and dropped precipitously on a

handful of dates, suggesting a purge of open shelter spells. We also found frequent instances

of overlapping shelter spells, and we obtained further evidence of errors in the form of

individuals who were found in state prisons and local jails during the 2010 Census despite

being enrolled in the shelter according to HMIS data. These findings recommend caution

for researchers using these data to identify people in shelters at a point in time or to analyze

temporal patterns of shelter usage.

2.8 Conclusions

Our work suggests that on any given night, there are about 600,000 people experienc-

ing homelessness in the U.S. and that about one-third are sleeping on the streets and

the rest in shelters. We estimate that the 2010 sheltered homeless population was about

367,000–382,000, a range that is slightly lower than HUD’s widely cited point-in-time esti-

mate and much larger than the Census’s sheltered homeless count, with the latter fact due
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largely to differences in how HUD and Census defined a homeless shelter. Our work suggests

that the Census estimate of 210,000 and the PIT estimate of 235,000 provide a reasonable

range for the unsheltered homeless population size, although we acknowledge the possibility

of under or over counting in each source. The dual system methods used in this paper may

prove useful to other researchers looking to estimate the unsheltered homeless population

size, although doing so requires a set of linkable data on the unsheltered population that

satisfies the assumptions of this method. Taken together, the findings in this paper lend

new credibility to aggregate PIT estimates that had not previously been validated against

independent estimates. At the same time, they highlight the fact that there is considerable

ambiguity about what types of facilities constitute a homeless shelter and that population

estimates are very sensitive to these ambiguities.

Our work also suggests that most homeless individuals were included in the Census,

although they were oftentimes counted as housed or in other types of group quarters. Many

were counted twice, reflecting frequent transitions between housing status even in a dataset

designed to convey a static picture of the U.S. population. This finding has implications

for the coverage of homeless individuals in household surveys other than the ACS, like

the Current Population Survey (CPS) and Survey of Income and Program Participation

(SIPP), which are not intended to represent the homeless population. Given the frequency

of double counting, we suspect that homeless individuals may in fact be included in surveyed

households’ responses more often than previously thought. These findings contribute to

a larger emerging picture of the mobility and persistent material deprivation of the U.S.

homeless population.

The Census and ACS hold tremendous promise for learning about homelessness. By

establishing the broad coverage and reliability of the new data sources, our analyses lay the

foundation for pathbreaking work using these data sources to learn about the demographic

characteristics, income, safety net program participation, mortality, housing transitions, and
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migration patterns of those experiencing homelessness, work that promises to advance sub-

stantially our understanding of this difficult to study population.
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2.9 Exhibits

Figure 2.1: Unsheltered homeless population estimates in the PIT and Census

Sources: 2010 Census, 2006-2016 ACS, 2007-2021 PIT Files.
Note: Approved for release by the Census Bureau’s Disclosure Review Board,
authorization number CBDRB-FY2022-CES005-015.

58



Figure 2.2: Sheltered homeless population estimates in the PIT, ACS, and Census

Sources: 2010 Census, 2006-2016 ACS, 2007-2021 PIT Files.
Note: Approved for release by the Census Bureau’s Disclosure Review Board,
authorization number CBDRB-FY2022-CES005-015.

Figure 2.3: Graphical representation of Other Non-Institutional (ONI) group quarters types

Note: Circles not to scale.
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Figure 2.4: Sheltered homeless population estimates in the PIT, ACS, and Census with
definitional and weighting adjustments and dual system estimate

Sources: 2010 Census, 2006-2016 ACS, 2007-2021 PIT Files.
Note: Approved for release by the Census Bureau’s Disclosure Review Board,
authorization number CBDRB-FY2022-CES005-015.

Figure 2.5: Los Angeles HMIS Data Quality

Sources: 2009-2014 Los Angeles HMIS files.
Note: Approved for release by the Census Bureau’s Disclosure Review Board,
authorization number CBDRB-FY2022-CES005-015.
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Figure 2.6: Houston HMIS Data Quality

Sources: 2009-2014 Houston HMIS files.
Note: Approved for release by the Census Bureau’s Disclosure Review Board,
authorization number CBDRB-FY2022-CES005-015.
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Table 2.1: Homeless Population Estimates

Sources: 2008-2019 Official PIT Files, 2008-2019 HIC Files, 2010 Census, 2008-2019 ACS.
Note: Table displays each year’s PIT count as well as the number of people identified as being in safe haven beds by the
official PIT files. Counts in domestic violence, voucher-based, and non-shelter beds are calculated by summing the PIT counts
associated with people in each of these types of facilities in the HIC files. For some CoCs in some years, the internal HIC files
lack PIT counts. In these cases, we impute the share of that CoC’s PIT count in these types of beds using that CoC’s share in
the first subsequent year for which data is available. Adjusted Census estimate is calculated by adding PIT-only population
estimates to Census total. Adjusted ACS estimate is obtained by adding PIT-only population estimates and then scaling
down by the ACS scaling factor to correct weighting bias. Dual systems estimate is obtained using methods described in
Section 7 of the text. Estimate reported here is the midpoint of the range of estimates in that section.
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Table 2.2: Population of Other Non-Institutional (ONI) Group Quarters (GQ) Types in the
2010 Census

Sources: 2010 Census Service-Based Enumeration Assessment Report, 2010 Census Group Quarters Enumeration
Assessment Report.
Note: Table displays the population counts for various ONI GQ types in the 2010 Census, divided into those that are
in-scope for both the Census and ACS and those that are in-scope for the Census only. *Indicates that these are estimates,
not counts. The Census pools together religious GQs and domestic violence shelters in both public counts and restricted data.
In the 2010 Census, this combined group had 100,888 people. We divide the group into a religious GQ estimate and a
domestic violence estimate by assuming the ratio of the overall sheltered homeless population to the DV population is the
same in the PIT and the Census.
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Table 2.3: Linkage (PIK) Rates in Census and HMIS Data

Sources: 2010 Decennial Census, 2004-2014 Los Angeles CoC HMIS Data, 2004-2014 Houston CoC HMIS Data.
Note: Table reports the share of sheltered and unsheltered homeless individuals who are PIKed in the 2010 Census by GQ
type. All results were approved for release by the Census Bureau, authorization number CBDRB-FY20-ERD002-004. Los
Angeles Housing Management Information System (HMIS) data contains demographic and shelter use information for
individuals who enrolled in emergency or transitional shelters in the Los Angeles CoC in 2004-2014. This CoC encompasses
shelters in Los Angeles excluding Glendale, Long Beach, and Pasadena. Houston Housing Management Information System
(HMIS) data contains demographic and shelter use information for individuals who enrolled in emergency or transitional
shelters in the Houston CoC in years 2004-2015. This CoC encompasses shelters in Houston, Harris, Fort Bend, and
Montgomery Counties.

Table 2.4: Coverage of Los Angeles and Houston HMIS Shelter Users in the 2010 Census

Sources: LA (CA-600, 2004-2014) HMIS administrative data, Houston (TX-700, 2004-2015) HMIS administrative data, 2010
Census.
Note: Table displays the weighted share of individuals who were present in an emergency or transitional shelter in HMIS
data on March 30, 2010, according to HMIS records, who appeared in the 2010 Census in various GQ types or as housed.
Where exit dates were missing in HMIS data, we imputed an exit date based on the median stay length for users of that
shelter type. Lower and upper bound weights calculated using methods described in the text. All shares and counts are
rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized disclosure
of confidential information and has approved the disclosure avoidance practices applied to this release, authorization number
CBDRB-FY2022-CES005-006.
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Table 2.5: Coverage of HMIS Shelter Users in the 2010 Census by HMIS Program Type

Sources: LA (CA-600, 2004-2014) HMIS administrative data, 2010 Census.
Note: Table displays the weighted share of individuals who were present in an emergency or transitional shelter in HMIS
data on March 30, 2010, according to HMIS records, who appeared in the 2010 Census in various GQ types or as housed.
Where exit dates were missing in HMIS data, we imputed an exit date based on the median stay length for users of that
shelter type. Lower and upper bound weights calculated using methods described in the text. All shares and counts are
rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized disclosure
of confidential information and has approved the disclosure avoidance practices applied to this release, authorization number
CBDRB-FY2022-CES005-006.
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Table 2.6: HMIS Sheltered Individuals by Share Sheltered in Census and Census Status (Los
Angeles)

Sources: 2010 Census, 2004-2014 Los Angeles HMIS data.
Note: Sample is restricted to shelters with greater than ten occupants. Lower and upper bound weights calculated using
methods described in the text. All shares and counts are rounded per Census Bureau disclosure rules. The Census Bureau has
reviewed this data product for unauthorized disclosure of confidential information and has approved the disclosure avoidance
practices applied to this release, authorization number CBDRB-FY2022-CES005-006.
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Table 2.7: Distribution of GQ Codes for HMIS Shelter Users Appearing in "Other GQ"
Types in Census

Sources: L.A. and Houston HMIS administrative data, 2010 Census.
Note: “HMIS shelter user” is defined as an individual who was in an HMIS shelter on March 30, 2010, according to HMIS
administrative records. Dashed lines indicate categories that have been included in the "All Other GQ Codes" category due
to the small number of observations in that category. All shares and counts are rounded per Census Bureau disclosure rules.
The Census Bureau has reviewed this data product for unauthorized disclosure of confidential information and has approved
the disclosure avoidance practices applied to this release, authorization number CBDRB-FY2022-CES005-006.

Table 2.8: HMIS Shelter Users with Multiple Statuses in Census

Sources: Los Angeles HMIS data (2004-2014), Houston HMIS data (2004-2015).
Note: Table displays weighted counts of unique HMIS shelter users (as of 3/30/2010, without any restrictions) found in
multiple statuses in the Census. In Los Angeles, in about 80% of cases the individuals’ ages matched exactly, and about 90%
of cases the individuals ages matched within five years. In about 95% of cases the individuals’ sex matched. In about 92% of
cases both individuals lived in California, and in about 88% of cases both individuals lived in L.A.county. All shares and
counts are rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized
disclosure of confidential information and has approved the disclosure avoidance practices applied to this release,
authorization numbers CBDRB-FY2022-CES005-006 and CBDRB-FY2022-CES005-008.
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Table 2.9: Homeless with duplicate housed or other GQ records in Census

Sources: 2010 Census.
Note: Upper and lower bound weights estimated using methods described in the text. Among those with duplicate records in
other GQ types, the most common GQ types for the sheltered homeless are state prisons (9.2%), local jails (23.1%), group
homes (15.4%), and residential treatment centers (23.1%). The most common GQ types for the unsheltered homeless are state
prisons (7.7%), local jails (23.1%), group homes (30.7%), and residential treatment centers (15.4%). All shares and counts are
rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized disclosure
of confidential information and has approved the disclosure avoidance practices applied to this release, authorization numbers
CBDRB-FY2022-CES005-006 and CBDRB-FY2022-CES005-008.
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Table 2.10: Agreement Rates for Characteristics of Duplicate Housed/Homeless Pairs in
2010 Census

Sources: 2010 Census.
Note: Table displays the share of duplicate housed/homeless pairs of records in Census for which the given characteristic is
the same (or within a given interval) for both records. "Non-imputed" is defined here as having a flag indicating that a given
characteristic was preserved "as reported" - i.e. not altered in any way (edited for consistency, allocated from hot deck).
Sample includes only duplicate pairs where all characteristics are non-missing in both sources. All shares and counts are
rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized disclosure
of confidential information and has approved the disclosure avoidance practices applied to this release, authorization number
CBDRB-FY2022-CES005-008.

69



Table 2.11: Household Characteristics of Homeless Individuals with a Duplicate Housed
Record in 2010 Census

Sources: 2010 Census.
Note: Sample includes all homeless individuals from 2010 Census with a single duplicate housed record. All shares and
counts are rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized
disclosure of confidential information and has approved the disclosure avoidance practices applied to this release,
authorization number CBDRB-FY2022-CES005-008.
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Table 2.12: Weighted Counts and Shares of HMIS Shelter Users by Census Status (Los
Angeles and Houston Pooled)

Sources: 2010 Census, 2004-2014 Los Angeles HMIS datasets, 2004-2015 Houston HMIS datasets.
Note: Table indicates weighted counts in Census statuses, calculated as the sum of weighted totals from Los Angeles and
Houston HMIS datasets. Columns (2) indicate bounds on the sum of Houston and L.A. weighted totals under Refinement 2.
Columns (3) indicate bounds on the the difference between (1) and (2). Columns (4) scales down the weighted total from (2)
by one minus estimated share counted erroneously in an HMIS shelter (share in jail or prison in Columns (2) times the inverse
of the share in jail or prison in Columns (3)), and then distributes these deletions according to the distribution of statuses in
Columns (3).
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CHAPTER 3

HOMELESSNESS AND THE PERSISTENCE OF

DEPRIVATION: INCOME, EMPLOYMENT, AND SAFETY

NET PARTICIPATION

Abstract

Homelessness is arguably the most extreme hardship associated with poverty in the United

States, yet people experiencing homelessness are excluded from official poverty statistics

and much of the extreme poverty literature. This paper provides the most detailed and

accurate portrait to date of the level and persistence of material disadvantage faced by this

population, including the first national estimates of income, employment, and safety net

participation based on administrative data. Starting from the first large and nationally

representative sample of adults recorded as sheltered and unsheltered homeless taken from

the 2010 Census, we link restricted-use longitudinal tax records and administrative data

on the Supplemental Nutrition Assistance Program (SNAP), Medicare, Medicaid, Disability

Insurance (DI), Supplemental Security Income (SSI), veterans’ benefits, housing assistance,

and mortality. Nearly half of these adults had formal employment in the year they were

observed as homeless, and nearly all either worked or were reached by at least one safety net

program. Nevertheless, their incomes remained low for the decade surrounding an observed

period of homelessness, suggesting that homelessness tends to arise in the context of long-

term, severe deprivation rather than large and sudden losses of income. People appear to

experience homelessness because they are very poor despite being connected to the labor

market and safety net, with low permanent incomes leaving them vulnerable to the loss of

housing when met with even modest disruptions to life circumstances.1

1. This essay is joint work with Bruce D. Meyer, Gillian Meyer, Alexa Grunwaldt, and Derek Wu.
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3.1 Introduction

Homelessness is an inordinately severe hardship. A long history of qualitative research and

abundant anecdotal evidence suggest that people will go to great lengths to avoid becoming

homeless when confronted with an unfortunate turn of events like a job loss, health crisis,

eviction, or relationship dispute, leaving only those with the fewest resources – those without

savings or credit to procure temporary lodging, those without the possibility of emergency

assistance from friends and family, those with health challenges or addictions that impair

decision-making and tax their psychological reserves – to end up sleeping on the streets or

in a homeless shelter. As Peter Rossi (1989) wrote in his seminal work Down and Out in

America: The Origins of Homelessness, homelessness is “the most aggravated state of a more

prevalent problem, extreme poverty” (p.8).

Yet while the association between homelessness and severe economic disadvantage is

apparent in a general sense, obtaining a detailed and accurate picture of the material cir-

cumstances of people who have experienced this hardship in the United States is challeng-

ing. Without a fixed address, these individuals are largely excluded from the household

surveys that typically inform our understanding of poverty and well-being, and they have

consequently been understudied in the extreme poverty literature. The most recent national

survey to examine income and program receipt for people experiencing homelessness, the Na-

tional Survey of Homeless Assistance Providers and Clients (NSHAPC), dates back nearly

three decades to 1996 (Burt 2001). Recent studies linking homeless shelter microdata and

administrative employment records offer important insights but are limited to a handful of

cities and a single income source, earnings (Metraux et al. 2018; von Wachter et al. 2020).

Numerous ethnographic studies and geographically narrow surveys offer nuanced and de-

tailed information on the material circumstances of the individuals they represent, but their

results may not generalize, and they typically lack longitudinal information. Such studies

also rely on self-reported information that even when obtained from rigorously tested surveys

73



of the housed have been shown to be substantially biased (Meyer et al. 2015; Meyer and

Mittag 2019; 2021).

Understanding the income, employment, and safety net participation of people who have

experienced homelessness is crucial for the design and targeting of policy interventions. Such

knowledge can, for example, suggest the degree of income-related deprivation that puts

someone at risk of homelessness, which can in turn improve the targeting of prevention efforts,

shed light on the size of the at-risk population, and inform the scale of interventions needed to

significantly reduce aggregate homelessness. Understanding the persistence or transience of

deprivation can also direct policymakers towards the most appropriate prevention strategies,

which might consist of measures aimed at raising permanent incomes, reducing housing costs,

or mitigating income volatility.

This paper advances our understanding of the conditions in which homelessness arises

by providing the most detailed and accurate portrait to date of income, employment, and

safety net participation for a cross-section of the U.S. homeless population. Our main sample

consists of 139,000 adults who were recorded as homeless in the 2010 Census, of which 89,500

were residing in homeless shelters and 49,500 were living in unsheltered situations. These

data provide by far the largest and most representative samples ever used to study these

questions, particularly for unsheltered homeless individuals, a group that has never before

been linked to administrative data beyond a handful of localized studies with small conve-

nience samples and limited outcome measures. We link these individuals to administrative

tax and program records to provide the first national calculations of formal employment,

income, and safety net participation in this population and compare these outcomes to a

demographically similar sample of people who were poor but conventionally housed. We

examine differences by sheltered status, race, gender, family status, Hispanic ethnicity, and

geography and demonstrate the robustness of our findings to alternative linkage methods

and data sources, including samples drawn from several cities’ Homeless Management Infor-
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mation System (HMIS) shelter-use databases and nationally representative samples of those

in homeless shelters from the American Community Survey (ACS).

Our approach benefits not only from large samples that are designed to represent national

homelessness patterns, including people living in unsheltered situations, but also from a

wealth of accurate income and safety net information from administrative records. Using

confidential personal identification keys, we link individuals experiencing homelessness to

Internal Revenue Service (IRS) microdata on taxable income and employment from Forms

1040, W-2s, and 1099-Rs, as well as data on numerous state and federal safety net programs,

including the Supplemental Nutrition Assistance Program (SNAP, formerly food stamps),

Medicaid, Medicare, Temporary Assistance for Needy Families (TANF), General Assistance

(GA), Supplemental Security Income (SSI), Social Security Disability Insurance (DI), rental

assistance from the Department of Housing and Urban Development (HUD), and service-

connected disability payments from the Department of Veterans Affairs (VA). We account

for mortality in our analyses using Social Security Administration (SSA) records of death

dates.

We learn that people experiencing homelessness are surprisingly well-connected to for-

mal employment and the safety net, in contrast to earlier years’ depictions of a population

“unconnected to the world of work” with “no safety net of entitlements” (Rossi 1989, p.9).

Nearly all sheltered homeless adults in our sample (97 percent) and the vast majority of

unsheltered homeless adults (93 percent) were formally employed or enrolled in at least one

safety net program in 2010, the year they were observed as homeless. A substantial share of

these individuals were drawn from the ranks of the working poor: about half of those in shel-

ters and 40 percent of those at unsheltered locations had formal employment in 2010, albeit

with low median annual earnings (about $8,300) suggesting low-wage, sporadic work. SNAP

enrollment was especially high, with about 77 percent of all adults in our sample enrolled in

this program in 2010. These employment and program receipt rates understate true rates as
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we lack information on informal work and rely on incomplete program records. Connections

to formal work and the safety net coexisted with deep poverty for this population, however.

The median value of our most comprehensive resource measure, which adds to cash income

the value of in-kind transfers from SNAP and HUD, was $7,500 for those in shelters and

$5,500 for those in unsheltered living situations in 2010. Our findings are qualitatively sim-

ilar across sub-populations defined by demographic characteristics and geography, although

patterns by gender and race may hold clues into differences in the predominant pathways to

homelessness between groups. Taken together, these findings suggest that people experience

homelessness not because they are estranged from formal income and programs, but because

they are very poor despite being highly connected to work and the safety net.

Turning to longitudinal patterns, our calculations reveal persistent, severe deprivation,

with incomes remaining low for the decade surrounding an observed period of homelessness.

Median annual income, including in-kind transfers, never exceeded $10,000 in the sheltered

homeless sample and $8,000 in the unsheltered homeless sample in the decade surrounding

2010. We observe only a small dip in employment and earnings relative to the long-term trend

preceding an observed period of homelessness, suggesting that large shocks to employment

and earnings are not the predominant precipitating event for most spells of homelessness.

Reliance on the safety net was also persistently high over the ten years of our study, although

receipt of SNAP and TANF/GA – benefits typically understood to be temporary – peaked

in the year observed as homeless, perhaps due in part to service providers’ and homeless

shelters’ efforts to facilitate enrollment in these programs. We see a long-term pattern of

declining employment that is accompanied by increasing enrollment in disability programs,

with receipt of SSI or DI increasing from 19 to 34 percent for the sheltered homeless and 29 to

40 percent for the unsheltered homeless between 2010 and 2016. These longitudinal patterns

suggest that homelessness tends to arise in the context of severe long-term deprivation,

alongside steadily declining employment and increasing disability assistance receipt, rather
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than large shocks to income.

The absence of major disruptions to long-term trends surrounding an observed period of

homelessness is even more striking because a large body of prior work suggests that most

spells of homelessness are short, meaning that most people in our sample were likely conven-

tionally housed for much of the study period (HUD 2010, Lee et al. 2010). Our findings are

therefore informative not just about material circumstances during a period of homelessness,

but also about the long-term conditions faced by the exceptionally disadvantaged and hous-

ing insecure segment of the U.S. population that is vulnerable to literal homelessness. The

work of Meyer et al. (2023b), which links this same Census homeless sample to administra-

tive mortality records, further underscores the extent to which time spent homeless is not an

aberration in long-term trajectories. These individuals face nearly four times the mortality

risk of a housed person with the same characteristics over that study’s twelve-year period,

with no discernable jump in the years immediately following an observed period of home-

lessness. Put differently, we learn that people who experience homelessness are enduring not

just an exceptionally difficult year, but an exceptionally difficult decade – and perhaps in

many cases, an exceptionally difficult life.

Our analyses also reveal important similarities between the material circumstances of

people recorded in homeless shelters during the Census and housed individuals in poverty who

share their demographic profile. This poor housed comparison group consists of unmarried

individuals who we weight to have the same characteristics as the homeless, a group that is

predominantly male, between the ages of 40 and 59, and disproportionately Black relative to

the overall population. These individuals had a median income, including the value of in-kind

transfers, of about $9,900 in 2010, compared to the median of $7,500 among those who were

in homeless shelters during the Census. By some measures, the housed poor appeared to be

somewhat more deprived than sheltered homeless individuals: they were slightly less likely

to be employed in 2005 through 2010 and slightly more likely to receive SSI in 2010. These
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results underscore the dire economic circumstances faced by this segment of the housed poor

population, a group that tends to be neglected in policy discussions on poverty relative to

single mothers and children. In this way, our paper complements the Meyer et al. (2021)

work on extreme poverty in the U.S., which finds that after accounting for misreporting of

income and program receipt in surveys, the only households who cannot be ruled out as being

extremely poor are those consisting of a single, childless adults. Our findings suggest that

this overlooked segment of the population, which appears to be exceptionally vulnerable to

homelessness and likely other severe hardships as well, may merit more attention in national

discussions of poverty alleviation.

At the same time, we caution that similarities in formal income and program receipt

between the housed poor and Census homeless do not necessarily imply a similar degree of

disadvantage in these groups. Homelessness itself is detrimental to well-being, and the fact

of having experienced homelessness likely indicates – either through causation or correlation

– exceptional disadvantage in other areas of life. Indeed, sheltered homeless individuals

surveyed in the ACS indicate substantially elevated rates of functional limitations relative to

the housed poor, and Meyer et al. (2023b) find that the Census homeless face about seventy

percent greater mortality risk than a poor housed person of the same age and gender, with

this disparity persisting well past an observed period of homelessness (Meyer et al. 2021,

Meyer et al. 2023b).

Our findings help explain several patterns that have emerged in the recent literature

on homelessness prevention. For example, a growing number of experimental and quasi-

experimental studies find that providing small emergency payments to people at risk of

losing housing, often on the order of one month’s rent or less, can significantly reduce their

probability of entering a shelter (Rolston et al. 2013; Evans et al. 2016; Phillips and Sullivan

2023). The effectiveness of small-scale emergency payments accords with our finding that

homelessness tends to arise in the context of persistent, severe deprivation rather than major
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disruptions to income: just as a small loss of resources may be enough to trigger a spell of

homelessness for those with the most precarious circumstances, a small boost to income may

be enough to prevent it. Yet our results also underscore the likely continued vulnerability

to homelessness of those who receive small, one-time payments through such programs.

Indeed, these prior studies have found that the effect of emergency financial assistance on

shelter entry attenuates over time, suggesting that some of the people for whom a spell of

homelessness was initially averted eventually end up homeless – an outcome that is consistent

with the persistently low incomes documented in this paper. A small emergency payment

may be enough to prevent a singular instance of homelessness but may not make a dent in

the long-term deprivation that leaves people vulnerable to the loss of housing.

Our findings are also consistent with prior work indicating the exceptional difficulty of

predicting who will become homeless and targeting prevention efforts towards them. In-

deed, while recent literature finds that emergency payments reduce the risk of homelessness,

these studies also find that the vast majority of those who do not receive payments also do

not end up entering a homeless shelter. Other theoretical and empirical work has similarly

emphasized the difficulty of predicting homelessness (O’Flaherty 2011; Shinn et al. 2013;

von Wachter et al. 2021). Difficulties in predicting homelessness and targeting prevention

resources are consistent with our finding of substantial overlap between the economic cir-

cumstances of people in homeless shelters and the housed poor who share their demographic

profile. Even detailed and accurate information about someone’s long-term trajectory of

income and safety net participation is unlikely to yield strong predictors of homelessness

because of the substantial overlap in the material circumstances of those who do and do not

become homeless.

We probe the strength of the evidence for our main findings through a series of extensions

and robustness checks. These additional analyses not only demonstrate the robustness of

our main findings to different data sources and methodological approaches, but also give us
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confidence our that our results are representative of people experiencing literal homelessness

in the United States, including people living in unsheltered living situations. We first exam-

ine misreporting in the ACS’s homeless samples by comparing survey-reported measures of

demographic characteristics, income, and safety net participation to values from linked ad-

ministrative data. We find that, as with surveys of people who are housed, surveys of people

experiencing homelessness are subject to considerable misreporting and benefit from the im-

proved accuracy offered by administrative data. We then demonstrate the robustness of key

findings to alternative time-based sampling approaches, data sources, and years. First, we

use HMIS data, which indicate dates of shelter enrollment and exit, to compare key results

based on cross-sectional samples (as in our main Census results) to samples of people whose

first recorded homeless shelter enrollment in the history of the HMIS data occurred during a

focal year (allowing for a substantial look-back period, a widely used approach in the litera-

ture). The former samples contain a larger share of people with extended and repeated spells

of shelter enrollment than the latter samples, which are weighted more towards people with

short spells. We find a striking degree of similarity in the levels and longitudinal patterns

of employment, earnings, and benefit receipt between these two sampling approaches, which

in turn suggest that our main, Census-based results would change little even under a hypo-

thetical alternative sampling approach that gave more weight to people with short spells of

homelessness or if we examined income and program receipt relative to an individual’s first

shelter enrollment. We next check the robustness of key findings to different data sources

and years by comparing results based on those recorded as homeless in the Census to results

based on those enrolled in HMIS shelters and those surveyed in homeless shelters in the ACS.

We find our results are once again largely robust to the use of different data sources and

years, although we note the potential for some differences between the Census and HMIS

data that appear to stem from differences in the way these sources define a homeless shelter.

The final set of analyses compare our main findings to alternative Census samples designed
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to address potential bias from non-linkage, misclassification, and the incomplete geographic

coverage of our SNAP datasets, which could result in bias due to migration.

The analyses in this paper shed new light on a highly disadvantaged segment of the U.S.

population, those for whom extreme poverty means vulnerability to homelessness when met

with even modest disruptions to their life circumstances. The rest of the paper proceeds as

follows. Section 3.2 discusses related prior work, Section 3.3 describes our data, and Section

3.4 describes our methodology, including a discussion of how we define homelessness and link

datasets. Section 3.5 presents our main results, as well as analyses of heterogeneity by de-

mographic characteristics and geography and Section 3.6 presents extensions and robustness

checks, including an analysis of demographic and income misreporting in household surveys

and calculations of key outcomes using alternative data sources, sample definitions, and

linkage methods. Section 3.7 compares our findings to prior work and Section 3.8 concludes.

3.2 Connections to Prior Work

Concerted efforts to learn about the income, employment, and safety net participation of

people experiencing homelessness in the U.S. began in the 1980s, when an alarming and

highly visible rise in homelessness drew renewed attention from researchers and the broader

public. Rossi (1989) reviewed this early literature in his seminal ethnographic work, with

an emphasis on his own surveys of Chicago’s homeless population, which were innovative

in their efforts to obtain representative samples. These early studies depicted an extremely

deprived and disconnected population, heavily reliant on donations of meals and clothing and

informal income from activities like panhandling and peddling. Rossi’s surveys found that

just one in four homeless Chicagoans received food stamps and that one in three had been

employed in the previous month. Interviewees reported mean monthly income equivalent to

about $375 in 2018 dollars, or $4,500 in a year.

The 1996 National Survey of Homeless Assistance Providers and Clients (NSHAPC)
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built on this early work to provide the first – and, until the present study, the only –

estimates of the income, employment, and safety net participation using a sample designed

to be nationally representative (Burt 1989; Burt et al. 1999). The NSHAPC, which was

carried out by the Census Bureau on behalf of numerous federal agencies, collected detailed

information from 4,200 users of homeless services around the country to learn about their

characteristics, material well-being, health, and life circumstances. This survey painted a

picture of severe deprivation in the U.S. homeless population that was somewhat less grim

than Rossi’s. Survey respondents reported average monthly income of $590 in 2018 dollars,

corresponding to annual income of $7,080, slightly less than half of the corresponding federal

poverty threshold for a single individual. Forty-four percent reported having worked in the

previous month, and 37 percent said they received food stamps. NSHAPC also estimated

the receipt of SSI (11 percent), Medicaid (30 percent), and General Assistance (GA) plus

Aid to Dependent Families with Children (AFDC, the precursor to TANF) (19 percent).

Taken together, about 40 percent of those experiencing homelessness received at least one

benefit according to this survey.

While NSHAPC remains the most recent national survey of the U.S. homeless population,

two studies have since revisited the question of employment among people experiencing

homelessness using administrative data by linking individuals from Homeless Management

Information System (HMIS) databases to data on employment and earnings (Metraux et al.

2018, von Wachter et al. 2020). Linked administrative data permit longitudinal analyses

and provide more accurate information on employment and earnings, which are frequently

misreported in surveys and perhaps especially so for those experiencing homelessness, as we

show in Section 3.6.

These two studies suggest lower employment than NSHAPC, even more so as their esti-

mates are for any employment over a year, which would mechanically tend to be higher than

NSHAPC’s monthly estimate. They also offer some evidence of disruptions to employment
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and earnings preceding homelessness. Metraux et al. (2018) find that about 42 percent

of adults in New York City homeless shelters received wage income in the year they first

enrolled in a shelter, a drop of about 6 percentage points relative to average employment

rates over the preceding decade. They also observe an average $3,000 drop in mean earn-

ings conditional on working relative to the preceding decade. Von Wachter et al. (2020)

estimate that just 29 percent of Los Angeles shelter users were employed in the year before

shelter enrollment, although this share may be biased towards zero because it is based only

on California state earnings records. They observe very little drop in employment in the

year preceding the first shelter enrollment in the full sample, although mean earnings do

fall among those who work. While these studies produced new insights into the level and

longitudinal patterns of employment in this population, their findings are limited to home-

less shelter users New York or Los Angeles and may not generalize nationally or to those

experiencing unsheltered homelessness. Moreover, these studies examine just one income

source, earnings, and therefore provide a limited view of individuals’ financial resources.

In this paper, we advance this literature by providing the most comprehensive, accurate,

and detailed calculation of the income, employment, and safety net participation for the

U.S. homeless population to date. We build upon prior work by using national samples of

the homeless population, including those residing at unsheltered locations, and linking these

individuals to administrative records that encompass a more comprehensive set of income

sources. Administrative data allow us to obtain more detailed and accurate information on

income and safety net receipt than in the NSHAPC and other surveys and permit longitudinal

analyses. In Section 3.7, we compare our results in detail to the studies described in this

section and discuss how our findings advance and revise our understanding of the level and

persistence of deprivation faced by those experiencing homelessness in the United States.
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3.3 Data

3.3.1 2010 Census Data on the U.S. Homeless Population

Our main analysis sample consists of people who were recorded as experiencing sheltered

or unsheltered homelessness during the 2010 Census. The Census collected information on

this population through its Service-Based Enumeration (SBE) operation on March 29-31,

2010. SBE enumerators interviewed people in homeless shelters, users of soup kitchens and

mobile food vans, and people spending the night at pre-identified outdoor locations known as

targeted non-sheltered outdoor locations (TNSOLs), such as vehicle and tent encampments.2

People using soup kitchens and food vans were only included in the unsheltered homeless

count if they did not indicate a valid residential or shelter address. The Census homeless

sample therefore consists of a cross-section people who were experiencing literal homelessness

in early 2010 – i.e., people residing in homeless shelters and those with a primary nighttime

residence not meant for human habitation. In Section 3.4, we discuss the merits of this

definition of homelessness relative to other definitions, for example those that include people

who are “doubling up” or involuntarily sharing housing.

The Census built its list of service providers and outdoor locations for the SBE through

a series of research and validation operations, including internet research, queries to local

government officials, advocacy organizations, and other local partners, and numerous ad-

vance visit and validation operations (Russell and Barrett 2013). Enumerators across the

country received several days of uniform training that included a sensitivity component to

teach them how to approach people experiencing homelessness and how to work with people

suffering from psychological health concerns. At many locations, the Census engaged local

“culture facilitators” to aid in interviewing people experiencing unsheltered homelessness.

2. The SBE did not include people residing in domestic violence shelters. These individuals were included
in the Census through a different counting operation and are not identified even in restricted-use data due
to privacy concerns, so we do not include them in our study.
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Enumerators were instructed to collect names and dates of birth from all interviewees, but

in practice many individuals were enumerated by sight without providing this personal infor-

mation because they were asleep or because interviews were not feasible at bustling of service

locations. We discuss the implications of such nonresponse and our methods of accounting

for the resulting non-linkage in Section 3.4.

Meyer et al. (2023a) established the broad coverage and reliability of the 2010 Census as

a source of data on the U.S. homeless population, estimating that more than 90 percent of

people residing in homeless shelters (as these facilities are defined by HUD) were included

in its count. However, these individuals were at times classified as residing in housing or

other types of congregate facilities due largely to ambiguities in the definition of a homeless

shelter.3 The completeness of the Census’s unsheltered count is less certain, but the similarity

of unsheltered estimates between the Census and HUD’s point-in-time (PIT) count – despite

substantial differences in the sources’ methodologies – suggests that the Census covered this

population reasonably well.

3.3.2 American Community Survey (ACS) Data on the Sheltered Homeless

We use additional data on those experiencing sheltered homelessness from the ACS to test

the robustness of our findings to different samples, linkage methods, and years. The ACS

interviews about 2,500 to 3,500 people in homeless shelters each year but excludes people ex-

periencing unsheltered homelessness. Its shelter list is based on the most recent Census, with

limited updates during the intercensal period. Unlike the Census, which collects only basic

demographic characteristics, the ACS collects a wealth of information about shelter users’

characteristics, geographic mobility, physical and cognitive difficulties, and self-reported in-

come and program receipt. Meyer et al. (2021) provide a detailed description of these

3. We test the robustness of our findings to differences between the Census and PIT definitions of a
homeless shelter in Section 3.6 by comparing results based on Census sheltered homeless in Los Angeles and
Houston to those based on HMIS sheltered homeless samples in these cities, with the definition of a homeless
shelter in these latter sources aligning closely with HUD’s definition.
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characteristics for sheltered homeless individuals interviewed in the 2006-2018 ACS. Despite

offering large, nationally representative samples of the sheltered homeless population, the

ACS has been largely unused to study this population in the past because shelter users are

not identified in public-use versions of the data.

3.3.3 Homeless Management Information System (HMIS) Data

In addition to the Census and ACS, we obtain administrative data on people experiencing

sheltered homelessness from Homeless Management Information System (HMIS) databases

from Los Angeles (2004-2014), Houston (2004-2015), and Chicago (2014-2019). These databases

contain individual records of homeless shelter entries and exits covering a large share of these

cities’ sheltered homeless populations. All federally funded shelters are required to track

clients’ program use in HMIS and many others elect to do so.

Although HMIS data are limited geographically, they allow us to examine heterogeneity

across subsets of this population and to check the robustness of our results to alternative

sampling schemes. Unlike the Census and ACS, the HMIS data group individuals into

family units and can thus be used to examine differences in key outcomes by family type

that is often emphasized in the literature. Moreover, HMIS-recorded shelter entry and

exit dates permit analyses of income and program receipt relative to an individual’s first

observed shelter enrollment. This feature allows us to compare results based on different

temporal conceptions of the homeless population (e.g., those who were homeless at a point

in time versus those with a first shelter enrollment during a period). Finally, because shelter

administrators record the Social Security Numbers (SSNs) of clients in HMIS databases,

these microdata can be assigned linkage keys at higher rates than the Census and ACS,

which rely only on name, date of birth, gender, and geographic location to assign linkage

keys. We leverage these high linkage rates to examine whether incomplete linkage leads to

bias in the results based on Census and ACS samples (Section 3.6).
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3.3.4 Administrative Records on Incomes and Program Receipt

We link homeless individuals from the Census, ACS, and HMIS to an extensive collection

of administrative records on formal income, employment, and safety net participation from

federal and state agencies. We obtain information on taxable sources of money income

from Internal Revenue Service (IRS) Forms 1040, W-2, and 1099-R.4 These records track

the universe of formal employment (specifically wages) in the entire United States, with

Form 1040 providing information for people who file taxes and Form W-2 adding wage

amounts for those who do not. We have further information on retirement distributions

from Form 1099-R. We obtain information on food assistance from five states’ Supplemental

Nutrition Assistance Program (SNAP) enrollment records and on cash assistance from New

York State’s Temporary Assistance for Needy Families (TANF)/General Assistance (GA)

enrollment records.5 We obtain national administrative data on housing assistance from

the Department of Housing and Urban Development (HUD)’s Public and Indian Housing

Information Center (PIC) and Tenant Rental Assistance Certification System (TRACS)

files, which cover nearly all public and subsidized housing assistance programs under this

agency’s jurisdiction. We utilize Medicare and Medicaid enrollment records from the Centers

for Medicare and Medicaid Services (CMS). We also obtain data on three sources of disability

benefits: the Veterans Benefit Administration’s USVETS data on service-connected disability

compensation, a universe file on receipt of Supplemental Security Income (SSI), and an

indicator for Disability Insurance (DI) receipt in Medicare records. Finally, we obtain birth

and death dates from the Social Security Administration (SSA)’s Numident file to account

for mortality when calculating income and program receipt.

These datasets cover most formal sources of income and the most important means-tested

safety net programs in the United States. Formal income sources not covered by these data

4. IRS 1040 records are available for 2003-2016, W2s for 2005-2016, and 1099-Rs for 2003-2016.

5. The states and years for which we have SNAP data are the following: Illinois (2009-2016), Indiana
(2004-2016), New York (2007-2016), New Jersey (2007-2016), and Tennessee (2004-2016).
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include DI amounts, Unemployment Insurance (UI) among people who do not file 1040s, and

workers’ compensation. We also emphasize that our data are limited to formal income and

do not include income from informal employment or private transfers. Information earnings

and transfers from family, friends, and private charity – which could consist of cash assistance

or in-kind transfers via housing, food, clothing, or other goods – are undoubtedly important

for many people experiencing homelessness but are outside the scope of the present analysis.

3.4 Methods

3.4.1 Defining Homelessness

The Census homeless sample consists of people experiencing what HUD defines as “literal

homelessness.” People are literally homeless if they have “a primary nighttime residence that

is a public or private place not designed for or ordinarily used as a regular sleeping accommo-

dation for human beings” or if they are living in “a supervised publicly or privately operated

shelter designated to provide temporary living arrangements” (HUD 2022).6 As documented

in Meyer et al. (2023a), the Census definition of a homeless shelter differs in several straight-

forward ways from HUD’s definition, with the latter including people in domestic violence

shelters, those in hotel and motel beds funded by homeless service providers, and people

sleeping in non-shelter facilities with temporary homeless accommodations. The Census also

appears to have classified some HUD-designated shelters, particularly those where individ-

uals can reside for extended periods of time, such as transitional housing, as conventional

housing or other types of congregate facilities rather than homeless shelters. In Section 3.6,

we test the robustness of our findings to HUD’s broader definition of a homeless shelter

by comparing results based on the Census’s homeless population to those residing in HMIS

6. For programmatic purposes, HUD also classifies among the “literally homeless” people exiting certain
institutions, such as prisons and hospitals, where they have resided for 90 days if they were residing in a
homeless shelter or at unsheltered locations immediately before entering the institution. Our definition does
not include such individuals.
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shelters, which follow the HUD definition.

Literal homelessness does not include people residing in low-quality or shared housing or

with tenuous attachment to their current residence. While such living arrangements reflect

housing-related hardship in many cases and may indicate heightened risk of homelessness,

we limit our attention in this paper to those experiencing literal homelessness for several

reasons. First, literal homelessness typically indicates a degree of housing-related hardship

that exceeds that associated with precarious or shared housing, as evidenced by individuals’

revealed preference for such accommodations over literal homelessness. Moreover, it is not

clear that shared housing reflects hardship in most cases, as is well-documented in the house-

hold formation literature (e.g., Browning et al. 2014). Furthermore, the data requirements

needed to identify those individuals for whom shared or low-quality housing represents hard-

ship as extreme as literal homelessness far exceed the information available in household

surveys and administrative data. Meyer et al. (2023a) provide further discussion of the

merits and data limitations associated with different definitions of homelessness.

3.4.2 Constructing Homeless and Housed Comparison Samples

We limit our samples to people who were between the ages of 25 and 59 in 2010 and keep only

those assigned an anonymized unique identifier by the Census Bureau’s linkage software. Our

primary homeless samples consist of 89,500 linked individuals who were residing in homeless

shelters during the Census (the sheltered homeless) and 49,500 linked individuals who were

counted at soup kitchens, food vans, or overnight at outdoor locations and indicated no valid

usual address elsewhere (the unsheltered homeless). We also calculate key outcomes for two

comparison groups of housed adults drawn from the first six months of the 2010 ACS.7 Our

main comparison sample consists of 55,000 housed, unmarried individuals with self-reported

incomes below the federal poverty threshold. To permit more direct comparisons, we reweight

7. The timing was chosen to be as synchronous as possible with the Census operations counting and
interviewing the homeless at the end of March 2010.
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these individuals’ demographic characteristics to match those of the pooled sheltered and

unsheltered homeless sample. We also calculate key outcomes for the 994,000-person ACS

sample of housed individuals surveyed during the first six months of the 2010.8

3.4.3 Linking Across Datasets

We link datasets at the individual level using Protected Identification Keys (PIKs), unique

anonymized identifiers assigned by the Census Bureau’s Personal Identification Verification

System (PVS). This software assigns linkage keys by matching the personal information pro-

vided to Census enumerators – including name, date of birth, and gender – against a reference

file based on Social Security Administration (SSA) records and enhanced with address infor-

mation from other administrative records (Wagner and Layne 2014). In the restricted 2010

Census microdata, this software assigned a linkage key to 69 percent of people in homeless

shelters, 42 percent of those counted at food vans and soup kitchens, and 17 percent of those

counted at targeted non-sheltered outdoor locations (TNSOLs). According to the Census’s

official SBE assessment report, item nonresponse was the proximate reason for most of this

non-linkage (Russell and Barrett 2013). Such non-response was highest at TNSOLs, where

about 56 percent of records contained incomplete names and 49 percent lacked year of birth,

followed by soup kitchens and food vans (27 and 25 percent, respectively) and shelters (15

and 10 percent, respectively). Item nonresponse was especially high at TNSOLs because

canvassing operations took place overnight and enumerators were instructed not to wake or

disturb people who were asleep or covered up to collect information from them. Similarly,

many people were also enumerated by sight at bustling soup kitchens or food vans. Linkage

rates were highest at shelters, on the other hand, because in many cases enumerators were

able to use administrative records to obtain complete information about the people staying

8. For analyses using SNAP and TANF/GA data, we restrict our sample to people residing in states for
which these administrative data are available (only New York state in the case of TANF/GA). We examine
the potential bias from migration due to the limited geographic coverage of SNAP datasets in Section 3.6.
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there.

Incomplete linkage would lead to bias in our results if the outcomes of unlinked individ-

uals differed systematically from linked individuals. We address this concern by applying

inverse probability weights (IPWs) to linked individuals, where weights are obtained by es-

timating a probit model of linkage status as a function of age, race, gender, Hispanic origin,

state, and homeless location type.9 The key assumption for this IPW adjustment to elimi-

nate bias from non-linkage is that outcomes are uncorrelated with linkage status conditional

on the characteristics included in the IPW model. This assumption would be violated if, for

example, unlinked individuals with a given set of characteristics had lower incomes or fewer

connections to the safety net than linked individuals with those same characteristics. We

assess the potential for such bias through a series of checks in Section 3.6, including com-

parisons of key results using Census data and the HMIS and ACS samples. Comparisons

of Census to HMIS data are informative because the latter include social security numbers

and hence have very high linkage rates (more than 90 percent in most years). Comparisons

of Census to ACS data are informative because the latter contain a much richer set of co-

variates for the linkage probability model, including self-reported measures of the income

and program receipt outcomes of interest. As described in-depth in Section 3.6, these com-

parisons attenuate concerns about bias from non-linkage and bolster our confidence in the

representativeness of results based on the IPW-adjusted Census samples.

3.5 Results

This section contains our main results. We start with summary statistics for our homeless

samples and comparison groups, before showing how employment, income, and program

participation evolved in the years preceding and following an observed period of homelessness

9. Given exceptionally low linkage rates at TNSOLs, we exclude people recorded at these locations from
our main results, although we show in Section 3.6 that our findings are robust to their inclusion.
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during the 2010 Census.10 We next discuss comparisons of key outcomes between those

who are homeless and the demographically comparable sample of the single housed poor

population. The last set of results describes differences among the homeless and comparison

groups by gender and family status, race and ethnicity, and geography and discusses possible

reasons for these differences.

3.5.1 Characteristics of the Homeless and Housed Comparisons Samples

Table 3.1 presents descriptive statistics for the Census homeless samples and ACS housed

comparison groups used in our main analyses. Relative to housed adults (Column 4), shel-

tered (Column 1) and unsheltered (Column 2) homeless individuals are much more likely

to be male (67 and 74 percent, respectively, compared to 49 percent of the overall housed)

and much more likely to be Black (40 and 38 percent, compared to 13 percent). They are

similarly likely to be Hispanic (14 and 15 percent, compared to 15 percent) and are slightly

older (43.5 and 44.4 years old, on average, compared to 42.4), conditional on being between

the ages of 25-59 in 2010.

As noted in Section 3.4, we reweight the single housed poor sample to match exactly the

distribution of demographic characteristics in the pooled sheltered and unsheltered homeless

samples. The characteristics of the single housed poor indicated in Column 3 are therefore

equal to a weighted average of the characteristics in Columns 1 and 2 by construction. This

reweighting ensures that any subsequent comparisons are not confounded by demographic

differences between those experiencing homelessness and single poor housed individuals.

Such comparisons should be interpreted as between those experiencing homelessness and a

demographically comparable segment of the poor population, i.e., a segment that is unmar-

ried and more likely to be male, Black, and in their 40s and 50s than the typical single

10. We inflation-adjust all amounts to 2018 dollars using the Chained Consumer Price Index for All Urban
Consumers (C-CPI-U) and report individual income and program receipt at the annual level. The notes in
Appendix A.2 contain detailed information about the definitions and methodology underlying income and
program receipt measures.
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housed person living in poverty in the United States.

3.5.2 Employment, Income, and Safety Net Participation in the Year

Observed as Homeless

We begin by summarizing levels of employment, safety net participation, and material de-

privation in the year individuals were observed as homeless, before turning to a discussion

of longitudinal patterns of income, employment and earnings, disability program receipt,

and receipt of other benefits in the years preceding and following an observed period of

homelessness. Key results are indicated in Tables 3.2 and 3.3.11

Connections to Formal Employment and the Safety Net

Figure 3.1 displays the share of the Census homeless population and single housed poor

comparison group receiving various benefits and earnings in 2010.12 We find that homeless

individuals are highly connected to formal employment and the safety net, with 97 percent of

those in shelters and 93 percent of those at unsheltered locations receiving at least one gov-

ernment benefit and/or having been formally employed in 2010. The vast majority received

at least one safety net benefit (89 percent of the sheltered and 80 percent of the unshel-

tered), and about 52 percent of sheltered homeless individuals and 40 percent of unsheltered

11. Detailed additional results are available in the Appendix.

12. The lack of a residential mailing address can create complications in applying for benefits, satisfying
recertification requirements, and receiving regular payments, but people experiencing homelessness address
these barriers in various ways. Some homeless shelters, churches, and social service sites offer mail service
to people experiencing homelessness, and many individuals receive mail at the address of friends or family.
Moreover, most benefits are provided through direct deposit to a bank account or Electronic Benefit Transfer
(EBT) card, circumventing the need for a mailed check (IOM and NRC 2013; SSA 2024). In some instances,
the eligibility criteria for programs are less onerous for people experiencing homelessness. For example,
under federal SNAP regulations (7 CFR 273.2(f)(l)(vi)), homeless households are exempt from residency
verification requirements and can use the address of an authorized representative, shelter, or SNAP local
office as a place to receive mail from SNAP (USDA 2013). People experiencing homelessness are also exempt
from work requirements and time limits that some states impose on able-bodied SNAP recipients without
dependents.
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homeless individuals had formal employment, albeit with low earnings (a median of $8,300

among workers) that suggest sporadic and/or part-time work at very low wages.13

Receipt of all non-disability benefits was higher among people experiencing sheltered

rather than unsheltered homelessness, but this latter group was more likely to receive dis-

ability benefits from SSI or DI. About 83 percent of those in homeless shelters and 70 percent

of those at unsheltered locations received SNAP in the year they were observed as homeless.

About 45 and 41 percent of those experiencing sheltered and unsheltered homelessness, re-

spectively, were enrolled in Medicaid, and TANF/GA receipt was 58 and 30 percent for these

groups, respectively, in New York. A moderate share received disability benefits in 2010,

with 14 and 21 percent of the sheltered and unsheltered homeless, respectively, received

SSI, 9 and 14 percent received DI, and 3 and 2 percent received service-connected disability

payments from the VA, respectively. A small share (10 percent of the sheltered and 9 per-

cent of the unsheltered) received HUD housing assistance for at least some portion of 2010,

although the mean months of receipt drop in 2010 relative to surrounding years, suggesting

disruptions in housing benefit receipt that are consistent with having been homeless for some

portion of that year.

Income and the Value of In-Kind Transfers

We also calculate the median and 75th percentile of our most comprehensive resource mea-

sure, money income plus in-kind transfers, for our homeless and 2010 housed comparison

samples (Figure 3.2). This income measure includes most sources of taxable income re-

ported on 1040s or in W-2s and 1099-Rs, as well as (non-taxable) cash transfers from SSI

and VA payments and the value of in-kind transfers from SNAP and HUD. Despite the high

degree of connection to employment and the safety net indicated in Figure 3.1, we find that

people experiencing homelessness have extremely low incomes, indicating severe material de-

13. For comparison, a full year of work at the prevailing federal minimum wage of $7.25 corresponded to
about $15,000 of annual earnings.
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privation. The median value of income including in-kind transfers was about $5,500 for the

unsheltered homeless and $7,500 for the sheltered homeless in 2010. These annual incomes

fell well below the official poverty threshold of about $12,000 for a single-person household,

despite including the value of in-kind transfers that are not included when calculating official

poverty status.14

At the same time, we note that material deprivation would have been even more extreme

in this population without certain safety net programs. For example, median income fell to

about $750 for those in shelters and to $0 for the unsheltered homeless population when we

excluded the value of transfers from SSI, SNAP, and housing assistance (Appendix A.2). The

safety net appears to provide crucial assistance to many people experiencing homelessness.

Comparisons to the Single Housed Poor

Figures 3.1 and 3.2 also allow us to compare the material circumstances of those experienc-

ing homelessness and single housed poor individuals who share their demographic profile.

We find that single housed poor individuals were less connected to formal employment and

the safety net, with just 89 percent employed and/or receiving at least one benefit in 2010,

compared to 93 and 97 percent in the homeless samples. Among the single housed poor,

the share with formal earnings (48 percent) fell between that of the sheltered homeless (52

percent) and unsheltered homeless samples (40 percent), with the median value of earnings

conditional on working of about $12,200, compared to $8,300 among homeless individuals

with formal employment.15 W-2 records offer suggestive evidence of slightly elevated em-

ployment instability in the homeless population, with sheltered and unsheltered homeless

14. We reference the 2018 federal poverty threshold because we measure incomes in 2018 dollars. Although
we compare income to the poverty threshold for a single individual, we note that some people in our samples,
particularly those recorded in homeless shelters in the Census, were likely accompanied by children and would
hence be subject to even higher poverty thresholds.

15. Although relatively small, differences in employment rates between the sheltered homeless and single
housed poor samples are statistically significant and change sign after 2010, reflecting a more persistent
decline in employment for the former group after that year.
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workers both having an average of 1.6 distinct jobs (as proxied for by the number of W-2

forms) in 2009, compared to 1.4 among the single housed poor (Appendix A.2). The sin-

gle housed poor were less likely to receive SNAP, TANF/GA, Medicaid, and VA disability

benefits than those experiencing homelessness, but were more likely to receive housing as-

sistance. They received DI at similar rates to unsheltered homeless individuals, and their

receipt of SSI (16 percent) was between receipt rates for the sheltered homeless (14 percent)

and unsheltered homeless samples (21 percent).

Turning to comparisons of the median and 75th percentiles of income including the value

of in-kind transfers in Figure 3.2, we observe a striking degree of similarity between those

experiencing homelessness and single housed poor individuals who share their demographic

profile. The median single housed poor individual had about $9,900 in income after in-kind

transfers in 2010, only $2,400 higher than the median sheltered homeless individual. There

is also a substantial amount of overlap between these samples’ income distributions. At least

one-quarter of those experiencing homelessness had higher incomes than most single housed

poor adults: the 75th percentiles of income for the unsheltered and sheltered homeless were

about $14,300 and $15,100, respectively, compared to the median value of $9,900 for the

single housed poor. In other words, those experiencing homelessness, particularly sheltered

homelessness, look very much like single housed poor adults who share their demographic

profile in terms of their incomes, employment, and safety net participation.

3.5.3 Longitudinal Patterns of Employment, Income, and Safety Net

Participation

Persistence of Deprivation

Moving beyond static levels of deprivation, Figure 3.3 examines longitudinal patterns of

median income including the value of in-kind transfers from SNAP and HUD between 2005
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and 2016. The solid lines indicate the value of income from all sources except SSI, which we

only incorporate starting in 2010 (as reflected in the dashed lines) when our administrative

SSI records begin. This figure illustrates the stark persistence of material deprivation for this

population, with incomes remaining very low over the four years prior to and six years after

an observed period of homelessness. We find little evidence of major disruptions to income in

the years leading up to 2010, a finding that contrasts with anecdotal narratives emphasizing

major and abrupt deteriorations in material circumstances preceding homelessness. This

figure illustrates our key finding that people experiencing homelessness appear to be enduring

not just a difficult year or two, but rather a decade or more of exceptional material hardship.

Longitudinal Patterns of Earnings and Employment

We next turn to longitudinal patterns of employment (Figure 3.4) and median earnings

among those who are employed (Figure 3.5) to examine the magnitude of disruptions to

these outcomes relative to their long-term trend in the years preceding and following an

observed period of homelessness.16 All homeless and housed comparison groups see a pattern

of declining employment between 2005 and 2016, consistent with aging, but the proportional

decline in employment is greatest for the unsheltered homeless (39 percent), followed by the

sheltered homeless (30 percent), single housed poor (20 percent), and the overall housed

population (7 percent).

Because we condition on being observed as homeless or poor in early 2010, we might

expect any loss of earnings that led to homelessness or poverty to appear in 2009 tax records.

Indeed, we observe a drop in employment and earnings in 2009 for the homeless and single

housed poor groups relative to their long-term trends, but the magnitude of the drops is small.

Conditional on working, the earnings of sheltered homeless workers were about 1, 500to1,700

16. In addition to the single housed poor comparison group, this figure also includes a series for the overall
housed population to help distinguish longitudinal patterns among the homeless and single housed poor from
secular trends in employment for this age cohort during this period, which includes the Great Recession.
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lower in 2009 relative to the two surrounding years, and for unsheltered homeless workers it

was 500to1,000 lower. These disruptions are modest relative to the overall trend of declining

employment between 2005 and 2016 and are similar in magnitude to the drop in earnings

and employment observed among the single housed poor.

Longitudinal Patterns of Safety Net Participation

Disability program receipt increased for all three groups between 2010 and 2016, but the rate

of increase was higher among those experiencing homelessness than in the single housed poor

sample (Figures 3.6 and Figure 3.7). Between 2010 and 2016, SSI receipt increased from 14

to 23 percent for those in shelters, from 21 to 27 percent for those at unsheltered locations,

and from 16 to 17 percent for the single housed poor. DI receipt increased from 9 to 17

percent, 15 to 19 percent, and 14 to 18 percent for these groups, respectively, over the same

period. This pattern of accelerating disability program receipt following an observed period

of homelessness, a novel finding in research on this population, merits additional exploration.

Future work could examine, for example, whether this pattern indicates an association be-

tween the onset of disability and the onset of homelessness (with causality potentially running

in both directions), or, alternatively, whether interactions with homeless service providers

help connect people to disability programs for which they were already qualified. This latter

hypothesis would be consistent with concerted efforts by the Social Security Administration

(SSA) to increase access to SSI and DI among eligible people experiencing homelessness.

Figures 3.8 and 3.9 display longitudinal patterns in the receipt of other safety net pro-

grams among sheltered and unsheltered homeless individuals, respectively, between 2003

and 2016. Patterns differ across benefits, with receipt of SNAP and TANF/GA – benefits

typically understood to be temporary – peaking in the year observed as homeless relative

to surrounding years. These peaks occur for both the sheltered and unsheltered homeless
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but are more pronounced in the sheltered homeless population.17 Medicaid receipt increases

steadily through 2013 for both homeless groups, before increasing sharply in 2014 after many

states expanded eligibility under the Affordable Care Act (ACA). Receipt of HUD housing

benefits appears to dip slightly in 2009 for the sheltered homeless population before increas-

ing through 2016, but the overall level of housing assistance receipt remains low (below 20

percent) for both groups over this entire period.

We find that people who were residing in homeless shelters during the 2010 Census

have persistently higher rates of enrollment in non-disability safety net programs than those

who were experiencing unsheltered homelessness, despite facing somewhat better material

circumstances overall, as indicated by their higher incomes.18 This pattern appears to reflect,

at least in part, differences in family structure between these groups, because adults with

accompanying children are more likely to reside in shelters than at unsheltered locations and

also to qualify for safety net programs. Different rates of program receipt could also reflect

selection into sheltered or unsheltered status related to one’s underlying propensity to use

services, as we might expect that people who elect to use shelters – essentially a safety net

service – will be more likely to take up other safety net programs, as well.

In addition to demographic differences and selection, sheltered homeless individuals may

have higher program receipt because shelters facilitate the enrollment in and continued re-

ceipt of safety net benefits. We investigate this potential explanation for shelter users’ higher

program receipt using HMIS data, which unlike the Census indicate precise dates of shelter

entry and exit. Figure 3.10 displays monthly SNAP enrollment among Chicago HMIS users

17. Some of this peak is likely due to migration between states for which we do and do not have SNAP
data, but our checks described in Section 3.6 suggest that most of the rise preceding 2010 and fall after 2010
reflect true changes in SNAP receipt.

18. The unsheltered homeless are more likely than the sheltered homeless to be enrolled in Medicare,
but this is largely because eligibility for DI leads to eligibility for Medicare (in most cases after a two-year
qualifying period).
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relative to their first observed shelter entry.1920 SNAP enrollment remains steady at about

46 percent over the two years prior to shelter entry, with a slight (3 percentage point) increase

in the three months preceding shelter enter. Receipt abruptly increases to nearly 60 percent

in the month of first observed shelter entry, and then peaks at 63 percent in the third month

after shelter entry before declining to about 51 percent after a year has passed. While not es-

tablishing a causal relationship, the jump in SNAP enrollment in the month of shelter entry

is consistent with shelters facilitating SNAP enrollment for new clients, while conversely, the

timing of the subsequent fall in SNAP receipt is consistent with people becoming disenrolled

at the time of their six-month recertification. These findings suggest that work to establish a

causal relationship between shelter entry (exit) and SNAP enrollment (disenrollment) could

produce useful insights into the factors that facilitate and impede connections to the safety

net among those experiencing homelessness.

3.5.4 Differences Across Demographic Groups and by Geography

Having discussed static and longitudinal patterns in economic conditions for the overall

homeless population, we now turn to differences across policy-relevant sub-groups defined

by gender and family status (i.e., the absence or presence of accompanying children), race

and ethnicity, and geography (i.e., California, New York, and the rest of the U.S.).21

19. See Appendix A.2

20. People experiencing homelessness are eligible for SNAP even if they lack a permanent address or have
limited documentation to prove residency. SNAP allow such individuals to use the address of a shelter or
some other authorized representative to receive official correspondence, and funds are made available through
Electronic Benefit Transfer (EBT) cards that are automatically refilled once a month (U.S. Department of
Agriculture 2013).

21. See Appendix A.2
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Family Status and Gender

We first examine differences in in longitudinal patterns of income and safety net participation

by gender. In the year they were observed as homeless, women were more likely to be

employed (Figure 3.11) and had higher average earnings conditional on working (Figure

3.12) than men with the same sheltered status. Longitudinal patterns also differed by gender,

with men experiencing larger and apparently more persistent disruptions to employment and

earnings surrounding an observed period of homelessness. Sheltered homeless women were

also about 6 percentage points more likely to receive any benefit than sheltered homeless

men in 2010, while unsheltered homeless women were 3 percentage points more likely to

receive benefits than their unsheltered male counterparts.

One potential explanation for higher incomes and greater program receipt among home-

less women relates to family status, a dimension of heterogeneity that is emphasized in

much of the homelessness literature, including HUD’s annual national reports on homeless-

ness. Data from HUD’s 2022 report suggested that about 40 percent of sheltered homeless

adult women had accompanying children, compared to just 10 percent of sheltered homeless

adult men (HUD 2022).22 Housing may be more expensive to maintain when children are

present, which in turn could lead to homelessness even at higher levels of income and hence

higher average income among sheltered homeless women. Moreover, many programs consider

household size in determining income thresholds or other aspects of eligibility, which could

in turn also explain greater benefit receipt among homeless women than men.

While Census and ACS data do not report household structure for those experiencing

homelessness, we examine differences in key outcomes by family status using cross-sections

22. The HUD reports do not contain separate cross-tabulation of gender and family status for adults and
children, which are needed to estimate the share of women and men with accompanying children. The
reports do, however, include cross-tabulations of gender and family status and age and family status. We
assume that children are equally likely to be male and female and subtract these estimated counts from the
overall cross-tabulations by gender and family status to obtain the necessary cross-tabulation of gender and
family status among homeless adults.
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of individuals indicated as being enrolled in HMIS shelters in Los Angeles and Houston on

March 30 of 2012 and 2013.23 Adults in both types of households experienced a drop in

employment similar in magnitude to the drop among the Census homeless, but employment

rates for those without children continued to decline after an observed period of homelessness,

while employment among adults with accompanying children recovered almost to its initial

level, consistent with the gender-based differences described above (Figure 3.13).

In summary, our findings suggest that homeless women are more connected to employ-

ment and the safety net than men who share their sheltered status, and that homelessness

appears to be associated with smaller disruptions to employment for women than for men.

Differences by gender are likely closely associated with differences by family status, where

we find that homeless adults with accompanying children (predominantly women) are more

connected to employment and the safety net than those without children (disproportionately

men).

Race and Hispanic Ethnicity

We next turn to analyzing differences by race (Figure 3.14) and Hispanic ethnicity (Figure

3.15). Compared to white individuals of the same sheltered status, Black individuals experi-

encing homelessness had higher rates of employment and benefit receipt, including disability

benefits. Hispanic homeless individuals had higher employment and lower disability program

receipt than non-Hispanics with the same sheltered status. Overall benefit receipt was higher

for sheltered homeless Hispanics than for sheltered homeless non-Hispanics, but the reverse

was true among the unsheltered homeless, with Hispanics having lower overall benefit receipt

than non-Hispanics.

23. We use 2012 and 2013 reference years, rather than 2010, because we are more confident in the quality
of HMIS shelter entry and exit date reporting in these years, for reasons explained in Meyer et al. (2023a).
We condition our sample on shelter enrollment on March 30 because this date aligns with the mid-point
of the Census’s homeless counting operation and hence ensures that our results are robust to any seasonal
changes in shelter enrollment.
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Differences by race are of policy interest because Black individuals are overrepresented

among those who experience homelessness relative to their share in the broader population

in poverty, raising concerns about equity. Meyer et al. (2021) find using the ACS that 47

percent of people in homeless shelters are Black, compared to 30 percent of single housed

poor adults. As with gender-based differences, differences in income and program receipt by

race may suggest differences in the predominant pathways to homelessness across groups.

As with women (who often have accompanying children) relative to men, it may be the case

that Black individuals face a higher cost of maintaining housing due to discrimination or the

effects of racial disparities in the criminal justice system. Black individuals may also have

access to fewer resources from their family and social networks to insure against homelessness.

If Black individuals face a higher minimum housing cost or are less able to insure against

income shocks at a given income level, they could in turn experience homelessness even

when they are somewhat less deprived, on average, than poor white individuals, resulting in

the observed differences in income, employment, and safety net participation across racial

groups.

California, New York, and Other States

Policy discussions on homelessness in the U.S. often center on two states: California, which

is home to the largest unsheltered homeless population, and New York, which is home to the

largest sheltered homeless population. We therefore examined income and safety net partic-

ipation in these states separately and compared them to those experiencing homelessness in

the rest of the country. As shown in Figure 3.16, employment rates were lowest in California

(47 percent among the sheltered, 35 percent among the unsheltered), followed by New York

(50 percent among the sheltered, 37 percent among the unsheltered) and all other states (53

percent among the sheltered, 42 percent among the unsheltered). At the same time, Fig-

ure 3.17 demonstrates that median earnings among homeless workers in California and New
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York (about $10,000 to $11,000) were somewhat higher than those in other states (about

$7,500), a difference that could once again reflect differential housing costs by state. We

also observed slightly higher rates of disability program receipt in California and New York

relative to other states (Figure 3.18). In summary, although we found somewhat lower em-

ployment and higher disability program receipt in New York and California, these differences

were relatively small and suggest a high degree of similarity in the material circumstances

of people experiencing homelessness across the United States as a whole.

3.6 Extensions and Robustness Checks

This section contains extensions of our main analyses and robustness checks. We begin by

examining the accuracy of self-reported income and benefit measures and demographic char-

acteristics among those surveyed in homeless shelters in the ACS and housed comparison

groups through comparisons of survey and administrative responses. We do these compar-

isons to examine whether recorded answers can be trusted for items where we must rely on

surveys and to see the improvement in accuracy through replacing survey responses where

we can with administrative values. Our second sets of analyses use HMIS data, which indi-

cate the date of shelter enrollment and exit, to compare key results based on cross-sectional

samples (as in our main Census results) to samples of people with a first homeless shelter

enrollment in a year (a widely used approach in the literature). These analyses facilitate

comparisons to prior work and shed light on the extent to which key outcomes differ by

length of time spent homeless. Our third set of analyses check the robustness of key findings

to different data sources and years by comparing results based on those recorded as home-

less in the Census to results based on those enrolled in HMIS shelters and those surveyed

in homeless shelters in the ACS. Analyses using HMIS data allow us to examine the sensi-

tivity of key results to definitional differences between the Census and HMIS, as described

in-depth in Meyer et al. (2023a), while analyses using the ACS allow us to examine whether
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our findings change when we use samples of people experiencing homelessness in years other

than 2010. Analyses using the ACS and HMIS also serve as checks on potential bias from

non-linkage in the Census because both sources have higher linkage rates than the Census

and include a richer set of covariates for inclusion in our model to account for non-linkage

using inverse probability weights. The final set of analyses test the robustness of key findings

to alternative Census samples designed to address potential bias from non-linkage, misclas-

sification, and the incomplete geographic coverage of our SNAP datasets, which could result

in bias due to migration.

3.6.1 Misreporting of Income, Benefit Receipt, and Characteristics in the

ACS

Our first extension examines the extent to which demographic characteristics, income, and

program receipt are misreported in the ACS by those experiencing homelessness and housed

comparison groups. These analyses illustrate the importance of administrative data and

provide estimates that may help researchers and service providers to understand the accuracy

of self- and interviewer-reported information contained in the ACS and other surveys of this

population.

Household surveys suffer from widespread underreporting of income and safety net ben-

efit receipt in general, and self-reported measures may be especially inaccurate among those

with very low and very high incomes (Meyer et al. 2015; Bollinger et al. 2019). Misre-

porting of income and benefit receipt among those experiencing homelessness is of particular

interest because nearly all existing work on this population relies on self-reported measures

of these outcomes. It is not clear, however, whether we should expect the quality of self-

reported information among those experiencing homelessness in the ACS to be higher or

lower than those who are housed. On the one hand, homelessness is associated with sub-

stantial psychological burdens and elevated rates of cognitive limitations, which could in turn
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affect interviewee’s ability and willingness to provide accurate survey responses. Nearly one-

quarter of sheltered homeless adults in the 2011-2018 ACS reported difficulties with memory

and decision-making, compared to just 12 percent of the single housed poor and 4 percent

of the overall housed population (Meyer, et al. 2021). The myriad of programs and services

targeted at those experiencing homelessness may also contribute to confusion between fed-

eral, state, local, and private programs that could result in less accurate survey responses.

At the same time, we might expect the quality of self-reported information in the ACS to

be higher for those experiencing homelessness because information from these individuals

is collected via in-person interviews with field representatives, unlike housing unit surveys,

which are typically completed through mail or electronic submission.

We start by assessing the misreporting of date of birth, place of birth, gender, and

citizenship status in the 2011-2018 ACS (Table 3.4). We take characteristics indicated in the

Social Security Administration (SSA)’s Numident file to represent the truth and calculate

the share of individuals reporting a different response in the survey. People experiencing

homelessness are slightly more likely to misreport the exact day, month, or year of their

birth, but only a small share (3.5 percent) report a date of birth that is three or more years

away from the true date. These shares differ only slightly from misreporting rates for this

characteristic among the single housed poor (4 percent) and overall housed populations (3.7

percent). In addition, homeless individuals are slightly more likely to misreport their state or

country of birth (7.4 percent) than the single housed poor (5.1 percent) and overall housed

populations (4.9 percent), but they are less likely to misreport their gender. Citizenship

misreporting rates are similar (3 to 3.7 percent) for all three groups. In summary, the

demographic information provided by people experiencing homelessness in the ACS appears

to be generally quite reliable and only slightly less accurate than the information provided

by housed individuals.

We next summarize the misreporting of wage and salary income, SNAP, Medicaid, and
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Medicare in the 2011-2016 ACS, where we take values from administrative datasets to be the

truth (Table 3.5).24 Among those experiencing homelessness, 43.2 percent of wage earners

fail to report any wages in the survey, which is higher than the corresponding false negative

rates for the single housed poor (28 percent) and overall housed population (7.7 percent).25

Among true SNAP recipients, those experiencing homelessness are slightly more likely to

falsely report no receipt (20.5 percent) than the single housed poor (15.8 percent), but

less likely to do so than the overall housed population (29 percent). On the other hand,

false positive rates for SNAP receipt are substantially higher in the homeless sample than

in the single housed poor and overall housed populations (30.7 percent, compared to 6.3

percent and 1.2 percent). The three groups have similar (and low) rates of false positives

and false negatives for Medicare receipt. Finally, for Medicaid receipt, those experiencing

homelessness have slightly lower false negative rates (16.5 percent, compared to 18.6 and

27.6 percent of the single housed poor and overall housed, respectively) but substantially

higher false positive rates (20.4 percent, compared to 13.2 and 3.7 percent).

Thus, we find that people experiencing homelessness are slightly more likely than the

housed population to underreport certain sources of income and benefits (e.g., wage and

salary income, SNAP) but may be less likely to underreport receipt of other benefits (e.g.,

Medicaid). At the same time, high rates of false positives for program receipt (e.g., SNAP

and Medicaid) appear to be a greater concern for this population, perhaps reflecting mis-

understanding about these programs vis-a-vis other types of food and medical assistance

that they may receive. In summary, survey responses in the homeless sample suffer from

substantial error, but they are not clearly worse than the responses for the housed. Both

24. We limit the sample to ACS data through 2016 for income and safety net misreporting analyses because
these are the years for which we have access to administrative data.

25. We note that our administrative earnings data indicate only formal wage and salary income, so false
negative rates should be interpreted as false negatives for formal wage and salary income. Because people
may report informal income in the survey that would not be recorded in the tax data, false positive rates
should be interpreted with more caution.
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show sufficient error for income sources that a reliance solely on survey responses is likely to

lead to substantial bias.

3.6.2 Robustness to Different Time-Based Sampling Approaches

Our next set of analyses compare key findings across two different time-based approaches to

selecting a sample of those experiencing homelessness. The first approach, which is analogous

to our main Census sample, takes a cross-section of those experiencing homelessness at a

point in time. The second, which is widely used in the homelessness literature, takes a

sample of people with first shelter enrollments in a year. These comparisons shed light

on the extent to which key outcomes appear to differ by length of time spent homeless,

facilitate comparisons to prior work, and allow us to see how income and program receipt

change longitudinally relative to the first observed homeless shelter enrollment.

Much of the prior literature on homelessness emphasizes differences in characteristics,

life circumstances, and pathways to homelessness between people with different patterns

of time spent without conventional housing (Lee et al. 2010; Kuhn and Culhane 1998).

Such differences are also important for programmatic purposes, with eligibility criteria for

some HUD assistance programs being contingent on exhibiting “chronic” homelessness (i.e.,

having extended or repeated spells of homelessness alongside a disabling condition). The

timeframe across which samples are selected creates an implicit set of weights related to an

individual’s length of time spent homeless. Our main Census sample consists of a cross-

section of people experiencing homelessness at a point in time, which in turn should provide

a spell length-weighted sample of people who are ever homeless if the size of the population

and distribution of spell lengths are constant over time. While such a weighing scheme is

sensible in many ways and consistent with how samples are typically drawn in the broader

literature on poverty, we may also be interested in summary statistics based on samples

using other time-based approaches. For example, von Wachter et al. (2020) and Metraux
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et al. (2018) use samples of people with a first observed shelter enrollment in a year, an

approach which applies equal weight to all individuals in the sample regardless of the length

of time spent homeless. This latter approach also allows researchers to examine changes in

key outcomes in the time preceding and following the onset of homelessness.

A key limitation of the Census and ACS data is that they do not indicate the start and end

dates of spells of homelessness, which in turn limits our ability to compare key results across

different time-based approaches to sampling using these data. We turn instead to HMIS data

from Los Angeles and Houston, which indicate individuals’ shelter entry and exit dates, to

examine the sensitivity of key findings to different time-based approaches to sampling. The

first approach, which provides a sample that is analogous to the Census samples in our

main results, takes a cross-section of those enrolled in these shelters on March 30 of 2012

or 2013.26 The second approach, which aligns more closely with samples used in key prior

studies, including von Wachter et al. (2020) and Metraux et al. (2018), takes individuals

with their first observed HMIS shelter enrollments in 2012 or 2013. By construction, the

cross-sectional samples place greater weight on people with longer or more frequent spells

of homelessness, while the samples of first enrollments apply equal weight to all individuals

regardless of length of time spent homeless. Indeed, summary statistics reveal much longer

average lengths of shelter enrollment for people in the cross-sectional samples (319 days in

Los Angeles and 280 days in Houston) than in the samples of first enrollments in a year (70

days in Los Angeles and 30 days in Houston).

In Los Angeles, we observe remarkably similar levels and longitudinal patterns of employ-

ment (Figure 3.19), median earnings conditional being employed (Figure 3.20), and benefit

receipt (Table A.31) in the cross-sectional sample and the sample of people with first en-

rollments in a year. Over the seven years before and four years after an observed period of

26. We use 2012 and 2013 for these analyses, rather than the Census year of 2010, to ensure that we have
several years of preceding high-quality HMIS data, which in turn increases our likelihood of having identified
an individual’s first shelter enrollment. See Meyer et al. (2023a) for a discussion of HMIS data quality
improvements over time.
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homelessness, employment in the sample of first enrollments differed from the cross-sectional

sample by -0.3 to 3.7 percentage points, corresponding to a -1 to 11 percent difference. Me-

dian earnings conditional on being employed differed between the sample of first enrollments

and the cross-sectional sample by -$1,000 to $900 (-13 to 9 percent difference), Medicaid

enrollment differed by -4 to 3.5 percentage points (-5 to 13 percent difference), and disability

program receipt differed by -4 to 3 percentage points (-14 to 13 percent difference).

Compared to Los Angeles, differences in the levels of employment and benefit receipt –

but not longitudinal patterns – were more pronounced between the two samples in Hous-

ton. The sample of first enrollments had lower employment than the cross-sectional sample

(3 to 9 percentage points lower, or a 5 to 14 percent difference), higher rates of Medicaid

enrollment (2 to 7 percentage points higher, or a 14 to 31 percent difference), and higher

rates of disability program receipt (5 to 8 percentage points higher, or a 30 to 180 percent

difference). Median earnings conditional on working were not consistently higher or lower

in the sample of first enrollments however, ranging from $2,400 lower to $2,100 higher than

the cross-sectional sample, with the proportional difference ranging from -24 to 21 percent.

Longitudinal patterns of employment and benefit receipt were similar in the two samples,

however. In in the sample of first enrollments, the average year-to-year changes in employ-

ment, Medicaid enrollment, and disability program receipt were -1.4, 2.5, and 1.6 percentage

points, respectively, compared to -1.2, 1.9, and 2.0 percentage points in the cross-sectional

sample.

Taken together, these results highlight a striking degree of similarity in the levels and

longitudinal patterns of employment, earnings, and benefit receipt between cross-sectional

samples and samples consisting of people with their first shelter enrollment in a year. These

similarities are even more notable when we consider that the cross-sectional samples consisted

of individuals who spent 4.6 (Los Angeles) and 9.3 (Houston) times as many days in the

shelter, on average, as the samples of first enrollments. Considering key outcomes relative to
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the onset of homelessness rather than an observed period of homelessness with unknown start

date makes little difference in longitudinal patterns. These analyses suggest that our main,

Census-based results would change little even under a hypothetical alternative sampling

approach that gave more weight to people with shorter spells of homelessness. More broadly,

these analyses further illustrate our key finding that the year someone is observed to be

experiencing homelessness does not appear to be a major aberration in long-term trajectories

characterized by persistent, severe material deprivation.

3.6.3 Robustness to Different Data Sources and Years

This section examines the robustness of our main results to different data sources and years.

We first compare key outcomes for samples of people who were enrolled in HMIS shelters

in Los Angeles and Houston on the Census date to the subset of the Census sheltered

homeless from those same cities. We then calculate key outcomes for individuals surveyed

in homeless shelters in the 2010-2014 ACS and compare these to our main results to see

whether findings differ for people who were homeless in years other than 2010.27 Both sets

of analyses also serve as checks on potential bias from non-linkage because HMIS data have

high linkage rates (over 90 percent in most years) and because the ACS includes a rich set

of covariates for inclusion in our inverse probability weighting model, including self-reported

measures of some of the same income and program receipt outcomes we are estimating with

administrative data.

We are interested in the comparability of Census and HMIS data because the latter are

frequently used in homelessness research and official HUD reports and there are important

differences in the way that these sources define a homeless shelter, which in turn could

result in different patterns of income and program receipt. Meyer et al. (2023a) highlight

straightforward definitional differences between these sources as well as ambiguities that lead

27. This date range has been selected to allow several years of administrative data to calculate longitudinal
outcomes in surrounding years.
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the Census to classify some HMIS facilities as conventional housing or other types of group

quarters rather than homeless shelters. For example, unlike HMIS, the Census appears to

have classified many transitional housing units not as shelters but rather as conventional

housing, most likely due to the extended residency (up to two years) and formal tenancy

agreements that these facilities entail.

To assess the comparability of these data sources, we calculate key outcomes for Los

Angeles and Houston HMIS shelter users with entry and exit dates indicating enrollment

during the Census’s homeless counting operation as well as Census sheltered homeless indi-

viduals from these cities.28 Figures 3.21 and 3.2 illustrate employment and median earnings

conditional on working, respectively, for the Census and HMIS samples. In Los Angeles,

both the levels and longitudinal patterns of employment and earnings were similar for the

two data sources, with employment differing by at most 4 percentage points and median

earnings conditional on working differing little between the samples in most years. In Hous-

ton, the HMIS sample had higher employment (by about 7 to 10 percentage points) but

similar earnings conditional on being employed, with similar longitudinal patterns for both

outcomes in both samples.29

Similarities between the Census and HMIS samples are broadly encouraging, but em-

ployment differences in Houston suggest that the level of deprivation may be sensitive to the

choice of data source in some localities. In the case of Houston, the Census appears to have

identified a more deprived set of individuals than HMIS, which in turn may reflect greater

misalignment in the two sources’ definition of a homeless shelter in Houston than in Los

28. Following Meyer et al. (2023a), we exclude from the Los Angeles sample people whose HMIS-recorded
exit dates appear to be erroneous, i.e., those with exit dates of March 31, 2010 (the date of an apparent
administrative closure of numerous spells with missing exit dates), as well as those who still had open spells
on March 30 despite being enrolled in Los Angeles’s Winter Shelter Program, which ended on March 15.

29. Table A.32 presents the share with disability program receipt and the share enrolled in Medicaid for
the Census and HMIS samples. The trend in both outcomes is similar in both cities and the levels are similar
in Los Angeles, but Medicaid enrollment and disability program receipt are higher in the Houston’s Census
sample than its HMIS sample.
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Angeles. Prior work by Meyer et al. (2023a) suggests that a larger share of Houston’s HMIS

shelter users were in facilities classified by the Census as housing, with about 37-39 percent

of Houston’s HMIS shelter users being in facilities classified by the Census as conventional

housing or other group quarters, compared to 31-33 of Los Angeles’s HMIS shelter users. In

addition, about two-thirds of Houston’s HMIS sample in the present analysis were enrolled in

a transitional housing facility, compared to just one-quarter in Los Angeles. Because about

one-half of all sheltered homeless individuals in the United States in 2010 were enrolled in

transitional housing, we might expect the degree of definitional misalignment between Cen-

sus and HMIS data nationally to fall somewhere between that of Houston and Los Angeles

(HUD 2010). Moreover, because transitional housing offers a more stable living situation

than emergency shelters, we might expect HMIS samples to include individuals who are

slightly less deprived, on average, than the Census when such facilities are prevalent.

We next compare key results for the sheltered homeless in the Census and 2010-2014

ACS. In addition to checking the robustness of our results to another data source, these

analyses allow us to examine the degree to which our main findings hold true when we study

people who were homeless in years other than 2010. We may be concerned, for example, that

our main results reflect prevailing macroeconomic conditions 2010 and the surrounding years

rather than more general trends that tend to precede or follow homelessness. Comparisons

of Census to ACS data are also informative about the extent of bias from non-linkage in our

main Census results because the ACS allows us to estimate an IPW model that includes

a much richer set of covariates than those available in the Census, including self-reported

measures of income and program receipt. As we saw in Section 3.6, self-reported values of

income and program receipt, while sometimes misreported, are nevertheless highly correlated

with true values.30 Including these self-reported measures in the IPW model should therefore

account for most of any unobservable characteristics that are potentially associated with the

30. Table 3.5 shows that sheltered homeless individuals’ survey reports are accurate 78, 78, 82, and 95
percent of the time for having formal employment, and receipt of SNAP, Medicaid, and Medicare, respectively.

113



outcomes. The similarity of the estimates from the two samples suggests that there is at

most a small bias resulting from non-linkage conditional on the Census’s more limited set of

demographic and geographic variables.

Figures 3.23 and 3.24 illustrate employment and the share of individuals with disability

program receipt, respectively, for the 2010 Census and 2010-2014 ACS sheltered homeless

samples. In Figure 3.23, we observe similar levels and longitudinal patterns in employment

over the two years preceding and two years after an observed period of homelessness in both

samples, suggesting that declining employment preceding homelessness is not specific to the

Great Recession years. Disability program receipt is 2-5 percentage points higher in the

Census sample than the ACS, but the longitudinal pattern is once again similar across the

two data sources. Table A.33 presents numerous additional outcome measures for the ACS

sheltered homeless samples, all of which have similar levels and longitudinal patterns to our

main Census sheltered homeless sample. Taken together, these results suggest our main

findings are not specific to people who experienced homelessness in 2010, but rather reflect

more general trends surrounding an observed period of homelessness.

In summary, the analyses in this section demonstrate that our results are largely robust

to the use of different data sources and years, although we note the potential for some

differences between the Census and HMIS data stemming from differences in the way these

sources define a homeless shelter. The similarity of results from different data sources also

lends confidence to our non-linkage corrections using inverse probability weights.31

31. While these checks on our linkage methods were carried out using comparisons of sheltered homeless
samples, we consider them to be informative about the accuracy of the very similar non-linkage corrections
for the unsheltered homeless sample as well. Transitions between sheltered and unsheltered statuses are
common, suggesting that the distinction between these groups may not be pronounced. In the 1996 NSHAPC
survey, 11 percent of respondents had slept in both shelters and at unsheltered locations during the week
of the survey (Burt et al. 2001). Similarly, about 10-11 percent of people indicated as being enrolled in
HMIS shelters in Los Angeles and Houston on the Census date were recorded by the Census as unsheltered
homeless, suggesting transitions between these statuses within a short window of time (Meyer et al. 2023a).
Finally, our finding of high rates of connection to the safety net even among the unsheltered homeless is
consistent with Metraux et al. (2016)’s analysis of homeless decedents in Philadelphia, which found that
three-quarters these individuals had prior contact with homeless services.
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3.6.4 Robustness to Alternative Census Samples

This section contains additional robustness checks using Census data to address concerns

about our sample selection criteria, the potential for misclassification of housed individuals

as homeless in the Census, and potential bias in SNAP receipt due to migration between

states for which we do and do not have administrative data on this outcome.

We first calculate employment and benefit receipt for a version of the Census unsheltered

homeless sample that includes those counted at outdoor locations (TNSOLs). These analyses

serve as a check on our decision to omit this group from our main results due to low linkage

rates and concerns about non-randomness of linkage conditional on observed characteristics.

We next calculate key outcomes for subsets of the sheltered and unsheltered homeless Census

samples that exclude people who were recorded in housing units as well as being counted

as homeless in the 2010 Census. These analyses are intended to address concerns about

potential misclassification of housed people as homeless, concerns that stem from the finding

in Meyer et al. (2023a) that about 40 percent of the unsheltered population and 20 percent

of those in shelters were also counted as housed in the Census. Figures A.1-A.4 (Tables

A.34and A.35) contain these results. Our findings are largely robust to these alternative

sample choices. Despite concerns about low linkage rates for people located at TNSOLs,

the decision to exclude these individuals appears to have little effect on our results. We

note that people who were double-counted during the Census appear slightly more likely

to be employed and slightly less likely to receive benefits, differences which may reflect a

small degree of misclassification, but which could alternatively reflect heterogeneity between

people with strong and weak connections to housed friends or family.

We conduct a final series of checks to address concerns over potential bias in longitudinal

SNAP receipt that could arise from migration and the incomplete geographic coverage of our

administrative datasets for this program. In our main results on SNAP receipt and outcomes

that incorporate SNAP, like income including in-kind transfers, we restrict the sample in year
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t to people who in 2010 lived in a state for which we have SNAP data in year t. People who

migrate between states for which we do and do not have SNAP data during the study period

could incorrectly be identified as non-recipients, leading to downward bias in our results. To

estimate the extent of such bias, we calculate longitudinal SNAP receipt for the subset of

the 2010 homeless population that links to the 2000 Census and resided in the same state in

both 2000 and 2010. We call this our migration-adjusted sample because we consider these

individuals to be less likely to have resided in other states in years between 2000 and 2010.

As expected, the peak in SNAP receipt surrounding 2010 is attenuated in the migration-

adjusted sample, but the qualitative pattern of sharply increasing SNAP receipt preceding

2010 and somewhat decreasing SNAP receipt after 2010 remains intact. Our findings are

similar when we examine migration-adjusted SNAP receipt in the unsheltered homeless and

single housed poor samples, suggesting that the peak in SNAP receipt in the year observed

as homeless is a real phenomenon, not the result of bias due to incomplete coverage of SNAP

datasets.

3.7 Comparisons to Past Work

We compare our findings to three key prior studies of the income, employment, and safety net

participation of the U.S. homeless population: the NSHAPC survey, Metraux et al. (2018),

and von Wachter et al. (2020). The NSHAPC survey interviewed a random sample of 4,200

users of homeless services in 1996, including people who were homeless at the time of the

interview and some who had recently been homeless (Burt et al. 2001). Its advantages lie in

its intention to be nationally representative and its detailed self-reported income and program

receipt measures. However, three decades have passed since this survey was conducted. More

recently, Metraux et al. (2018) base their analyses on a sample of 161,000 New York shelter

users with first observed HMIS enrollments in 1990-2002 and von Wachter et al. (2020)’s

sample consists of 137,000 Los Angeles shelter users with first observed HMIS enrollments in
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2010-2018. Metraux et al. (2018) link their sample to Social Security Administration (SSA)

earnings data and von Wachter et al. (2020) link their sample to California Unemployment

Insurance (UI) wage records. These studies benefit from large samples and accurate earnings

data but are limited to a single income source (earnings – and only in-state wages in the

latter study). They do not include people who were experiencing unsheltered homelessness

and may not generalize outside of the cities in which they were conducted.

Table 3.6 summarizes the main findings from these studies alongside the most comparable

estimates available in our study. They include estimates for the pooled Census sheltered and

unsheltered in Column (1) to facilitate comparisons with NSHAPC and estimates for the

sheltered homeless only in Column (3) to facilitate comparisons with Metraux et al. (2018)

and von Wachter et al. (2020). We also indicate employment rates and Medicaid receipt

for single adults and those in families (from our pooled Los Angeles and Houston HMIS

samples) to compare differences by family status to the results in prior work. We report

all cash amounts in 2018 dollars. While we have so far emphasized percentiles of income in

this study, in this section we report mean income amounts to align estimates based on the

Census homeless with prior studies’ results.

Our estimates of formal income and earnings in the year observed as homeless exceed the

estimates in prior studies. Mean pre-tax cash income for the pooled Census sheltered and

unsheltered homeless, including the value of SSI payments, is about $10,900, nearly $4,000

greater than the inflation-adjusted $7,100 average income reported in NSHAPC.32 We also

calculate mean annual earnings among workers to be nearly $6,000 higher than in Metraux

et al. (2018) and $3,500 higher than in von Wachter et al. (2020), differences that could

reflect the studies’ different timeframes, geographic coverage, or sample selection. We also

find higher rates of employment in the sheltered homeless population than those suggested

32. In New York, where we have access to TANF/GA data, we estimate mean pre-tax cash income including
these cash benefits to be about $12,700. We note, however, that New York’s cash assistance programs tend
to be more generous than in other states.
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by Metraux et al. (2018) and von Wachter et al. (2020). Fifty-two percent of the Census

sheltered homeless were employed in the year observed as homeless, compared to just 42

percent of shelter users in Metraux et al. (2018) and 29 percent of those in von Wachter et

al. (2020). Low employment rates in this latter study may in part reflect the incomplete

coverage of their earnings data, which consist of Unemployment Insurance (UI) wage records

exclusively from California.

Comparisons with prior work also suggest a possible reversal in employment rates be-

tween single homeless adults and homeless adults with partners or children over the past

three decades. Both NSHAPC and Metraux et al. (2018), studies that relied primarily on

homeless samples from the 1990s, found substantially higher employment among unaccom-

panied adults than those with partners or children, with the first group being predominantly

male and the latter group consisting primarily of single mothers. In contrast, our estimates

based on 2012-2013 HMIS data from Los Angeles and Houston and von Wachter et al.

(2020)’s estimates based on Los Angeles HMIS data from 2010-2018 indicate substantially

higher employment for adults in families than for unaccompanied adults. The reversal in

employment rates by family status between the 1990s and 2010s may reflect the well-known

increase in employment among single mothers, especially those with low education, since the

1990s (Han et al. 2021).

Finally, we compare safety net participation in our study to that reported in the NSHAPC.33

Pooling the sheltered and unsheltered Census samples, we estimate that about 86 percent

of those experiencing homelessness in 2010 received at least one benefit that year, includ-

ing about 77 percent of people who received SNAP. In NSHAPC, just 40 percent of those

experiencing homelessness reported receiving at least one benefit, including 37 percent re-

ceiving SNAP. We find higher receipt rates for all benefits: 24 percent were enrolled in SSI

(compared to 11 percent in NSHAPC), 46 percent were enrolled in Medicaid (compared to

33. A caveat is that the NSHAPC reports contemporaneous program receipt at the time of interview, while
our estimates indicate program receipt at any point in the calendar year.
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30 percent in NSHAPC), and 48 percent were enrolled in in TANF or GA in New York

(compared to 19 percent of the U.S. homeless population enrolled in in AFDC in NSHAPC).

Some of these differences are likely driven by the underreporting of benefit receipt in the

survey as discussed in Section 3.6, but under-reporting in other surveys tended to be less

pronounced back in the 1990s. Furthermore, our annual measures of benefit receipt are

higher by construction than NSHAPC’s contemporaneous receipt measures, but such time-

frame misalignment is unlikely to explain all of the differences we observe. Higher program

receipt in the 2010 Census homeless population appears to reflect, at least in part, a true

increase in connections to the safety net for this population since the 1990s as eligibility for

many of the programs has broadened.

In summary, our analyses are qualitatively consistent with past studies in demonstrating

the dire economic circumstances of people experiencing homelessness. At the same time, we

show that these individuals have somewhat greater incomes, employment, and connections

to the safety net than previously understood. Differences between our estimates and those

in prior work likely reflect some combination of true changes over time – including an appar-

ent rise in employment among homeless mothers and increasing program receipt in recent

decades – as well as the improvements to accuracy that come from using administrative

data rather than self-reported outcomes, as has been established in the broader literature

on poverty measurement (e.g., Meyer and Mittag, 2021). At the same time, we caution that

these findings do not necessarily mean that this population is less deprived than previously

thought. Homelessness itself is an unambiguous indicator of severe hardship, so there can

be no doubt that people experiencing homelessness are deprived. Rather, these comparisons

underscore that people experience homelessness because they are unable to negotiate their

dire circumstances despite being connected to formal work and the safety net, not because

they are disconnected from these sources of income.
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3.8 Conclusions

This paper provides the most detailed and accurate description to date of the level and

persistence of material deprivation among people experiencing homelessness in the United

States, including the first-ever national estimates of income, employment, and safety net

participation based on accurate administrative data. We find that these individuals are

highly connected to work and the safety net, with nearly all sheltered homeless adults (97

percent) and the vast majority of unsheltered homeless adults (93 percent) having received

at least one benefit or been formally employed in the year they were observed as homeless.

Pooling together the sheltered and unsheltered samples, we find that half of these individuals

(46 percent) had formal employment in the year they were observed as homeless, more than

three-quarters received food assistance from SNAP (77 percent), and many were enrolled in

Medicaid (43 percent) or received disability assistance through SSI or DI (24 percent). While

higher than prior estimates, these rates understate true employment and program receipt

given that our data are not complete. At the same time, formal incomes were very low: the

median annual value of our most comprehensive resource measure – cash income plus the

value of in-kind transfers from SNAP and HUD – was just $7,500 for the sheltered homeless

and $5,500 for the unsheltered homeless in 2010. As these findings illustrate, people with

very low incomes remain vulnerable to homelessness even when they are connected to formal

labor markets and the social safety net. Relatedly, connecting people to formal employment

and these social safety net programs are unlikely to be sufficient policies for preventing or

reducing homelessness.

Our longitudinal analyses reveal highly persistent deprivation, with little change in me-

dian incomes over the four years prior to and six years after an individual is observed to

be homeless. Employment declines steadily between 2005 and 2016, with only a small and

transitory drop relative to this long-term trend in the years leading up to 2010. Long-term

declines in employment are accompanied by increasing disability program receipt, with en-

120



rollment in SSI or DI increasing from 24 to 37 percent between 2010 and 2016. Because

we expect that most of the people in our sample were housed for much of this longitudinal

period, we interpret these findings to be informative not just about material circumstances

during a period of homelessness, but also about the long-term life circumstances within which

homelessness arises. Our results suggest that homelessness tends to arise in the context of

long-term, severe deprivation, including declining employment and increasing disability pro-

gram receipt, rather than large and sudden losses of employment or benefit income. Put

differently, for these individuals, extremely low permanent incomes translate into height-

ened vulnerability to homelessness, leaving them with few resources to buffer against the

loss of housing when met with even a relatively modest disruption to their income or life

circumstances.

Perhaps surprisingly, we observe a high degree of similarity in the material circum-

stances of people experiencing sheltered homelessness and unmarried poor individuals who

are housed but share their demographic profile (i.e., disproportionately male, Black, and in

their 40s and 50s). Both groups have persistently very low incomes and high benefit receipt.

Although median annual incomes are higher among the housed poor, there is substantial over-

lap between these groups’ income distributions, with at least a quarter of sheltered homeless

adults having incomes that exceed the median income in the housed poor comparison group.

Adults in our sheltered homeless sample even had slightly higher rates of employment than

the single housed poor in the years leading up to 2010. These analyses highlight the severe

income-related deprivation faced by this segment of the housed population, a group that

tends to receive less attention in academic and policy discussions about poverty alleviation

than single mothers and children.

At the same time, substantial overlap in the economic circumstances of sheltered homeless

and housed poor individuals raises the question of what factors, unobserved in our data,

cause some individuals to become homeless while others remain housed. With only about
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600,000 people experiencing literal homelessness in the U.S. at a point in time (Meyer et al.

2023a), homelessness remains a rare event even among those who are very poor. Differences

in permanent incomes and connections to formal work and the safety net do not appear

to be the predominant factors distinguishing those who experience homelessness from the

single housed poor. Alternative explanations may center on the role of behavioral health

conditions and substance abuse disorders, the strength of social ties and affluence of one’s

social network, and the bad luck of experiencing non-income shocks to life circumstances.

Understanding what non-income factors raise or lower an individual’s probability of becoming

homeless can shed light on the most effective prevention measures and inform the targeting

of such interventions. Extreme poverty appears to be just one part of the broader puzzle of

what put someone at risk of homelessness.

An important caveat on our longitudinal analyses is that we describe patterns in the

central tendencies of income, employment, and safety net participation in the U.S. homeless

population over time, but we do not examine individual dynamics in these outcomes. This

approach yields useful summary measures of the level of deprivation in this population and

how this level changes on average across years, but it does not allow us to describe individual-

level variability in these outcomes. In future work, we plan to examine individual income

dynamics surrounding an observed period of homelessness to characterize the extent of in-

come volatility associated with homelessness and to understand heterogeneity in dynamic

patterns. These analyses will shed light on whether policies aimed at increasing permanent

incomes (or, equivalently, lowering housing costs) or policies aimed at reducing the volatility

of income (or, equivalently, reducing the volatility of housing costs) will be more effective

prevention measures.

Another limitation of our study is that we do not observe the duration of spells of

homelessness for those in our Census samples. HUD’s best estimates, which are based on

surveys of likely uneven quality conducted by local service providers, suggest that only about
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one-quarter of people who are literally homeless at a point in time face extended or repeated

long-term spells of homelessness (HUD 2022). In other words, we expect most people in

our Census sample to have been housed for much of the decade surrounding 2010. Yet

our findings do not suggest that 2010 was major aberration in these individuals’ long-term

economic trajectories; they face similar levels of material deprivation even in years where

we expect most of them to have been housed. Moreover, our analyses using HMIS data

demonstrate the remarkable robustness of key findings to the use of samples designed to

include a smaller share of those with longer or more frequent spells of homelessness. Literal

homelessness is a severe hardship that rightly draws widespread concern, but the context of

persistent, extreme poverty within which homelessness arises – poverty that is less visible

than literal homelessness, and hence less likely to capture the attention of policymakers –

may be nearly as alarming and deserving of our concern.

This paper adds to an emerging portrait of the life circumstances of people who experience

homelessness in the United States based on large, national samples linked to administrative

data. Recent work has documented the substantially elevated mortality risk associated

with homelessness (Meyer et al. 2023b), and ongoing analyses seek to understand homeless

individuals’ patterns of housing status transitions, migration histories, and the effects of

safety net programs on health and wellbeing. These pathbreaking analyses are informing

efforts to understand the causes and consequences of homelessness and to identify the most

effective strategies for improving the lives of this exceptionally deprived and ill-understood

segment of the U.S. population.

3.9 Exhibits
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Figure 3.1: Benefit Receipt and Earnings in 2010

Sources: IRS 1040s (2003-2015), W2s (2005-2016), HUD PIC/TRACS (2003-2016), USVETS (2007-2015), Medicare (2006-2014), Medicaid
(2007-2015), SNAP for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and Tennessee (2004-2016),
TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.2: Income Including In-Kind Transfers in 2010

Sources: IRS 1040s (2003-2015), W2s (2005-2016), HUD PIC/TRACS (2003-2016), USVETS (2007-2015), Medicare (2006-2014), Medicaid
(2007-2015), SNAP for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and Tennessee (2004-2016),
TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.3: Median Income Including In-Kind Transfers in 2005-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), HUD PIC/TRACS (2003-2016), USVETS (2007-2015), Medicare (2006-2014), Medicaid
(2007-2015), SNAP for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and Tennessee (2004-2016),
TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.4: Share with Earnings, 2005-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census, 2010 ACS. Note: Approved for release by the Census Bureau’s Disclosure

Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.5: Median Earnings (Conditional on Working), 2005-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census, 2010 ACS.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.6: SSI Receipt, 2010-2016

Sources: SSI Datasets (2010-2014, 2016), 2010 Census, 2010 ACS.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.7: DI Receipt (According to Medicare Records), 2006-2016

Sources: 2006-2016 Medicare Datasets, 2010 Census, 2010 ACS.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.8: Program Receipt of Sheltered Homeless, 2003-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), and 1099-Rs (2003-2015), HUD PIC/TRACS (2003-2016), USVETS (2007-2015), Medicare
(2006-2014), Medicaid (2007-2015), SNAP for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and
Tennessee (2004-2016), TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.9: Program Receipt of Unsheltered Homeless, 2003-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), and 1099-Rs (2003-2015), HUD PIC/TRACS (2003-2016), USVETS (2007-2015), Medicare
(2006-2014), Medicaid (2007-2015), SNAP for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and
Tennessee (2004-2016), TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.10: Monthy SNAP Receipt in Chicago HMIS Data

Sources: Chicago (2014-2019) HMIS dataset, Illinois SNAP dataset (2009-2016).

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.11: Share with Earnings by Gender, 2005-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census, 2010 ACS.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.12: Median Earnings by Gender (Conditional on Working), 2005-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census, 2010 ACS.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.13: Share with Earnings by Family Status

Sources: IRS 1040s (2003-2015), W2s (2005-2016), Los Angeles (2004-2014) and Houston (2004-2015) HMIS datasets.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.14: Share with Earnings, Benefits, and Disability by Race, 2010

Sources: IRS 1040s (2003-2015), W2s (2005-2016), and 1099-Rs (2003-2015), HUD PIC/TRACS (2003-2016), USVETS (2007-2015), Medicare
(2006-2014), Medicaid (2007-2015), SNAP for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and
Tennessee (2004-2016), TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.15: Share with Earnings, Benefits, and Disability by Ethnicity, 2010

Sources: IRS 1040s (2003-2015), W2s (2005-2016), and 1099-Rs (2003-2015), HUD PIC/TRACS (2003-2016), USVETS (2007-2015), Medicare
(2006-2014), Medicaid (2007-2015), SNAP for Illinois (20 09-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and
Tennessee (2004-2016), TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.16: Share with Earnings by State, 2010

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.17: Median Earnings (Conditional on Positive) by State, 2010

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.18: Share with SSI or DI by State, 2010

Sources: Medicare (2006-2014), Medicaid (2007-2015), SSI (2010-2014, 2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.19: Share with Earnings in HMIS Data, Comparison of Sample Time-Frames

Sources: Los Angeles (2004-2014) and Houston (2004-2015) HMIS datasets, 2003-2016 IRS 1040 Datasets, 2005-2016 W2 Datasets.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure 3.20: Median Earnings (Conditional on Working), Comparison of Sample Time-
Frames

Sources: Los Angeles (2004-2014) and Houston (2004-2015) HMIS datasets, IRS 1040s (2003-2015), W2s (2005-2016).

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.21: Share with Earnings, Comparison of HMIS and Census Samples

Sources: Los Angeles (2004-2014) and Houston (2004-2015) HMIS datasets, 2010 Census, 2003-2016 IRS 1040 Datasets, 2005-2016 W2 Datasets.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015. Census

sample consists of sheltered homeless counted in Los Angeles or Houston. HMIS sample consists of those enrolled in HMIS shelters in Los

Angeles or Houston on March 30, 2010.
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Figure 3.22: Median Earnings (Conditional on Working), Comparison of HMIS and Census
Samples

Sources: 2010 Census, Los Angeles (2004-2014) and Houston (2004-2015) HMIS datasets, IRS 1040s (2003-2015), W2s (2005-2016).

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015. Census

sample consists of sheltered homeless counted in Los Angeles or Houston. HMIS sample consists of those enrolled in HMIS shelters in Los

Angeles or Houston on March 30, 2010.

Figure 3.23: Share with Earnings, Comparison of Census and ACS Homeless

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census, 2010-2014 ACS.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure 3.24: Share with SSI or DI, Comparison of Census and ACS Homeless

Sources: SSI Datasets (2010-2014, 2016), 2006-2016 Medicare Datasets, 2010 Census, 2010-2014 ACS.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Table 3.1: Characteristics of Census Homeless and Housed Comparison Groups (Ages 25-59
in 2010)

Sources: 2010 Census, 2010 ACS
Note: Homeless and housed samples as defined in the text.
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Table 3.4: Share of Individuals Misreporting Date of Birth, Place of Birth, Gender, and
Citizenship Status: 2011-2018 ACS

Sources: 2006-2018 ACS, 2019 Social Security Administration Numident
Note: Sample consists of PIKed individuals in the 2006-2018 ACS who link to the Social Security Administration’s Numident
file. Sample is further limited to observations in which the variable in question is non-blank in the Numident (e.g. for analyses
of date of birth misreporting, the sample is limited to only observations for which the Numident contains date of birth data).
We exclude observations in which the variable in question is hot-deck imputed in the ACS data and observations for which an
alternative or edited version of the variable exists in the Numident.
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Table 3.5: Share of Individuals Misreporting Income and Receipt: 2011-2018 ACS

Sources: 2006-2017 ACS, 2006-2016 IRS 1040 Datasets, 2006-2016 IRS W-2 Datasets, Illinois 2009-2016 SNAP Datasets,
Indiana 2005-2016 SNAP Datasets, New Jersey 2007-2016 SNAP Datasets, New York 2007-2016 SNAP Datasets, Tennessee
2005-2016 SNAP Datasets, various states’ Medicaid data, CMS Medicare 2008-2016 Datasets
Note: Sample is PIKed ACS respondents ages 18-64. Sample is limited to those who respondeded to the ACS survey in
January or December, and imputed whole person observations are not included. Observations are weighted by the product of
IPW weights and ACS person weights, and observations where wage and salary income are allocated are excluded. Wage and
salary income is calculated from administrative datasets as the sum of wage and salary income (both taxable and deferred)
across W-2s. Those with negative survey values for wage and salary income are assumed to have reported a wage and salary
income of $0. Mean wage and dollar misreport amounts are reported in January 1, 2018 dollars. Standard errors are robust. *
Reference period: 2005-2010. ** Reference period: 2010-2016.
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CHAPTER 4

LIFE AND DEATH AT THE MARGINS OF SOCIETY: THE

MORTALITY OF THE U.S. HOMELESS POPULATION

Abstract

This paper examines the relationship between extreme socioeconomic disadvantage and poor

health by providing the first detailed and accurate picture of mortality patterns among peo-

ple experiencing homelessness in the U.S. Our analyses center on 140,000 people who were

sheltered or unsheltered homeless during the 2010 Census, by far the largest sample ever

used to study this population and the only sample designed to be nationally representa-

tive. These individuals, along with housed comparison groups, are linked to Social Security

Administration data on all-cause mortality from 2010-2022 to estimate the magnitude of

health disparities associated with homelessness. We find that non-elderly people experienc-

ing homelessness have 3.5 times the mortality risk of those who are housed, accounting for

differences in demographic characteristics and geography, and that a 40-year-old homeless

person faces a similar mortality risk to a housed person nearly twenty years older. Our

results reveal notable patterns in relative mortality risk by age, race, gender, and Hispanic

ethnicity and suggest that within the homeless population, employment, higher incomes,

and more extensive observed family connections are associated with lower mortality. The

mortality hazard of homeless individuals rose by 33 percent during the COVID-19 pandemic,

an increase that, while similar in proportional terms to the increase for the housed popu-

lation, affected a much larger share of the homeless population due to their substantially

elevated baseline mortality rate. These findings elucidate the persistent hardships associated

with homelessness and show that the well-documented gradient between health and poverty

persists into the extreme lower tail of socioeconomic disadvantage.1

1. This chapter is joint work with Bruce D. Meyer and Ilina Logani.
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4.1 Introduction

Of the many hardships associated with poverty, heightened mortality risk is arguably the

most alarming. More than a grim outcome, mortality is a fundamental indicator of quality

of life, reflecting numerous dimensions of physical and mental health and one’s sense of

safety and well-being. Extensive research spanning academic disciplines, countries, and

time periods has established a robust correlation between heightened mortality risk and

socioeconomic disadvantage (Kitigawa and Hauser 1973, Deaton and Paxson 1999, Cutler

et al. 2006). This correlation holds true whether privilege is defined by income and wealth

(Chetty et al. 2016, Boen et al. 2010), education (Cutler and Lleras-Muney 2006, Cutler

et al. 2011), social and occupational class (Cutler et al. 2012), or geography (Currie and

Schwandt 2016). Yet despite this broad literature, little is known about the mortality risk

faced by people in the extreme lower tail of socioeconomic disadvantage, due in part to the

difficulty of accurately identifying the most deprived individuals in existing data sources like

household surveys (Meyer et al. 2021).

This paper advances our understanding of the relationship between extreme poverty and

health by examining the mortality of one of the most deprived segments of the U.S. popula-

tion, people experiencing homelessness. Homelessness is both a stark indicator of material

deprivation and an adverse life event, one that can have detrimental effects on health and

personal safety. Recent developments like the rise in unsheltered homelessness, the COVID-

19 pandemic, and surging deaths from opioids and other substances have drawn renewed

attention to the humanitarian toll of homelessness, while also highlighting important gaps in

our present understanding of the health vulnerabilities faced by this population. Although

anecdotal evidence and numerous localized studies suggest that homelessness is associated

with substantially elevated mortality risk, the extent of mortality disparities between home-

less and housed individuals has not been examined nationally or with representative data,

and little is known about heterogeneity in mortality risk within this population.
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This paper provides the first detailed and accurate picture of mortality in the U.S. home-

less population. Our approach centers on 140,000 people who were experiencing sheltered

or unsheltered homelessness during the 2010 Census, by far the largest sample ever used to

study this population’s mortality and the only sample designed to be nationally representa-

tive. We follow these individuals using linked administrative data on all-cause mortality for

twelve years, including the first two years of the COVID-19 pandemic, and compare their

mortality risk to representative samples of the overall housed and housed poor populations

drawn from the Census and American Community Survey (ACS). Unlike prior work, we use

the same, or closely comparable, datasets to calculate homeless and housed mortality risk

and apply methods uniformly to both groups, an approach that facilitates direct and reli-

able comparisons and allows us to examine heterogeneity in mortality disparities with much

greater detail than in prior work. This approach also allows us to examine the evolution

of mortality disparities over time and to account for the full time-varying distribution of

characteristics when comparing groups.

Our main finding is that non-elderly people who have experienced homelessness face 3.5

times the mortality risk of people who are housed, accounting for differences in demographic

characteristics and geography. This disparity far exceeds the mortality gap between Black

and white housed individuals, which we estimate to be 1.4, and is only slightly smaller than

the mortality gap between disabled and non-disabled housed individuals, which we estimate

to be 4.6. Comparing the mortality risk of people who are homeless and those who are

poor but housed, we find that homelessness is associated with about a sixty percent greater

mortality risk than poverty alone. Our estimates suggest that a 40-year-old homeless person

has a mortality risk similar to a housed person who is nearly twenty years older and a poor

housed person who is nearly ten years older.

Our analyses reveal notable patterns in mortality risk by age, race, income, family status,

and type of homelessness. Homeless individuals’ mortality risk relative to housed individuals
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differs over the life cycle and is greatest when they are in their 30s and 40s. Beginning in

their 50s, however, homeless individuals’ mortality hazard begins to converge with people

who are housed, a pattern that may reflect both excess mortality of exceptionally vulnerable

homeless individuals at younger ages and shared health vulnerabilities for elderly homeless

and housed individuals. We also find that Black homeless individuals have lower mortality

risk than those who are white, a pattern that may in part reflect a lower prevalence of

substance abuse and behavioral health conditions among Black homeless individuals and

may suggest important heterogeneity in the predominant pathways to homelessness by race.

Within the homeless population, people who do not have a recent employment history, those

with lower formal incomes, and those without observed family connections are especially

vulnerable relative to their more advantaged and connected counterparts. Surprisingly, we

find similar mortality risk for people who were initially observed in shelters and those who

were unsheltered once we control for gender, a finding that illustrates the substantial health

risks faced by people experiencing homelessness even when they are not sleeping on the

streets.

We estimate that average annual mortality risk rose by about half a percentage point for

homeless individuals during the first two years of the COVID-19 pandemic, translating to

about a 33 percent increase over their average during the two years preceding the pandemic

after accounting for the expected increase in mortality due to aging. While the proportional

rise in mortality risk was similar for people who were housed (30 percent) and poor and

housed (34 percent), the pandemic affected a much larger share of the homeless population

because of their substantially elevated baseline mortality risk. Homeless men experienced a

larger rise in both absolute and proportional mortality risk during the pandemic (about 0.7

percentage points and 38 percent, respectively) than homeless women (about 0.3 percentage

points and 24 percent).

Our findings illustrate, for the first time, the substantial health disparities associated
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with homelessness using data that are designed to be representative of the U.S. homeless

population, while also calling attention to subsets of this population that are especially vul-

nerable and helping to establish the most broadly true patterns from among the many, often

conflicting findings in previous work. In doing so, this paper adds to a growing body of re-

search establishing fundamental facts about the size, characteristics, material circumstances,

and housing transition dynamics of the U.S. homeless population. More broadly, this paper

contributes to an expansive literature in economics on the association between socioeconomic

disadvantage and poor health, suggesting that this gradient persists even into the extreme

lower tail of socioeconomic disadvantage.

This paper proceeds as follows. Section 4.2 reviews available literature on homeless

individuals’ mortality and health and the broader literature on the relationship between so-

cioeconomic status and health. Section 4.3 describes the decennial Census and American

Community Survey (ACS) datasets from which we draw our homeless and comparison sam-

ples, as well as the administrative data on mortality, disability status, income, and family

connections to which we link these samples. Section 4.4 describes our methods for linking

datasets and estimating mortality hazards and relative risks. Section 4.5 presents our find-

ings, including results from comparisons of homeless and housed individuals, comparisons

of subsets of the homeless population, and changes in mortality risk during the COVID-19

pandemic. Section 4.6 discusses and analyzes key findings and Section 4.7 concludes.

4.2 Background and related literature

4.2.1 Prior work on homelessness and mortality

Challenges in studying homeless individuals’ mortality Researchers often turn to mortality

as an indicator of health and wellbeing for vulnerable populations because it is straightfor-

ward to measure and reflects unambiguous hardship. To this end, a small body of research
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examines the mortality patterns of people experiencing homelessness and estimates mortality

disparities between housed and homeless individuals. These efforts are complicated, however,

by the lack of representative data and the difficulty of obtaining longitudinal information. As

a result, many prior studies are based on small, non-random samples of homeless individuals

in major cities, primarily Boston, New York, or Philadelphia. Other studies focus on narrow

subsets of the homeless population for whom data are more readily available, such as male

veterans (Schinka et al. 2018), youth (Auerswald, Lin, and Parriott 2016), or people with

post-traumatic stress disorder (Kasprow and Rosenheck 2000).

Table 4.1 summarizes the data, methods, and findings from prior studies with relatively

large samples and sound methodologies. Even these analyses, however, face limitations that

make it difficult to assess the generality of their findings. Barrow et al. (1999) and Metraux

et al. (2011) draw large samples from New York City’s administrative shelter databases, an

approach that offers reliable mortality estimates for the city’s sheltered homeless population

but does not illuminate mortality patterns nationally or among people who are unsheltered.

The remaining studies draw their samples from users of homeless health services, an ap-

proach that could bias findings to people who are either unwell or health-conscious enough

to use these services (Baggett et al. 2013, Hibbs et al. 1994, Hwang 1997, Roncarati et

al. 2018, Roncarati et al. 2020). Another limitation of these studies lies in their ability to

obtain comparable mortality estimates for the housed population. For instance, Baggett et

al. (2013) and Barrow et al. (1999) measure homeless individuals’ mortality using linked

microdata from the Massachusetts Department of Health and the National Death Index, but

they obtain housed individuals’ mortality rates using aggregated data from the Center for

Disease Control. These and other data and methodological discrepancies between housed

and homeless mortality estimates complicate the interpretation of comparisons and limit the

authors’ ability to account for demographic differences between groups.
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4.2.2 Key findings from prior work

Despite these data challenges, prior studies agree on several qualitative observations about

homeless individuals’ mortality risk relative to people who are housed. While point estimates

of relative mortality risks differ widely across studies, most find that non-elderly people

experiencing homelessness face a substantially elevated mortality risk relative to housed

individuals of the same age group and gender. Relative mortality risks tends to be higher in

early adulthood (Baggett et al. 2013, Barrow et al. 1999, Hwang et al. 1997, Hibbs et al.

1994), and compared to housed people of their gender, homeless women appear to have a

greater risk than men (Baggett et al. 2013, Barrow et al. 1999, Hwang et al. 1997, Henwood

et al. 2015, Hibbs et. Al. 1994).

Many of these studies also examine heterogeneity in mortality risks within the homeless

population. Prior work suggests that white homeless adults face a heightened mortality

risk relative to those who are Black or other races, a pattern that contrasts with mortality

disparities by race in the housed population (Baggett et al. 2013, Hibbs et al. 1994, Roncarati

2018, Metraux et. al. 2011, Hibbs et. al. 1994, Roncarati et al. 2022). Prior work also

broadly agrees that homeless men face higher mortality risk than homeless women, especially

homeless women in families (Roncarati 2018, Hwang et al. 1997, Barrow et al. 1999, and

Metraux et al. 2011). Studies that center on the unsheltered find that they face higher

mortality risk relative to sheltered homeless populations (Roncarati 2018, Roncarati et al.

2020), and, unsurprisingly, that substance abusers face a particularly high mortality risk

(Hibbs at al. 1994, Barrow et. al. 1999). These studies find no apparent seasonal pattern

in mortality risks (Hibbs et al. 1994, Hwang et al. 1997), and there is little consensus on

relationship between length of time spent homeless and Bmortality risks (Barrow et al. 1999,

Metraux et al. 2011, Kasprow and Rosenheck 2000).
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4.2.3 Causes of death and health risks

Prior work has suggested that the leading causes of death among people experiencing home-

lessness have changed over time and differed by age. Drug overdose appears to be the

leading cause of death for homeless individuals under 45 in recent years, having superseded

HIV/AIDS in the mid-2000s. While substance abuse disorders have long been prevalent

in this population, the most frequently abused substances have changed over time from al-

cohol, to cocaine, to methamphetamine, fentanyl, and other opioids in more recent years

(Fischer and Breakey 1991, North et al. 2004, Cawley et al. 2022, Baggett et al. 2013,

Roncarati et al. 2018, Roncarati et al. 2020). Traumatic injuries, including traffic accidents

and homicides, appear to constitute the second leading cause of death for younger homeless

individuals (Hwang et al. 1997, Roncarati et al. 2018, Roncarati et al. 2020, Schinka et

al. 2018, Cawley et al. 2022, Hwang et al. 1997). For homeless individuals aged 45-64,

heart disease and cancer appear to be the leading causes of death, followed by drug overdose

and traumatic injury. Few studies have examined mortality among elderly homeless adults

because this group is a small share of the homeless population.

Aside from cause of death, many studies also examine health conditions and health risks

that disproportionately affect people experiencing homelessness. In the most recent survey

designed to be nationally representative, Burt et al. (1999) found high rates of victimization

and assault, difficulties in accessing medical attention, and alcohol, drug, and mental health

conditions among people experiencing homelessness. More recent evidence suggests that

homeless individuals experience accelerated aging, as evidenced by the early onset of chronic

medical conditions and functional and cognitive impairments typically seen in housed adults

aged 75 and older (Brown et al. 2022, Baggett et al. 2013, Hwang et al. 1997, Schinka et

al. 2016, Garibaldi et al. 2005, Gelberg et al. 1990). For instance, older homeless adults

are more likely than older housed individuals to have functional and mobility impairment,

frailty, visual impairment, and urinary incontinence, and the prevalence of these and other
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“geriatric” conditions is equal to or higher than that seen in housed and housed poor adults

twenty years older (Brown et al. 2012, Brown et al. 2017). Trick et al. (2021) also

reported that the most frequently cited reasons for homeless individuals’ emergency room

(ER) visits are schizophrenia or auditory hallucinations, foot pain, and suicidal ideation. In

a recent study designed to be representative of California’s homeless population, two-thirds

of respondents indicated symptoms of mental health conditions, but much smaller shares

had received counseling or medication (Kushel and Moore 2023). These findings speak to a

broad array of physical and behavioral health conditions and vulnerabilities that are likely

linked to elevated mortality risk.

4.2.4 Relationship to literature on the health-socioeconomic status gradient

The study of homeless individuals’ mortality relates to an expansive body of economic liter-

ature on the association between socioeconomic disadvantage and poor health more broadly

(e.g. Kitigawa and Hauser 1973, Deaton and Paxson 1999). This association, often called

the health-socioeconomic status gradient, arises whether disadvantage is defined or proxied

by income and wealth (e.g. Chetty et al. 2016, Boen et al. 2010), education (e.g. Cutler and

Lleras-Muney 2006, Cutler et al. 2011), social and occupational class (Cutler et al. 2012),

or geography (Currie and Schwandt 2016). Unlike prior studies, the present work examines

health disparities using one of the most extreme indicators of economic hardship available,

homelessness.

A key question in this literature is whether a causal relationship exists between socioe-

conomic advantage and health, and if so in which direction and through which channels.

On the one hand, human capital models suggest that poor health impedes the ability to

work productively, limits the ability to invest in human capital, and reduces returns to such

investments (Schultz 1962, Becker 1962, Grossman 1972, Becker 2007). Conversely, because

health is a normal good, economic theory predicts that higher-income individuals should
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spend more money on health, which could produce a causal relationship in the other direc-

tion. At the same time, this theoretical literature emphasizes the dynamic nature of human

capital processes and likely interactions between causal mechanisms over the life course,

meaning that it may be difficult to identify a predominant causal direction or channel (e.g.

Currie and Moretti 2003, Case et al. 2005, Almond and Currie 2011).

Empirical work offers support for numerous causal channels. For example, studies have

found that poor health in childhood limits educational attainment and reduces earnings

and labor force participation in adulthood (Brown et al. 2020, Case et al. 2005, Case and

Paxson 2011) and that health shocks depress wages and reduce labor force participation

(Smith 1999). Mental health conditions, which are prevalent among people experiencing

homelessness, may be particularly important, with Currie and Madrian (1999) finding that

this facet of health is one of the most important determinants of adult working days lost.

Other studies have found that socioeconomic status, typically as proxied by income, wealth,

and education, causally affects health by reducing health expenditures and investments or

by affecting health behaviors (Boen and Yang 2016, De Walque 2007, Gramard and Parent

2007, Lleras-Muney 2005).

While little causal evidence exists on the relationship between poor health and home-

lessness specifically, this broader literature suggests channels through which the two may

be related. Behavioral health conditions, substance use, and physical or mental health

shocks could be important drivers of homelessness, while at the same time the experience

of homelessness likely causes health to deteriorate through direct effects on physical and

mental health and indirect effects on access to and continuity of medical care. Early life

disadvantage in the form of parental resources and behaviors, health endowments (including

behavioral health and vulnerability to addiction), and adverse childhood experiences may

elevate the risk of both homelessness and mortality later in life. As with health and socioe-

conomic status more broadly, homelessness and poor health are likely causally related in
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both directions, with the importance of various channels differing substantially within this

population.

4.3 Data

4.3.1 Census data on the U.S. homeless population

Our homeless sample is comprised of individuals counted during the 2010 Census’s Service-

Based Enumeration (SBE), an operation that took place March 29-31, 2010. The SBE

included in the Census people sleeping in homeless shelters, people using soup kitchens or

food vans who said they lacked a residence, and people sleeping outdoors at sites called

Targeted Non-Sheltered Outdoor Locations (TNSOLs). We include all individuals with

sufficient personal information to be linked to death records in our analysis. The linked subset

consists of 140,000 individuals who are weighted to account for the probability of linkage.2

The SBE’s enumeration frame was based on the address list of homeless service locations

from the 2000 Census and augmented using internet research, queries to local officials and

service providers, and a series of validation and advance visit operations. Prior work has

shown that the coverage of the sheltered homeless population in the Census was surprisingly

good, with about 90-95 percent of shelter users being included in its count, although it is

worth noting that the Census’s shelter definition excludes some facilities classified by HUD as

homeless shelters (Meyer, Wyse, and Corinth 2023). The SBE also arrived at an unsheltered

homeless population estimate similar in magnitude to the Department of Housing and Urban

Development (HUD)’s point-in-time (PIT) estimate of the unsheltered homeless population.

Our homeless sample therefore consists of people who were literally homeless at a point

2. While our sample is drawn from the tail-end of the Great Recession, prior work suggests that our
findings likely generalize to people who experienced homelessness in the surrounding years. For example,
Meyer et al. (2023) compare income and safety net participation for homeless individuals from the 2010
Census to people who were surveyed in homeless shelters by the American Community Survey (ACS) in
surrounding years and find similar levels and longitudinal patterns of these outcomes.
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in time in late March 2010. Because the study period continues through 2022, and because

people frequently transition between homeless and housed statuses, it is likely that many or

most of those in our sample were housed for some of the study period. HUD estimates that

about one-quarter of people experiencing homelessness at a point in time are chronically

homeless, i.e. experiencing frequent or extended homeless spells, while the rest are experi-

encing shorter or less frequent homeless spells (HUD 2022). Even when housed, however,

prior work has shown that this population faces markedly worse material deprivation than

the average housed poor individual, with extremely low incomes and high reliance on the

safety net persisting for at least the decade surrounding the 2010 Census enumeration date

(Meyer et al. 2023). Moreover, we find no evidence of heightened mortality risk for this pop-

ulation in 2010 and 2011, the years closest to when we observe them as homeless, relative to

later years, a finding that suggests our results are applicable to people contemporaneously

experiencing homelessness.

4.3.2 Administrative data on mortality, income, and family and disability

status

We obtain death dates from the Census Bureau’s Numerical Identification File (Numident),

which is derived from Social Security Administration (SSA) records and frequently updated.

The Numident has been shown to be a “high-quality and timely source of data to study all-

cause mortality” (Finlay and Genadek 2021). A limitation of our study is that the Numident

does not indicate cause of death.

We draw on several additional sources of administrative data to examine heterogeneity in

mortality risk by income and employment, family status, and disability status. Specifically,

we use Internal Revenue Service (IRS) 1040 extract files and W-2s (2005-2009) to determine

income, employment status, and identify the presence of co-filing spouses and dependents

prior to our study period. We also draw on administrative data from the Centers for Medicare
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and Medicaid Services (CMS) to identify 2009 recipients of Disability Insurance (DI) in

Medicare records and Supplemental Security Income (SSI) in Medicaid records.

4.3.3 Census and ACS data on housed comparison groups

We compare homeless individuals’ mortality risk to people who are housed and to a subset

of the housed population that is also poor. The overall housed comparison group consists

of a one percent random sample of housed adults from the 2010 Census. The housed poor

comparison group is drawn from the 2009-2010 American Community Survey (ACS), which

indicates household income relative to the poverty line. To obtain a large sample of poor

individuals while keeping the selection date as close to the Census as possible, we keep

individuals surveyed in the last three months of the 2009 ACS or the first three months of

the 2010 ACS who were alive on April 1, 2010, the beginning of our study period.

4.4 Methods

4.4.1 Linking datasets

Our approach requires us to link birth and death dates from social security records to the

homeless and comparison samples from the Census and ACS. We also link administrative

data on transfer programs and tax records to determine disability status, connections to

others, and income. We link these datasets using unique anonymized linkage keys known as

Protected Identification Keys (PIKs), which are assigned by a Census Bureau program that

searches for matches based on name, date of birth, gender, and address (or, in the case of

homeless individuals, enumeration site address) in a reference file based on social security

records.3 PVS assigned a linkage key to 69 percent of those counted in homeless shelters, 42

3. The system, known as the Person Identification Verification System (PVS), uses addresses to narrow
the number of potential matches for a Census record in the reference file, but if this approach does not yield
a linkage key, PVS proceeds to search for matches using name, date of birth, and gender only (Layne and
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percent of those counted at food vans and soup kitchens, and 17 percent of those counted at

outdoor locations (TNSOLs) (Meyer et al. 2021).?? Linkage rates are close to 90 percent for

the housed comparison groups. Most homeless individuals who were not assigned a linkage

key did not provide sufficient personal information to enumerators, in many cases because

they were sleeping during the count or were enumerated by sight at a bustling service location

(Meyer et al. 2022). We adjust for non-linkage using inverse probability weights where the

probability of linkage is estimated as a probit function of age, race, gender, Hispanic origin,

state, and homeless location type.

4.4.2 Homeless individual and comparison sample restrictions

In our main results, we estimate mortality hazard rates and survival rates for three groups of

non-elderly adults (individuals who are homeless, housed, housed and poor), defined as those

ages 18-54 in 2010.4 We focus on this age cohort in our main results because homelessness

is rare among the elderly; in 2010, only 6.6 percent of the adult homeless population was 65

or older, compared to 17.3 percent of the overall housed adult population and 12.2 percent

of the housed poor population. We do, however, produce results for some key outcomes

with a sample that includes elderly people in all three groups to document differences in the

mortality hazard by age.

Tables 4.2 and 4.3 display summary statistics for the non-elderly sample of homeless

individuals and comparison groups. The non-elderly homeless sample consists of about

140,000 linked individuals and the housed comparison group includes about 1.3 million linked

individuals. The housed poor sample consists of 110,000 linked individuals. Among the non-

elderly, homeless individuals are older and are disproportionately likely to be between 45-49

and 50-54 years old. The homeless are also more likely to be male, especially compared to

Wagner 2014). In this way, PVS can assign linkage keys to homeless individuals in the Census even if its
reference file does not include the address where they were found during the SBE.

4. Surviving individuals’ ages ranged from 30-66 at the end of the study period in 2022.
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the housed poor, are more likely to be Black, and are more concentrated in the Northeast

and West, reflecting the substantial homeless populations in New York and California.

4.4.3 Mortality hazard model

We specify the mortality hazard λi(t) using a discrete time proportional hazard model with

a non-parametric baseline hazard:

λi(t) = λ0(t) exp zi(t)
′β (4.1)

In this equation, λ0(t) is the baseline hazard at time t (which is unknown, but estimated

non-parametrically), where t indexes six-month periods between April 2010 and March 2022.

zi(t) is a vector of time-dependent explanatory variables and covariates for individual i, and

β is a vector of unknown parameters. The covariates included differ across specifications. We

also include group interactions with the baseline hazard parameters in some specifications.

This model is a natural choice in our setting for several reasons. Proportional hazard

survival models are frequently employed to study time-to-event data, particularly mortality.

Moreover, while the underlying data-generating process is continuous, our data are discrete,

with ties in the form of same-day deaths occurring not infrequently. The discrete model

allows us to estimate the model without relying on approximations that would be required

if using the Cox partial likelihood estimation method. Nevertheless, the estimates from our

model are parameters of a continuous time hazard and thus retain an easy interpretation.

We employ a non-parametric baseline because approaches that assume a parametric form

for the baseline hazard provide inconsistent estimates when the assumed baseline hazard

is incorrect, which likely leads to bias when events like the COVID-19 pandemic or other

period effects give the hazard an unusual shape (Meyer 1990).
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4.4.4 Mortality accounting for demographic differences between groups

We compare groups accounting for differences in their demographic characteristics in two

ways. Our first approach is to estimate a hazard model with controls for covariates with key

covariates being indicators for groups and a common baseline hazard. We estimate several

different specifications with different sets of controls. We then interpret the coefficient on a

group dummy as the proportional difference in the hazard between that group and a base

group, accounting for covariate differences. The advantage of this approach is that it provides

a simple summary measure of the relative hazard rate. The drawback is that it assumes a

common baseline mortality hazard across all groups, which may not be correct.

Our second approach allows the baseline hazard to vary more flexibly between groups.

Under this approach, we estimate a hazard model including the covariates but also interact-

ing group indicators with the baseline hazard parameters. We then use these estimates and

the distribution of covariates for the homeless population to simulate a hazard and survivor

function for the homeless and our comparison groups. This approach provides us with pre-

dicted hazard rates and survivor functions for each group under the counterfactual scenario

where they had the same covariates as the homeless group. In addition to allowing the base-

line hazard function to vary between groups, this approach has the advantage of allowing us

to estimate differences in twelve-year survival accounting for demographic differences, not

just semi-annual hazards, and to see the evolution of differences in mortality hazard rates

over time.

Both approaches constrain the effect of a covariate to be the same for homeless and

housed groups. This assumption may not be plausible in all cases. For example, compar-

isons of means for several outcomes suggest that among the homeless, groups that are more

disadvantaged in the overall population fare better in certain respects than those who are

more advantaged in the overall population. Meyer et al. (2023) find that homeless indi-

viduals who are Black have higher incomes and are more likely to be employed than those
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who are white. In this case, the assumption that race has the same effect on mortality for

the homeless and the housed may be incorrect, suggesting that controlling for race may not

make the homeless and our comparison groups more comparable. For this reason, we esti-

mate specifications without controls and then with the progressive addition of age, gender,

race and ethnicity, and geographic controls.

4.5 Results

4.5.1 Mortality disparities between homeless and housed populations

In this section, we consider differences in mortality risk between people who are homeless and

people who are housed and compare our findings to the previous literature. We estimate the

magnitude of disparities between groups with and without accounting for demographic and

geographic differences. We also estimate relative mortality risk for subsets of the population

defined by gender, race, Hispanic ethnicity, disability status, and age.

Empirical mortality hazard and survivor functions

Figure 4.1 displays the empirical mortality hazard, defined as the probability of death in a

six-month period conditional on being alive at the beginning of that period, for the non-

elderly homeless population and for the housed and housed poor comparison groups. The

shaded portion of the figure indicates periods during the COVID-19 pandemic. The mortality

hazard increases over time as people in each cohort age, rising from 0.38 percent in the first

period to about 1.19 percent in the final period for the homeless, 0.09 to 0.30 percent for

the housed, and 0.18 to 0.47 percent for the housed poor. Homeless individuals’ mortality

hazard ranges from 3.9 to 4.9 times that of the housed population over the study’s twelve-year

period.

Unlike previous studies, we also compare the mortality of homeless individuals to people
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who are poor but housed. Our homeless sample’s mortality hazard is 2.1 to 3.2 times that of

the housed poor over the twelve years. We also find that housed poor individuals’ mortality

hazard is 1.4 to 2.1 times that of the housed population more broadly, but as we show in the

next section, this disparity increases when we account for age and gender.

Figure 4.2 displays the empirical survivor function for the three groups, defined as the

share of those alive at the beginning of our study who are alive at end of each six-month

period. After 12 years, 96.1 percent of the housed population is still alive, compared to 93.8

percent of the housed poor and just 84.2 percent of the homeless population.

Mortality hazard accounting for differences between groups

Figure 4.3 summarizes the mortality hazard rate of the homeless and housed poor groups

relative to the overall housed population and shows how the relative hazard changes after

accounting for demographic and geographic differences between groups. Specifically, the fig-

ure displays the estimated coefficient on group indicators from the first estimation approach

described in Section 4.4, where we regress mortality on group indicators for the homeless

and housed poor samples and a common set of duration indicators for the three groups, as

well as various sets of controls.

Without controls, the mortality hazard of homeless individuals is about 4.4 times that of

the housed, but when we account for age and gender differences the relative hazard falls to 3.4.

This estimate, which is higher than some estimates of relative mortality risk from previous

literature and lower than others, is much more precise than prior work, with a 95 percent

confidence interval with age and gender controls ranging from about 3.5 to 4.1 (Hwang et al.

1997, Hibbs et al. 1994, Baggett et al. 2013, Barrow et al. 2011).5 Adding race, ethnicity,

and geographic controls has little effect on the relative mortality rate, suggesting that age

5. The mortality ratios calculated by Baggett et al. (2013) and Hwang et al. (1997) adjust for age, race,
and gender, while Barrow et al. (2011) adjusts for both age and gender and Hibbs et al. (1994) only adjusts
for age.
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and gender are the key demographic differences between samples affecting relative mortality

rates. Without controls, the housed poor are 1.6 times as likely to die as the broader housed

population, but after accounting for age and gender their relative mortality risk rises to 2.1.

Accounting for age and gender, we estimate that people who have experienced homelessness

are about 60 percent more likely to die than those who are poor but housed, suggesting that

homelessness is an important risk factor for mortality that is distinct from poverty alone.

Figure 4.3 also indicates the mortality risk of sheltered and unsheltered homeless indi-

viduals relative to the housed population. Without controls, the mortality hazard is slightly

higher for the unsheltered than the sheltered, but after accounting for the larger male share

among the unsheltered homeless, we find that these two subsets of the homeless population

face similar mortality risk.

In Figure 4.4, we display the age- and gender-adjusted mortality hazard for the home-

less and comparison groups. These results correspond to the second approach described in

Section 4.4, where we estimate a model with group-specific baseline hazard parameters and

simulate the mortality hazard for housed and housed poor groups using the distribution

of characteristics of the homeless sample.6 The main difference between the empirical and

covariate-adjusted hazards is that the housed poor have a higher mortality hazard when we

account for age and gender, as we saw in Figure 4.3, reflecting the fact that when we align

their characteristics with the older, more male homeless population, their mortality hazard

increases. Table 4.4 reports cumulative mortality over the twelve-year study period using

the empirical and covariate-adjusted hazards. When considering cumulative rather than

period-specific mortality, we find people in our homeless sample were 3.2 times as likely to

die during the study period as the housed and about 1.6 times as likely to die as those who

are housed but poor, accounting for age and gender.

6. Figure 4.4 includes confidence intervals for the covariate-adjusted mortality hazard since these are
predicted according to the methodology described in the text rather than observed in our data, as was the
case for the empirical mortality hazard.
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Figure 4.4 illustrates in stark terms the considerable health disparities associated with

poverty and homelessness. People who are poor but housed are about twice as likely to die as

the average housed person, and people who have experienced homelessness face a mortality

risk that is about 60 percent higher than those who are poor but housed.

Gender and mortality

Figure 4.5 displays the mortality risk of homeless and poor housed individuals relative to

the housed by gender, controlling for age. The first set of points in this figure indicates the

hazard by gender and housing status relative to housed men. This set allows us to see how

the mortality hazard differs by gender for a given housing status and across housing statuses

for a given gender. To make it easier to see how the mortality hazard differs by housing

status among women, the second set of points indicates the hazard of homeless and housed

poor women relative to housed women.

We find that men have higher mortality risk than women with a given housing status.

For example, housed men have mortality hazard that is 35 percent higher than housed

women, and homeless men have mortality hazard that is 29 percent higher than homeless

women. At the same time, homeless women face mortality risk that is four times that of

their housed counterparts, whereas homeless men are only about 3.3 times as likely to die

as housed males, estimates that reflect the higher mortality risk of housed men compared to

housed women. These findings are consistent with prior literature suggesting that homeless

women face especially elevated mortality risk relative to their housed counterparts, although

the magnitude of homeless-to-housed mortality disparities for women in our study is smaller

than in previous work (Baggett et al. 2013, Barrow et al. 1999, Hwang et al. 1997, Henwood

et al. 2015, Hibbs et al. 1994). These findings suggest that gender differences in mortality

risk found in some past studies may not generalize to the U.S. homeless population more

broadly. Race and mortality
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Figure 4.6 displays the mortality risk of homeless and poor housed individuals relative

to the housed by race, controlling for age. The first set of points in this figure indicates the

hazard by race and housing status relative to housed people who are white, while the second

and third sets of points indicate the relative hazard of homeless and housed poor people who

are Black and of other races, respectively, relative to housed people of the same race.

For housed and poor housed individuals, mortality risk is highest for people who are

Black, followed by those who are white, and then then those of other races. Among the

homeless population, however, white individuals have the highest mortality risk, followed by

people who are neither white nor Black. In a reversal of the pattern observed in the housed

population, Black individuals have the lowest relative mortality risk among the homeless

population. This pattern in mortality risk by race is consistent with previous work, which

also found lower mortality risk for Black individuals experiencing homelessness (Hibbs et al.

1994, Metraux et al. 2011, Baggett et al. 2013).

Comparing homeless individuals’ mortality risk to housed individuals of the same race,

we find that white homeless individuals and those of other races have the most elevated

mortality risk relative to their housed counterparts, at 4.7 and 4.6 times, respectively. Black

homeless individuals are 2.3 times as likely to die as their housed counterparts, a fact that

reflects both the relatively low mortality hazard of Black individuals within the homeless

population and the elevated mortality risk of Black housed individuals compared to those

who are white and of other races. This finding, too, is consistent with previous work (Hibbs

et al. 1994, Metraux et al. 2011, Baggett et al. 2013).

Hispanic ethnicity and mortality

Figure 4.7 displays relative mortality risk by housing status and Hispanic ethnicity. Hispanic

individuals have lower mortality risk than non-Hispanics in each of the three housing sta-
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tuses.7 For example, a homeless Hispanic person has, on average, 23 percent lower mortality

risk than a non-Hispanic person, controlling for age. Non-Hispanics who are homeless have

slightly higher mortality risk relative to their housed counterparts (3.8 times) than do home-

less Hispanics (3.5 times). No previous study, to our knowledge, has looked at differences in

mortality risk by Hispanic ethnicity in the homeless population.

Disability status

Figure 4.8 displays relative mortality risk by housing status and disability. We define a

person to be disabled if Medicare records indicate that they received Disability Insurance

(DI) in 2009 or if Medicaid records indicate that they received Supplemental Security Income

(SSI) in 2009. As Table 4.4 indicates, a much larger share of the homeless population was

disabled before the beginning of our study (20.6 percent) than of the housed poor (10.7

percent) or of the broader housed population (3.9 percent). We note, however, that Meyer

et al. (2023) find that DI and SSI receipt increase at a faster rate for the Census homeless

population after 2010 than for the housed and housed poor populations, meaning that a

larger share of homeless individuals indicated as non-disabled in our study became disabled

or enrolled in DI or SSI during the study period.

People who are disabled face substantially higher mortality risk than non-disabled indi-

viduals with the same housing status, controlling for age. A housed disabled person is 4.5

times as likely to die in a six-month period as a non-disabled housed person, while a housed

poor disabled person is 2.8 times as likely to die as a non-disabled housed poor person, ac-

counting for age. A homeless disabled person is 1.6 times as likely to die as a non-disabled

homeless person. Notably, disabled housed and housed poor individuals have even a higher

mortality risk than non-disabled homeless individuals.

7. Hispanics’ lower mortality risk is not a novel finding. Hispanic individuals are frequently found to
experience similar or better health outcomes than non-Hispanic individuals in the United States despite
socioeconomic disadvantage, a pattern that is sometimes called the “Hispanic mortality paradox” (Ruiz,
Steffen, and Smith 2013).
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The mortality risk is very similar for all three groups of disabled individuals. In contrast,

a non-disabled homeless person is about 4 times as likely to die as a non-disabled housed

person. In other words, mortality disparities between housed and homeless individuals are

much smaller among people with disabilities than people without disabilities. This latter

fact may reflect in part the prevalence of disabilities in the homeless population not captured

by our measure, as suggested by the steep increase in disability program receipt after 2010

found in Meyer et al. (2023). Nevertheless, it appears that mortality disparities by housing

status are concentrated almost exclusively among people who were not enrolled in disability

assistance programs at the beginning of our study period. Our study is the first, to our

knowledge, to look at mortality hazard by disability status in the U.S. homeless population.

Age and mortality

Figure 4.9 displays relative mortality risk by housing status and age, where we have selected

age bins to facilitate comparisons to prior literature. Homeless individuals in the youngest

age category, 18-24, have the lowest mortality risk relative to their housed counterparts; they

are slightly less than twice as likely to die in a six-month period. Relative mortality risk is

highest for homeless individuals ages 45-54, who are about 4.2 times as likely to die as their

housed counterparts.

These findings are largely consistent with prior work, which finds a peak in the homeless-

to-housed mortality ratio between the ages of 25 and 49 (Hibbs et al. 1994, Barrow et al.

1999, Baggett et al. 2013). Our estimate of homeless-to-housed mortality risk for those ages

18 to 24, however, is smaller than prior studies’ estimates, which range from 2.7 to 11.8 times

that of the housed young population (Hibbs et al. 1994, Hwang et al. 1997, Barrow et al.

1999, Baggett et al. 2013).8 Hwang et al. (1997), in particular, find that homeless adults

aged 18 to 24 had the highest mortality risk relative to the housed in their sample.

8. This range includes relative mortality risks estimated separately for men and women of this age range.
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Figure 4.10 presents estimates of mortality hazard by housing status in two-year age bins

relative to housed 30- to 31-year-olds. While all three groups’ mortality risk increases as they

age, the three groups’ relative mortality risk begins to converge after the age of 50, a fact

that is more readily apparent in Figure 4.11, which displays the ratio of estimated homeless

and housed poor coefficients relative to the housed coefficient in the mortality hazard model.

In their late 70s, homeless individuals face the same mortality risk as housed poor individuals

and are only about 1.4 times as likely to die as their housed counterparts.

The convergence in relative mortality risk between groups may reflect the declining rel-

ative frailty of the surviving homeless population as the highest-risk individuals die. This

pattern could also reflect the fact that risks such as cardiovascular disease that rise with age

that affect housed and unhoused individuals similarly. We also note that safety net eligibility

is changing over time and as people age, and that such shifts in eligibility may affect relative

mortality risk between groups. We do not account for the safety net here, but Wyse and

Meyer (2023) find that the effect on mortality of safety net programs like Medicaid and social

security does not appear to be large, at least as indicated by changes around eligibility ages

and policy implementation dates.

Figure 4.10 also illustrates the age at which each group will face a given level of mortality

risk relative to the baseline group (30- to 31-year-old housed individuals). The dashed line

on this figure indicates the mortality risk of a 40-year-old homeless person. Its intersection

with the comparison groups’ lines indicates the age at which people in those groups will face

the same mortality risk as a 40-year-old homeless person. We see that a 40-year-old homeless

individual faces a mortality risk that is similar to that of a 58-year-old housed person and

a 48-year-old housed poor person. In other words, homelessness is associated with a health

detriment equivalent to nearly twenty years of aging relative to the typical housed person.
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4.5.2 Identifying the most vulnerable subsets of the homeless population

In this section, we consider differences in the mortality risk among subsets of the homeless

population with the goal of identifying the most vulnerable groups and factors which may be

protective against mortality risk. We also consider differences by type of homelessness during

the 2010 Census (i.e. sheltered or unsheltered), state of residence, income and employment

status, and the extent of observed family connections.

Mortality risk by type of homelessness

Figure 4.12 shows the mortality hazard in each period for sheltered and unsheltered men and

sheltered and unsheltered women, controlling for age.9 Both sheltered and unsheltered men

are about half a percentage point more likely to die in a six-month period than sheltered

and unsheltered women. As in Figure 4.3, conditional on gender and age, sheltered and

unsheltered people have very similar mortality hazard rates, conflicting with prior work

finding that unsheltered individuals have higher mortality risk than sheltered individuals

(Roncarati et al. 2018, Roncarati et al. 2020). This result may reflect the fact that our

sample is designed to be representative of the overall homeless population, not just of health

services users as in Roncarati et. al (2018, 2020). We caution, however, that our study

indicates sheltered or unsheltered status in the year 2010, and we are unable to ascertain

people’s living situations at other points in time. It is likely that many people in our sample

transitioned between sheltered and unsheltered homelessness and other housing statuses

throughout our study period.

This finding is surprising, too, because we know based on prior work that people who

were sheltered homeless during the 2010 Census had greater incomes, employment, and

connections to the safety net than unsheltered people of the same gender. For example,

9. We use the age distribution of sheltered males to simulate the covariate-adjusted hazard for the other
three groups.
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Meyer et al. (2023) found that about 55 percent of sheltered women had formal employment

in 2010, compared to 42 percent of unsheltered women. About 50 percent of sheltered

males and 40 percent of unsheltered males were formally employed that year. Yet despite

important apparent differences in these populations’ material well-being, mortality appears

to be similar between sheltered and unsheltered homeless individuals.

Figure 4.13 indicates mortality risk relative to the sheltered white group by sheltered

status, race, and gender. Black homeless individuals have lower mortality risk than those

who are white even conditional on gender and type of homelessness. White women who are

unsheltered have slightly lower mortality risk than sheltered homeless white women, while

sheltered and unsheltered white men have nearly the same mortality hazard.

Figure 4.14 displays mortality risk by age relative to the youngest sheltered homeless

cohort (ages 18-24), controlling for gender. Once again, sheltered and unsheltered individuals

have similar mortality risk by age group. Mortality risk in New York, California, and other

states

Figure 4.15 displays the relative mortality hazard rate by state of residence (New York,

California, or other states), controlling for demographic characteristics, type of homelessness,

and income according to 2005-2009 tax records. People who are homeless in New York have a

mortality risk that is about 13.4 percent lower than those in other states, while the mortality

risk for California’s homeless population is not statistically significantly different from the

risk for homeless individuals in states besides New York.

New York residents’ lower mortality does not reflect differences in demographic charac-

teristics, income, or type of homelessness, because we have controlled for these variables in

our estimation. Their lower mortality risk also does not appear to reflect differences in dis-

ability status or safety net engagement. Meyer et al. (2023) find that homeless individuals

in New York and in the rest of the country have similar rates of disability program receipt

(23 percent and 19 percent, respectively) and similar rates of receipt of other major safety
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net programs (93 and 89 percent).10 One possible explanation lies in the generosity of home-

lessness services in New York, where a court-mandated “right to shelter” policy has increased

the availability and quality of shelter beds, especially for families (O’Flaherty 2019). Better

services could improve the health of people experiencing homelessness. Higher shelter qual-

ity could also affect the relative affluence of the average shelter resident by making shelters

preferable to some extremely undesirable housed situations, resulting in a sheltered homeless

population that is drawn from a slightly less disadvantaged population.11

Mortality risk by employment and income status

Figure 4.15 also shows how mortality differs by employment status and income among people

experiencing homelessness. We define someone as employed if they had formal earnings in

2009 according to IRS 1040 and W2 datasets.12 We define someone as being in the top

half of the income distribution by taking the average of their inflation-adjusted pre-tax cash

income according to tax records over 2005-2009 and comparing this to the median for people

with the same sheltered status.13

10. These shares reflect receipt of benefits through the Supplemental Nutrition Assistance Program
(SNAP), housing benefits through the Department of Housing and Urban Development (HUD), Medicare or
Medicaid, or service-connected disability through the Veterans Benefit Administration. A key exception in
New York’s safety net generosity concerns Medicaid, which was available to all poor adults at the beginning
of our study period in the state but only became available to poor adults in most other states after 2014,
under provisions of the Affordable Care Act (ACA). However, Wyse and Meyer (2023) do not find evidence
that Medicaid enrollment reduces homeless individuals’ mortality risk, suggesting that a causal relationship
between Medicaid availability and lower mortality risk in New York is weak, if present.

11. Families in New York must be vetted before being admitted to the shelter system and O’Flaherty
(2019) notes that most families who apply are rejected, meaning they were determined to have access to
other housing options and may hence be less disadvantaged than the typical homeless person in other states.

12. For people who link to a 1040, we define earnings as the sum of 1040 wage and salary income, estimated
non-negative 1040 self-employment income (when a self-employment schedule was filed), and W2 deferred
compensation, minus any W2 wages and tips associated with a co-filer. For people who do not link to a
1040 but do link to a W2, earnings are equal to wages and tips across W2s. For people who link to neither,
earnings are zero.

13. For people who link to a 1040, pre-tax income is equal to the sum of total money income and VA
service-connected disability compensation. For people who do not link to a 1040, pre-tax income is equal to
the sum of wages and tips and deferred compensation in W2s, VA service-connected disability compensation,
and IRA and employer-sponsored retirement distributions across 1099-Rs.
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We find that people with a recent history of employment and people in the top half of the

income distribution are about 34.6 and 32.7 percent less likely to die in a six-month period

than those who were not employed and those in the bottom half of the income distribution.

These findings show that even among people who have experienced homelessness, those who

are more economically disadvantaged and more disconnected from the formal labor market

have worse health outcomes.

Mortality risk by extent of observed family connections

The third set of results on Figure 4.15 show how mortality differs by the extent of observed

family connections. We classify individuals as having or having once had a spouse if they

ever had a co-filer on a 1040 in 2005-2009, and we classify them as having a child if they

ever included a dependent on a 1040 in those years. We also attribute family connections to

individuals who were recorded in the Census as being housed in addition to homeless. Meyer

et al. (2022) document widespread double-counting of people experiencing homelessness in

the Census and find that duplicate records often reflect those individuals’ inclusion on the

Census form of a housed family member, oftentimes their parent. In addition to demographic

characteristics, we control for income to ensure that our estimates are not confounded by

the fact of tax filing, which is in turn associated with higher income.

Having at least one observed family connection is associated with 17.3 percent lower

mortality risk for people experiencing homelessness. Homeless individuals who have a current

or former spouse face a mortality risk that is 21.3 percent lower than those who do not, and

people who have children are 21.6 percent less lower mortality risk than those who do not.

Homeless individuals who were recorded on a housed family member’s Census form are 13.6

percent less likely to die than those who were not. Family connections appear to be an

important protective factor against mortality for people who have experienced homelessness,

albeit one that is not as potent as our measures of income and employment.
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4.5.3 Mortality during the COVID-19 pandemic

The empirical hazard in Figure 4.1 suggests a steep rise in mortality hazard during the

COVID-19 pandemic. In this section, we examine the pandemic-era rise in mortality and

compare its magnitude across groups. Specifically, we consider the absolute and proportional

change in average annual mortality risk in the two years prior to the pandemic (April 2018-

March 2020) and the first two years of the pandemic (April 2020-March 2022). We calculate

these changes using both the empirical mortality hazard and the covariate-adjusted mortality

hazard, which uses the distribution of age and gender among the homeless to provide a

comparable hazard for the three groups.

In describing the COVID-era rise in mortality hazard, we wish to account for the fact

that aging would have caused our cohorts’ mortality hazards to rise over these four years

regardless of the COVID-19 pandemic. To do so, we regress the mortality hazard in six-

month periods indexed by j = 1, . . . , 20 on a constant and a time trend. We then take

the estimated coefficient on this time trend and multiply it by eight to obtain the estimated

effect of aging on the average annual mortality hazard, which we subtract from the observed

rise in the mortality hazard to obtain an aging-adjusted estimate of the hazard increase.14

Table 4.6 displays the results from applying this methodology. We find that all three

groups experienced an approximately 30-35 percent increase in their average annual mortality

hazard in the two years of the pandemic relative to the two preceding years exceeding the

change we would have expected due to aging. At the same time, the absolute increase in

mortality was much larger for the homeless population than other housing status groups

given their substantially elevated baseline mortality risk. Figure 4.1 displays the observed

mortality hazard alongside the predicted hazard accounting for aging, which is indicated by

a dashed line. The gap between predicted and observed hazard illustrates the magnitude of

14. Multiplying this estimate by four gives us the effect of aging on average biannual hazard between the
midpoint of our pre-pandemic period and the midpoint of our post-pandemic period. We then multiply the
estimate by two to convert the estimate’s effect on the biannual hazard to its effect on an annual one.
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excess mortality.

We also calculate differences in the pandemic-era mortality rise by gender and type of

homelessness and display these findings in Table ??. Sheltered and unsheltered males saw a

much larger absolute and proportional rise in their mortality risk (35 and 28 percent, respec-

tively) during the pandemic beyond what we would have expected due to aging. Sheltered

and unsheltered females saw a 24 and 21 percent increase in their mortality risk. Again, the

distinction between genders is much more pronounced than the distinction between sheltered

and unsheltered homelessness. An important caveat is that type of homelessness reflects sta-

tus in 2010 and may not reflect people’s living situations during the pandemic.

Because we lack information on cause of death, however, we caution against attributing

excess mortality to COVID-19 directly. Previous research has indicated that excess mor-

tality during the pandemic could be attributed to rising fentanyl, other opioid, or metham-

phetamine use over the last two decades, or, possibly relatedly, to difficulties in obtaining

medical services for life-threatening situations like overdoses and traumatic injuries due to

hospital overcrowding (Cawley et al. 2022, Baggett et al. 2011). Cawley et al. (2022) found

that the substantial rise in homeless individuals’ mortality in San Francisco during the pan-

demic was driven by difficulties in obtaining care for emergencies from an overburdened

medical system. COVID-19 itself was not a leading cause of death for homeless individuals

in their sample. The pandemic-era rise in mortality should therefore be interpreted as the

combined effect of the pandemic and any associated changes in all-cause mortality risk.

4.6 Discussion

The findings in this paper, which are based on the largest and most representative sample

used to study homeless mortality to date, establish the most broadly true patterns among

the mixed findings in prior work. For example, we find, as do many prior studies, that

homeless individuals’ mortality risk relative to the housed population is greatest when they
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are in their 30s and 40s and that homelessness is associated with more elevated mortality

risk for women than for men when compared to housed people of the same gender. We also

find that Black homeless individuals have lower mortality than white homeless individuals,

a pattern that is consistent not only with others’ results on mortality but also with work on

race group differences for other indicators of wellbeing for this population, such as income

and connections to the formal labor market (Hibbs et al. 1994, Baggett et al. 2013, Metraux

et al. 2011, Meyer et al. 2023).

Mortality differences by race in the homeless population are especially noteworthy be-

cause they diverge from those observed in the housed population and may provide insight

into the relative importance of different pathways to homelessness between racial groups.

For example, a key question in homelessness research is the extent to which homelessness is

driven by personal vulnerabilities like addiction and poor mental health versus poverty and

economic shocks (Lee, Tyler, and Wright 2010). Prior work suggests that a proximate expla-

nation for white homeless individuals’ elevated mortality risk lies in the higher prevalence of

substance abuse and behavioral health conditions in this group, which could in turn suggest

that personal vulnerabilities are more important drivers of homelessness among white in-

dividuals while economic circumstances are relatively more important for Black individuals

(Hibbs et al. 1994, Baggett et al. 2013). Such a pattern could arise because white individu-

als, on average, have access to better-resourced social and family networks to protect against

homelessness, meaning that only those with especially difficult personal circumstances be-

come homeless. This pattern could also arise because Black individuals face greater housing

discrimination, meaning that even relatively better-off individuals find themselves homeless

because no affordable housing options are available to them. These hypotheses merit further

study in future work.

Another advantage of our data lies in the richness of demographic, economic, and social

information available, which in turn allows us to examine in great detail the association
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between these factors and mortality and to highlight especially vulnerable segments of an

already extremely deprived population. For example, we find that people with lower incomes

and those who are less connected to family and to the labor market have especially poor

health outcomes. Moreover, while disabled homeless individuals have a higher mortality rate

than those who are not disabled, even non-disabled homeless individuals have a substantially

elevated mortality rate relative to their housed counterparts. Somewhat surprisingly, we find

no major difference in mortality rates between unsheltered and sheltered homeless individuals

after controlling for gender, and we find that both of these groups experienced substantial

increases in mortality during the COVID-19 pandemic. These findings may prove useful to

policymakers and service providers looking to target resources to the neediest individuals.

They also highlight the significant health risks associated with homelessness even among

people sleeping in shelters, a group that figures less prominently in policy debates than their

more visible unsheltered counterparts.

While our analyses indicate strong associations between homelessness, individual charac-

teristics, and mortality, we caution that our study does not allow us to identify a causal or

directional relationship between homelessness and elevated mortality risk. As with socioe-

conomic status and health in the housed population, homelessness and mortality are likely

causally related in both directions, with the importance of various channels differing across

sub-groups. Behavioral health disorders, addiction, and substance abuse, for instance, could

drive both homelessness and heightened mortality risk for some. For others, particularly

those who are chronically homeless, heightened mortality risk could be a consequence of

the exceedingly severe long-term material deprivation the homeless population experiences.

We also caution that, in relating our findings to the literature on the health-socioeconomic

status gradient, it is probably incorrect to view homelessness purely as a proxy for extreme

poverty. Mortality patterns within the homeless population point to a complicated selec-

tion procedure into homelessness that differs across racial groups and genders appears to be
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determined only in part by economic circumstances.

4.7 Conclusions

This study examines health disparities in the United States using one of most fundamental

indicators of well-being, mortality, for one of the most disadvantaged segments of the pop-

ulation, people experiencing homelessness. We base our analyses on by far the largest and

most representative data ever used to compare the mortality risk of homeless and housed

populations, data that include a rich set of demographic characteristics that facilitate de-

tailed comparisons by age, gender, race, Hispanic ethnicity, and disability status. Within

the homeless population, we examine mortality differences by sheltered status, income, em-

ployment, and the extent of observed family connections to identify factors associated with

heightened mortality risk, analyses which may serve to help researchers, service providers,

and policymakers identify the most vulnerable subsets of this already exceptionally vulner-

able population.

In addition to the size, national scope, and representativeness of these data, this approach

benefits from important advantages. Unlike prior studies, we compare housed and homeless

mortality using data from the same sources and applying a common methodology to both

groups, allowing for more nuanced and reliable comparisons. We also link the individuals in

our study to administrative tax and program data to access rich longitudinal information on

income, employment, disability status, and safety net participation, which in turn allows us

to compare mortality risk between subsets of the homeless population and to characterize

the patterns of long-term material deprivation that accompany elevated mortality risk. We

supplement our analyses using a nationally representative sample of poor housed individuals

from a closely comparable data source to learn about homelessness as a risk factor for

mortality that is distinct from poverty in general. We view this work as complementary

to an extensive and growing body of clinical and public health research into the relationship
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between homelessness and health, adding a nationally representative perspective to prior

findings and helping to establish the most broadly true patterns from the wide array of

results in prior work.

Our findings reveal severe disparities in health and wellbeing between people who are

homeless and those who are housed. People who have experienced homelessness face 3.5

times the mortality risk of people who are housed, accounting for differences in demographic

characteristics and geography. Put differently, a 40-year-old homeless person faces a mortal-

ity risk similar to a housed person nearly twenty years older. These disparities reflect more

than economic disadvantage: homeless individuals’ mortality risk is about 60 percent greater

than poor housed individuals of the same age and gender. Mortality disparities change over

the course of the life cycle, however, with homeless individuals’ relative mortality risk peaking

between the ages of 30 and 50 before falling to converge with the poor housed population’s

mortality risk by the age of 70.

Many of the groups that face higher mortality risk in the housed population – men,

non-Hispanics, people with lower incomes, people who are disabled – also face higher risk in

the homeless population, but race is a notable exception. Among people who are housed,

someone who is Black has 40 percent greater mortality risk than someone who is white,

but among people who have experienced homelessness, someone who is Black has 27 percent

lower mortality risk than someone who is white. This finding mirrors prior work showing that

Black homeless individuals have higher incomes and are more connected to the formal labor

market and safety net than those who are white (Meyer et al. 2023). These patterns merit

further examination, as they may suggest that the predominant pathways to homelessness

differ by race, with individual conditions like addiction and behavioral health issues perhaps

playing a greater role for white individuals, while structural issues like discrimination and

poverty being more important drivers for Black individuals.

Our findings also speak to the exceptionally severe toll of the COVID-19 pandemic on
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people experiencing homelessness. The pandemic coincided with a 33 percent increase in

mortality for people experiencing homelessness beyond what we would have expected due to

the aging of our cohort. While housed and poor housed people saw similar proportional rises

in their mortality risk, the pandemic affected a much larger share of the homeless population

because of their already elevated baseline mortality rate. Homeless men seem to have been

hit especially hard, with their mortality risk rising by 35-38 percent during the pandemic,

compared to 22-24 percent for homeless women. The causes of excess mortality during the

pandemic are not apparent from our data, however, and could include both the direct effects

of virus itself, as well as indirect effects from strain on healthcare systems and reduced access

to emergency services, with these latter issues potentially interacting with surging fentanyl

use to exacerbate the pandemic’s harm on people experiencing homelessness.

Within the homeless population, connection to the formal labor force and to family are

associated with lower mortality risk; having been observed in a shelter in the 2010 Census, as

opposed to an unsheltered location, is not. People who have or had spouses, have children,

or who were included on a family member’s housed Census form all have mortality risk

that is about 20 percent lower than their counterparts. People who are homeless in New

York have a lower mortality risk, but those who are homeless in California face a similar

mortality risk as people in other states. Perhaps surprisingly, we find very little difference

in mortality between people we initially observe in homeless shelters and those who are

unsheltered, conditional on gender. This last finding highlights the substantial health risks

faced even by people experiencing homelessness in shelters, a group that is less visible and

receives less attention than those who sleep on the streets, but who nevertheless experience

substantial health disparities. Our findings on mortality differences between sub-groups of

the homeless population point to dimensions linking health and socioeconomic status that

may be especially important among extremely disadvantaged individuals more broadly, such

as housing quality and stability, social connections and family resources, and disability status.
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This paper joins a growing body of work through the Comprehensive Income Dataset

(CID) project that aims to establish fundamental facts about homelessness in the United

States by linking Census and administrative data to unlock new insights. Recent work has

improved our understanding of the size of the U.S. homeless population, established the

surprisingly good coverage of people experiencing homelessness in the Census, and revealed

persistent extremely low incomes and high reliance on the safety net. Ongoing and planned

work aims to understand the effects of safety net programs on homeless individuals’ mortality

and material well-being and to learn about the dynamics of transitions between housing,

institutional settings, and homelessness. In providing the first national estimates of homeless

mortality in the U.S., this paper not only adds to the emerging picture of the persistent

hardships and stark health disparities associated with homelessness, but also sheds light

on some of the most vulnerable subsets of an already exceptionally vulnerable population

and contributes to efforts to more effectively mitigate the mortality risks faced by people

experiencing homelessness.
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4.8 Exhibits

Figure 4.1: Mortality Hazard (Probability of Death in Six-Month Period)

Sources: 2010 Decennial Census, 2022 SSA Numident
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Figure 4.2: Share Survived to End of Period, Ages 18-54 in 2010

Sources: 2010 Decennial Census, 2022 SSA Numident

Figure 4.3: Mortality Hazard Relative to Housed Group

Sources: 2010 Decennial Census, 2022 SSA Numident
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Figure 4.4: Covariate-Adjusted Mortality Hazard (Probability of Death in Six-Month Period
Using Age and Gender Distribution of Homeless

Sources: 2010 Decennial Census, 2022 SSA Numident

Figure 4.5: Mortality Hazard Rate by Housing Status and Gender

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Plot displays coefficient from hazard model including age controls.
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Figure 4.6: Mortality Hazard Rate by Housing Status and Race

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Plot displays coefficient from hazard model including age controls.

Figure 4.7: Mortality Hazard Rate by Housing Status and Hispanic Ethnicity

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Plot displays coefficient from hazard model including age controls.
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Figure 4.8: Mortality Hazard Rate by Housing Status and Disability Status

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Plot displays coefficient from hazard model including age controls.

Figure 4.9: Mortality Hazard Relative to Housed in Same Group

Sources: 2010 Decennial Census, 2022 SSA Numident
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Figure 4.10: Proportional Mortality Hazard by Age, 30-79

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Figure displays coefficient on two-year age dummy with group interaction in model assuming common baseline hazard and controlling for

gender. Sample includes people ages 30-79 in 2010-2022.
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Figure 4.11: Ratio of Homeless and Poor Housed Mortality Hazard to Housed Mortality
Hazard

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Figure displays coefficient on two-year age dummy with group interaction in model assuming common baseline hazard and controlling for

gender. Sample includes people ages 30-79 in 2010-2022.
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Figure 4.12: Covariate-Adjusted Mortality Hazard (Probability of Death in Six-Month Pe-
riod) Using Age Distribution of Sheltered Men

Sources: 2010 Decennial Census, 2022 SSA Numident

Figure 4.13: Mortality Hazard Relative to Sheltered White Homeless

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Plot displays coefficient from hazard model including age controls.
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Figure 4.14: Mortality Hazard Relative to Sheltered Ages 18-24

Sources: 2010 Decennial Census, 2022 SSA Numident

Note: Plot displays coefficient from hazard model controlling for gender.

Figure 4.15: Relative Mortality Hazard by Geography, Employment, and Family Connections

Sources: 2010 Decennial Census, 2022 SSA Numident
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Table 4.1: Prior Estimates of Homeless Individuals’ Relative Mortality Risk

188



Table 4.2: Summary Statistics: Demographic Characteristics and Region

Note: Weighted counts reflect inverse probability weighting adjustment to account for non-linkage for all three groups. For
housed poor, weighted count also reflects survey weights, and for overall housed, weighted count is adjusted to reflect one
percent random sampling from the 2010 Census housed population. All reported ages reflect age in 2010.

189



Table 4.3: Summary Statistics: Disability, Economic Status, Family Connections, and State

Note: Weighted counts reflect inverse probability weighting adjustment to account for non-linkage for all three groups. For
housed poor, weighted count also reflects survey weights, and for overall housed, weighted count is adjusted to reflect one
percent random sampling from the 2010 Census housed population. All reported ages reflect age in 2010.

Table 4.4: Cumulative Mortality April 2010-March 2022 (Ages 18-54 in 2010)
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Table 4.5: Average Annual Mortality Hazard by Group in Two Years Before and During
COVID-19 Pandemic (Ages 18-54 in 2010)

Note: Covariate-adjusted mortality hazard controls for difference in age and gender distribution between groups. Increase
accounting for aging of population is equal to the increase without accounting for aging minus eight times the estimated
coefficient from a regression of the hazard in the first 20 periods on a time trend, which yields an estimate of the change in the
average annual hazard between these two time periods attributable to the aging of our cohort.
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Table 4.6: Average Annual Mortality Hazard by Homeless Sub-Group in Two Years Before
and During COVID-19 Pandemic (Ages 18-54 in 2010)

Note: Covariate-adjusted mortality hazard controls for difference in age and gender distribution between groups. Increase
accounting for time trend is equal to the increase without accounting for time trend minus eight times the estimated
coefficient from a regression of the hazard in the first 20 periods on a time trend, which yields an estimate of the change in the
average annual hazard between these two time periods attributable to the aging of our cohort.
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APPENDIX A

APPENDIX

A.1 Chapter 2 Appendix

A.1.1 Text

Comparison of sheltered homeless characteristics across sources

We also compare the characteristics of sheltered homeless individuals in the PIT, Census,

and ACS to assess the extent to which they represent the same population. Table A.1 reports

the share under 18, gender/sex, race, and Hispanic ethnicity of sheltered individuals in the

2016 ACS and PIT. The share belonging to various race categories and the share Hispanic

are similar across the two data sources. The share female, however, is about 5 percentage

points higher in the PIT (44.4 percent, compared to 39.4 percent in the ACS) and the share

under age 18 is about 17 percentage points higher in the PIT (29.1 percent, compared to

12.2 percent in the ACS). A back-of-the-envelope analysis suggests that the PIT’s inclusion

of domestic violence shelter residents could explain much of the gender discrepancy but little

of the age discrepancy. For 2016, we estimate that about 9.2 percent of the sheltered PIT

population consisted of people in domestic violence shelters. If we assume that all adults in

domestic violence shelters were female and accompanied by one child on average, who was

equally likely to be male or female, then removing domestic violence shelter occupants from

the PIT would decrease the share female to 41.3 percent and decrease the share under 18 to

27.0 percent. Such an adjustment would therefore close most of the gap in the share female,

but only a small portion of the gap in the share under 18.

Table A.2 compares the share female and the share under 18 in the 2010 ACS to that in

the Census. We observe that the share female is similar in these two sources, while the share

under 18 is about 5 percentage points lower in the ACS than in the Census. This comparison
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once again suggests that the ACS may have missed some of those under 18. This finding

suggests the need for caution in analyses studying the child homeless population using the

ACS, but is reassuring for analyses that are limited to adults, such as studies of income and

safety net program participation. We revisit this puzzle about differences in share of children

across sources in the Appendix.

Characteristics of recent HMIS shelter occupants missed by the Census

Los Angeles HMIS shelter users dropped by refinements 1 and 2 were disproportionately

likely to have unknown status. The weighted count of people with unknown status fell from

about 2,500 prior to refinements to fewer than 1,000 after refinements 1 and 2, where this

weighted count is taken as the share of shelter users under a given refinement that fall into

the residual category. In this section, we describe the characteristics of those individuals

and discuss implications for the Census’s coverage of the homeless and recently homeless

population.

We know from HMIS shelter names that most of the people dropped in refinements 1 and

2 were participants in Los Angeles’s Winter Shelter Program, which runs from December 1

to March 15 of each year. Unfortunately, because “status unknown” is a residual category,

we do not know precisely which of the individuals dropped from the HMIS data fell into this

category. We can, however, compare the overall characteristics of those who were kept and

those who were dropped, as seen in Table A.5. We observe that dropped individuals – those

who were disproportionately likely to have unknown status – were older, more white, more

Hispanic, and more male. They also had more frequent but shorter HMIS spells between

2004 and 2014.

One hypothesis is that these individuals were missed by the Census because they migrated

to Mexico. We do indeed find that dropped individuals are more likely to be Hispanic (39

percent) than kept individuals (30 percent), but not overwhelmingly so. Another hypothesis
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is that these individuals may have transitioned to marginal living situations like couch-

surfing, where they might have been left off the housing unit questionnaire submitted to

Census. A third hypothesis that that these individuals transitioned to unsheltered status.

This hypothesis aligns with the Winter Shelter Program’s primary purpose of shielding

homeless individuals who would otherwise be unsheltered from the elements during the

winter. Prior work has shown that unsheltered individuals tend to be older, more white, and

more male that sheltered individuals, so these individuals’ characteristics align with that

profile (Meyer et al. 2021).

Taken together, the available evidence does not provide satisfactory resolution to the

puzzle of why recent participants in Los Angeles’s Winter Shelter Program were dispro-

portionately likely to be missed by the Census. This group does, however, offer concrete

evidence of a subset of recent shelter occupants who were missed by the Census.

Coverage of homeless children in linked HMIS-Census data

We also use the linked Census-HMIS data to revisit the puzzle identified in our aggregate

comparisons section on the difference in the share of homeless individuals under age 18 in the

PIT versus the ACS and Census. Table A.6 displays the share of Los Angeles and Houston

HMIS shelter users in various Census status disaggregated into those under 18 and those 18

and older. In contrast to our findings in Section 2.4, which suggested that children in the PIT

were under-covered in the Census homeless enumeration, we see that about 48-52 percent of

children in HMIS shelters were counted in homeless shelters in the Census, compared to 40-

43 percent of adults. Children were also more likely to be counted as housed (30-32 percent)

than adults (22-23 percent). We note that in 2010, HMIS data would likely not have included

many facilities intended for unaccompanied youth because there was a separate system for

tracking shelters intended for runaway and homeless youth prior to 2015. It is also possible

that the Census classified some youth shelters as non-shelter facilities, as we found to be the
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case for some adult-oriented HMIS shelter. In Houston, we note that about 20 HMIS shelter

users were counted in a single juvenile correctional facility in the Census, providing strong

evidence of differential classification between sources in at least this instance.
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A.1.2 Exhibits

Table A.1: Characteristics of Sheltered Homeless in PIT and ACS (2016)

Sources: ACS 2016 one-year estimates, 2016 PIT file.
Note: ACS results approved for disclosure, CBDRB-FY20-ERD002-004. PIT and HMIS results obtained from public sources.
*ACS collects data on sex. PIT collects data on gender, including transgender and gender non-conforming.
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Table A.2: Share Under 18 and Share Female of Sheltered Homeless in ACS, Census, and
PIT

Sources: 2006-2016 ACS one-year estimates, 2010 Census, 2015-2019 PIT.
Note: Table displays the share of sheltered homeless individuals in the 2006-2016 ACS, 2010 Census, and 2015-2019 PIT who
fall into a given age or gender category. The ACS shares are weighted using survey weights prior to 2011. From 2011 onwards,
we include only non-imputed ACS records, which are scaled up by a constant such that the new weighted count of
non-imputed observations is equal to the old weighted sum of imputed and non-imputed records. All results were approved for
release by the Census Bureau, authorization number CBDRB-FY20-ERD002-004.

Table A.3: Share of HMIS Shelter Users in a Given County/State in the Census, by Housing
Status in Census

Sources: 2010 PIT, 2010 Census.
Note: Table displays weighted share of HMIS shelter users who were in a given county or state in the Census, by housing
status. Weight is calculated as the midpoint of the upper bound weight and the lower bound weight. All shares and counts
are rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized
disclosure of confidential information and has approved the disclosure avoidance practices applied to this release,
authorization number CBDRB-FY2022-CES005-006.
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Table A.4: Probability of L.A. HMIS Shelter Entry and Hazard Rate for Exit

Sources: L.A. HMIS data (2004-2014).
Note: Table displays the probability of entering an L.A. HMIS shelter in a given month and year as a share of the 2010 Los
Angeles population and the probability of exiting an HMIS shelter in a given month/year conditional on being in the shelter
on the first day of the month. All shares and counts are rounded per Census Bureau disclosure rules. The Census Bureau has
reviewed this data product for unauthorized disclosure of confidential information and has approved the disclosure avoidance
practices applied to this release, authorization number CBDRB-FY2022-CES005-006.

Table A.5: Characteristics of People Kept and Dropped in Refinements 1 and 2

Sources: LA (CA-600, 2004-2014) HMIS administrative data.
Note: All shares and counts are rounded per Census Bureau disclosure rules. The Census Bureau has reviewed this data
product for unauthorized disclosure of confidential information and has approved the disclosure avoidance practices applied to
this release, authorization number CBDRB-FY2022-CES005-006.
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Table A.6: Coverage of HMIS Shelter Users in the 2010 Census by Child/Adult (L.A. and
Houston Combined)

Sources: LA (2004-2014) HMIS administrative data, Houston (2004-2015) HMIS administrative data, 2010 Census.
Note: Table displays the weighted share of individuals who were present in an emergency or transitional shelter in HMIS
data on March 30, 2010, according to HMIS records, who appeared in the 2010 Census in various GQ types or as housed. For
L.A., sample consists of HMIS shelter users under Refinement 2. Where exit dates were missing in HMIS data, we imputed an
exit date based on the median stay length for users of that shelter type. Bounds are calculated per methods described in the
text. For L.A., the analysis is based on HMIS shelter users under Refinement 2. All shares and counts are rounded per Census
Bureau disclosure rules. The Census Bureau has reviewed this data product for unauthorized disclosure of confidential
information and has approved the disclosure avoidance practices applied to this release, authorization number
CBDRB-FY2022-CES005-008.
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Table A.7: Coverage of Census Sheltered and Unsheltered Homeless in HMIS in Los Angeles
and Houston

Sources: LA (CA-600, 2004-2014) HMIS administrative data, Houston (TX-700, 2004-2015) HMIS administrative data, 2010
Census.
Note: Table displays the weighted share of individuals who were enumerated as sheltered and unsheltered homeless in the
Los Angeles CoC who were present in HMIS shelters on March 30, 2010 ("in HMIS shelter during SBE") or ever in an HMIS
shelter during the 2004-2014 period ("ever in HMIS shelter"), according to HMIS records. Where exit dates were missing in
HMIS data, we imputed an exit date based on the median stay length for users of that shelter type. Lower bound assumes
that the probability of being PIKed in HMIS data conditional on being PIKed in the Census is equal to one. Upper bound
assumes that probability of being PIKed in HMIS data is independent of probability of being PIKed in Census data.
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A.2 Chapter 3 Appendix

A.2.1 Exhibits

Figure A.1: Share with Earnings, Including and Excluding TNSOLs, 2005-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure A.2: Share with Benefits, Including and Excluding TNSOLs, 2005-2016

Sources: 2010 Census, 2003-2016 HUD PIC and TRACS, 2007-2015 Administrative VA Dataset, 2006-2016 Medicare Datasets, 2007-2015
Medicaid dataset, SNAP datasets for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and Tennessee
(2004-2016).

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure A.3: Share with Earnings, Including and Excluding Double-Counted, 2005-2016

Sources: IRS 1040s (2003-2015), W2s (2005-2016), 2010 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.
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Figure A.4: Share with Benefits, Including and Excluding Double-Counted, 2005-2016

Sources: 2010 Census, 2003-2016 HUD PIC and TRACS, 2007-2015 Administrative VA Dataset, 2006-2016 Medicare Datasets, 2007-2015
Medicaid dataset, SNAP datasets for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and Tennessee
(2004-2016).

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015.

Figure A.5: Baseline and Migration-Adjusted SNAP Receipt, 2005-2016

Sources: SNAP datasets for Illinois (2009-2016), Indiana (2004-2016), New York (2007-2016), New Jersey (2007-2016), and Tennessee
(2004-2016), TANF/GA for New York (2007-2015), SSI (2010-2014, 2016), 2010 Census, 2000 Census.

Note: Approved for release by the Census Bureau’s Disclosure Review Board, authorization number CBDRB-FY2022-CES005-015. Baseline

sample consists of homeless residing in SNAP states in 2010. Migration-adjusted sample consists of homeless residing in SNAP states in both

2010 and 2000.
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A.3 Chapter 4 Appendix

A.4 Exhibits

Table A.37: Homeless Population Summary Statistics by Gender and Sheltered Status De-
mographic Characteristics and Region

Note: Weighted counts reflect inverse probability weighting to account for non-linkage. All reported ages reflect age in 2010.
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Table A.38: Homeless Population Summary Statistics by Gender and Sheltered Status Dis-
ability, Economic Status, Family Connections, and State

Note: Weighted counts reflect inverse probability weighting to account for non-linkage. All reported ages reflect age in 2010.
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Table A.39: Mortality Hazard of Homeless and Housed (Ages 18-54 in 2010)

Note: Covariate-adjusted hazard indicates simulated hazard using age and gender distribution of homeless sample.

236



Table A.40: Survivor Function of Homeless and Housed (Ages 18-54 in 2010)

Note: Covariate-adjusted survivor function derived from simulated hazard using age and gender distribution of homeless
sample.
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Table A.41: Mortality Hazard of Homeless by Gender and Sheltered Status (Ages 18-54 in
2010)

Note: Covariate-adjusted hazard indicates simulated hazard using age distribution of sheltered men.
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Table A.42: Proportional Hazard Model (Ages 18-54 in 2010)
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Table A.43: Proportional Mortality Hazard by Housing Status and Race
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Table A.44: Proportional Mortality Hazard by Housing Status and Gender

Table A.45: Proportional Mortality Hazard by Housing Status and Hispanic Ethnicity
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Table A.46: Proportional Mortality Hazard by Housing Status and Disability Status
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Table A.47: Proportional Mortality Hazard by Housing Status and Age
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Table A.48: Proportional Mortality Hazard by Housing Status and Age (Ages 30-79)
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Table A.49: Proportional Mortality Hazard by Housing Status and Race (Homeless Ages
18-54 in 2010)

Table A.50: Proportional Mortality Hazard by Housing Status and Age (Homeless Ages
18-54 in 2010)
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Table A.51: Proportional Mortality Hazard by Geography, Family Connections, and Em-
ployment and INcome (Homeless Ages 18-54 in 2010)
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