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Abstract
COMMUNITY-LEVEL PREDICTORS OF FAMILY HOMELESSNESS INHE UNITED
STATES
by
Ellen Munley
Adviser: Professor John Mollenkopf

The problem of reducing homelessness in U.S. communities has challenged polisymake
and advocates, who have looked to academic research on homelessness to undeestiaed its
and design strategies to prevent and reduce homelessness. Although individueséarehr
shows important differences between homeless families and homeless indjltiterature
on community-level predictors of homelessness includes little work focused tegarysing
newly available data on rates of family homelessness, this study igleetbnomic and social
factors associated with rates of homelessness at the community lediely that family poverty
rates and rental housing costs are strong and consistent predictors ohfamelgssness, with
higher poverty rates and housing costs associated with higher rateslpffamelessness.
Housing market and economic factors are overall more consistent predietogzublic health
or demographic factors in these models of family homelessness.

The study also looks closely at the public assistance programs that seimedme
families, asking whether the reach and generosity of these progratimsy agary across states
and communities, have any relationship with the rates of homelessness amaieg.fafmiding
that areas with higher rates of family homelessness tend to have greatkment of families in
poverty in the TANF program, possible explanations for this result are inatestigThe study

also finds that the generosity of food stamp benefits is associated withféoargr



homelessness rates, while similar measures of TANF and SSI prograoishdve a
measurable community-level relationship with family homelessness rates

The study discusses several policy recommendations that could address hous#hg ma
and economic determinants of homelessness, and the need for further individualdesrelsa-
national research that would continue this examination of the relationshiedmepublic

assistance programs and family homelessness rates.



Acknowledgments

| would like to extend my appreciation to my adviser, John Mollenkopf, for his
assistance, support and excellent scholarly advice. | would also like to tyar@dommittee
members Janet Gornick and Donna Kirchheimer for their valuable assistaneedivalck.

| could not have completed this study without the assistance of colleagues atitimaN
Center on Homelessness among Veterans, in particular Tom Byrne, JamisoraR@rgon
Elizabeth Montgomery. Dennis Culhane and Steve Metraux also provided valuadiEnassi

Many thanks go to my family, Michael and Katharine Munley, Lea Munley and Sue
Marshall, and to Jennifer McCreery, for their love and support. | would also like tssxply

gratitude to my husband, Alex Mulcahy, for his kindness and optimism.



Vi

Table of Contents

ADSTIACT ... iii
ACKNOWIEAGMENTS. ... e e e e e e e M

LiSt Of TADIES ... e e e e e e e WV

IR [ o o 18 T £ o 1

2. Theoretical Framework and Review of the Literature................c.coooi i, 8
3. Research Design and Methodology..........o.viuiieiieiii i 43

4. Models of Family Homelessness for All Communities............................68.
5. Stratified Models of Family Homelessness...........ccooooviii i, 98

6. Summary Of RESUILS ... 112
7. Conclusions and Policy Implications.............ccooii i, 118
8. APPENAICES. ... ettt e e e e e 2. 128

9. REIBIENCES. .. e e e e e e e e e e e e e e e e 139



Vii

List of Tables

Table 1 Correlation Matrix, Multidimensional Model 1.............coooiiiiiiiiie i 66
Table 2 Correlation Matrix, Multidimensional Model 2................ccccii il .67
Table 3 Correlation Matrix, Multidimensional Model 3................cccoiiiiiiiiee .67
Table 4 Family homelessness and total homelessness................ccccoviiiveivee e 70
Table 5Demographic breakdown of adults in sheltered homeless families .................. 71
Table 6 Living situation prior to shelter entry for homeless families .......................... 71
Table 7 Median length of stay in shelter for homeless families .......................... 71
Table 8 Family homelessness by geographic type........c.cvviiiiii i e, 72
Table 9 Descriptive Statistics, Significant Variables................ccccovviviiviie il 2
Table 10Housing and Economic Model.............ccoiiiiiii i e, 75
Table 11Alternative Housing and Economic Model......................cciviiennnnll . 78
Table 12Public Assistance Model. ..o 79
Table 13Demographic and Public Health Model.................cccoiiiiiiici e 82
Table 14Model of Family Homelessness Rate, All Predictors...................................85
Table 15Correlation of Shelter Effort and Public Assistance Variables................. 88...

Table 16 Multivariable Model of Family Homelessness Rate, Including Shelter Beds0.....

Table 17Model of Unsheltered Family Homelessness Rate................ccoo v vviiiiennnn. 93
Table 18Descriptive Statistics, Low-Poverty Sample ..........cccoiiiiiiiiiii e, 99
Table 19Descriptive Statistics, High-Poverty Sample ..............ccoovivvieiiiennnnn...99

Table 20Model of Total Family Homelessness Rate in Low-Poverty CoCs.................... 101



Table 21 Model of Total Family Homelessness Rate for High-Poverty CoCs............
Table 22 Descriptive Statistics, Non-Urban Sample..........coooiiiiiiii i
Table 23Model of Total Family Homelessness Rate for Non-Urban CoCs.........
Table 24Results Common across Models ..o
Table 25Results Unique to Individual Models. ... e

Table 26 Appendix B: Independent Variables .............c..cooiiiiiiiiiiiiien,

viii



List of Figures
Figure 1 Theoretical Schematic, Model 1

Figure 2 Theoretical Schematic, Model 2



1. Introduction

The increase in homelessness in the United States that began in the early 1980s was
accompanied by a growth of research on homelessness. However, some of the questions and
observations that were raised quite early on in this research remain dhgli@nd unanswered.
Geographic variation in homelessness

The fact that homelessness was more prevalent in some places than in others led
researchers to investigate the causes of geographic variation in homsleassesAlthough
definitions of homelessness, methods to estimate the number of people experiencing
homelessness, and the resulting estimations were often contested, the fategtdiffered from
place to place was generally accepted. Explaining those differencéssicoald help
researchers identify causal factors of homelessness. By asking whattitaty made one city’s
homelessness rate lower than another, researchers hoped to be able to isaatalféctors
that could inform public policy intended to reduce homelessness.

A number of studies have addressed geographic variation in homelessnessaayes
with particular questions motivating them: Could universal causal factorsriidietke or were
the dynamics of homelessness and causal factors different in ev@rWéiye higher rates of
drug abuse in some cities responsible for higher rates of homelessness? btiargeisfrom
state hospitals of adults with mental illnesses responsible for higheof&ieselessness? Did
differences in the numbers of homeless people from one city to the next have to ¢tmseath t
cities’ responses to homelessness? Did providing emergency shelter dadsheae
homelessness? Were there differences in how cities regulated thenghmaskets that could

explain some differences in homelessness rates?



The current study continues in this vein of research by observing geographionvamiat
homelessness and identifying community-level factors that vary with home$ssstes, but
focuses this research method on a more specific demographic group among theshomele
population: families with children.

Family Homelessness

Another important observation made early in the 1980s was that homelessness, which
had largely affected single men in earlier decades, had begun, in its expangivolve new
demographic groups, particularly families with children.

In fact, the effect on a broader array of demographic groups was ayreaaon that
homelessness began to garner the interest and focus of social sciencbeesedihe
phenomenon of homelessness had been a much smaller problem between the end of the Great
Depression and the late 1970s, when increased demand on shelter services begsnto be s
Since the Depression, the problem had also affected a narrower range of génagaups,
primarily single men, who could be conceptualized as experiencing homeledsa¢shoices
they had made regarding employment, housing, family, and alcohol and drug use. The
expansion of the experience of homelessness to greater numbers of people, and to other
demographic groups such as families with children, defied this explanation, aridréherade
the phenomenon more problematic and difficult to explain, and therefore of intesestah
science research.

Family homelessness remains an important and challenging problem. In 2009 persons i
families made up approximately 37% of the homeless population, and approximately 22% o
homeless families, or 50,800 families, were unsheltered, meaning thatdéhepot staying in

temporary residential programs such as emergency shelters, but insteataying in places



not meant for human habitation, such as in a car, in a train station, or in an abandoned building
(HUD, 2010).

Homelessness among families is of particular concern to many advandtessearchers
because of the potential effects of homeless living conditions on children whose g of
stress, health problems, and interruptions in schooling are likely to have signifieats en
their future health, social, educational, and economic outcomes. Families \dtkrchire also
viewed as particularly vulnerable to various dangers of living in shelters orheltered
conditions.

Goals and methods of the study

This study combines these threads of homelessness research, by conductinogasakcol
analysis of family homelessness. The analysis identifies social and ecdactors that are
associated with family homelessness at the community level. It tesde aange of economic,
housing market, demographic, public assistance, and public health factors, tottinsl tfeet
vary with the rate of homelessness.

This study will expand the literature on family homelessness, which, up to thts lpes
included very few national studies of geographic variation. The study also facupablic
assistance program factors, among many other types of factors, to inveshigter public
assistance programs that serve poor families have an impact on homelastgr@ssmmunity
level, through the proportion of the population in need that they serve, the levels of theispenefit
their rules governing enrollment and eligibility, or their expenditures.

To assess the relationship between these factors and the family homelegen#ss r
study uses a multilevel regression model. The study measures the homeladsragshe

community level but includes independent variables at the community level and thevstiate



Some variables that are important to this study, including the adequacy of psisliarase
benefits, are measured at the state level. Because communities edleninsh states, and their
homelessness rates are likely affected by some of these sthialiafales, the study uses
multilevel methods of analysis, to be sure that the variation among commimiigag
correctly modeled. An examination of the data shows that there is a signéeaindf variance
between the state mean family homelessness rates — more than would be eypewadd
Approximately 16% of the total variability in homelessness rates ibtible to differences
between the states. In order to accurately reflect this variabilityebatatates as well as the
variability between communities, multilevel modeling methods are used.
Study Findings

The results of the study demonstrate the importance of housing market factogstam
determinants of family homelessness rates. Whether all communitieslaged in the analysis
and the total rate of family homelessness is observed, or the focus isheftaras family
homelessness, or analysis is limited to one type of community such gsolvgtty or non-urban
communities, housing market dynamics are key predictors of family hanebss The housing
market factors that are the strongest predictors are those that conaibngewith the poverty
rate and household incomes, to housing affordability within a community. The ratidelse
two other types of housing market factors in common: those measuring thecpreken
substandard or low-quality housing in a community, and those that indicate hilgholieve
competition and mobility in a housing market.

The models create a picture summarizing the social and economic dynamidsitogtr
to family homelessness. They describe family homelessness ogamrong families in

poverty who live in areas with high rental housing costs. In these areas, marmauaitental



costs that are greater than 30% of family incomes. In addition, in these cdrasiti@re is a
relatively high proportion of housing that is substandard or in poor enough condition to remain
or frequently become vacant. Households move relatively frequently in these caiesnand
there is strong housing competition, due in part to the presence of many snsgle-pe
households.

The study results also show that while the adequacy of Temporary Aid to Raeulies
(TANF) and Supplemental Security Income (SSI) benefits does not appear kaide i@
community homelessness rates, the adequacy of the Supplemental NutritgtansssProgram
(SNAP, or food stamps) is negatively associated with the family homes=sssate. Higher
adequacy of SNAP benefits is associated with lower rates of family homedsss

Further, the study found that in some models a larger proportion of poor families@nroll
in TANF or General Assistance (GA) is associated with higher famoilgelessness rates. The
study investigated two possible explanations for this relationship and found some eudenc
support of both of the explanations. First, contributing to this result is the factahatvath
higher inclusion rates for TANF tend to offer more shelter beds relatihe taumber of people
in poverty. Also contributing to this result is the fact that a primary goal of previdehelter
is to help families enroll in public assistance benefits for which they arkle)ion order to help
families exit homelessness by gaining income. Areas with higherohl®melessness are
likely to have higher rates of TANF inclusion because those families arg dssisted by social
service providers, after entering shelter, to access TANF benefits.

The models also generally demonstrate that public health variables, such as those

measuring the prevalence of mental illness and substance abuse in the populatiorstanegnot



or significant predictors in the model. Housing market and economic factors aémportant
than health factors in predicting family homelessness rates at the comiaueit

While the models do show these important commonalities, some models also show that
there are different dynamics of homelessness occurring in partigpés of communities.
These differences indicate that while national modeling of homelessness riatportant, this
undertaking is not complete without additional analyses of sub-categories mofioaines, such
as low- and high-poverty communities, and urban and non-urban communities.

For example, when the analysis is limited to include only areas that Ipavery rate
higher than the national median, the unemployment rate becomes a significant twel posi
predictor of homelessness. This broadens the understanding of the dynamics of paverty a
contributes to homelessness in these areas. While some families inclutedamielessness
rate may be experiencing long-term poverty, the rate also reflecigeamihigh-poverty areas
who are entering poverty, or for whom poverty is worsening, after the loss of a job.

Second, when the analysis is limited only to non-urban areas, some important factors
were seen. The level of spending per capita by the federal government on TANBEststsinege
was a negative predictor of homelessness in non-urban areas. The maximunmfancohinG
eligibility was positively associated with homelessness in thess, amed the rate of admission
to alcohol treatment programs was also positively associated with homegessinether, among
non-urban communities, owner-occupant housing costs were more important in prédmting
homelessness rates than rental housing costs.

Policy Implications
The study makes several recommendations for policy change and fustbemicte First,

the findings regarding the effect of housing costs on homelessness leaddmaemndation that



an entitlement housing voucher program could be funded through a progressive tax on
commercial and residential real estate transactions.

Second, factors identified in the study as covariates of family homelessioedd be
used to establish a system for allocation of any future federal funding f@ldssness
prevention and rapid re-housing programs, and of state and local funds for preventiomgBYy usi
community characteristics to calculate predicted family homelessatess homelessness
prevention funds can be allocated to areas where there is likely to be the most need.

Third, based on findings that few public assistance programs appear to havearmmpa
homelessness rates, the study concludes that the US Interagency Council tesstuens
(USICH) should take a lead role in investigating the ineffectiveness of U.l8 psbistance
programs in reducing homelessness. The USICH should advocate for expansion of public
assistance programs’ inclusion and/or benefit levels. This advocacy should be dnigrme
further longitudinal and cross-national research on public assistance prograndus

homelessness.



2. Review of theLiterature
Researchers have pursued the identification of determinants of homelelssmags t
several methods. One common approach has been to study the homeless population through
surveys and cross-sectional studies, and to use housed comparison groups to dramwrsonclus
about key differences between the groups. A second common approach has been to observe
rates of homelessness across communities and to identify social and ec@uotonscand
population characteristics that are associated with higher or lowsmofdtemelessness.
Community-level studies generally address the question of why homelgsates are
higher in some areas than in others. These studies have served a variety esSpUfpdger
studies focused on a debate over whether homelessness was primarily the sésutuél
causal factors such as poverty or unemployment, or individual-level chatacdesuch as single
parent household status, mental iliness, or substance abuse. These questisiedareeder
to determine broadly what should be the focus of efforts to reduce homelessresss. Lat
community-level studies have focused on more specific questions about interventibras suc
whether current federal housing subsidies have the potential to reduce home|essmbsther
increased spending on mental health services are associated with redodimmeglessness.
However, until recently there have been few sources of national data available
numbers of homeless families at the community level, so few national stude@smioity-
level variation in family homelessness rates have been done. However, pdsenfty
homelessness research have demonstrated that there are important differevees those
who are homeless as part of a family, and those who are homeless as single adults.
Homeless families and homeless individuals are quite different demogigphidast

adults in homeless families are women, while most homeless single aduitsrard he



proportion of African Americans is much higher among adults in families thale sidgits.
The mean age of adults in homeless families is much lower than the mean age af$isimgle
adults (HUD, 2010).

Behavioral health characteristics also differ; prevalence of meineedsl and substance
abuse is much lower among adults in homeless families than among people who arestasneles
single adults (Burt, Aron & Lee, 2001; Shinn and Weitzman, 1996). Homeless single azlults ar
much more likely to be chronically homeless, while homeless families aeelikely to be
transitionally or episodically homeless (Culhane et al., 2007). Because ehatiastof these
two populations differ so much, including their patterns of homelessness, and pregélence
conditions that have been included in some past studies, community-level studiesyof fami
homelessness would likely find results that differ from previous studies that digshinguish
between families and individuals.

Because there have been few community-level studies focusing on homeléss fam
with children, there are several gaps to be filled in regarding commen#ygredictors of
family homelessness. First, studies of the total homelessness ragsteeshed that housing
market and economic measures such as poverty and housing costs are more corslistens pr
of the total homelessness rate than measures of demographic representadalth @nd
behavioral health factors. These findings have not been re-assessed regaspagitite
outcome of family homelessness, which will be one goal of this study. This stlidyaluate
the relative importance of five different categories of factors: econdmising market, public
assistance, demographic, and public health.

Second, although public assistance programs such as TANF or Section 8 housing

subsidies could be possible interventions that could reduce rates of family rsrmasselsy



10

increasing incomes of families in poverty, there has not yet been a congiveheok at the
relationship between a range of public assistance programs and family $emaskeat the
community level.

The questions addressed in this study concerning the relationship between public
assistance programs and homelessness rates have often been ramedadtgroposed or
implemented shifts in public assistance policy. In several instances toalianal policies, or
expected policy changes, have been scrutinized for their potential impact wk thidaw-
income families for homelessness. In some of these instances the focushas fegram
benefit adequacy, or the dollar value of public assistance benefits. In othacasstthe focus
has been on program inclusion, or the proportion of households in need that are enrolled in the
program. At other times the focus has been on the program rules that govern individual
eligibility for the program, and therefore affect the level of prograstugion among households
in need.

Adequacy of public assistance benefits

Debate went on through the late 1980s and 1990s between advocates for the poor, and
lawmakers in New York State and City, regarding the adequacy of AFDC beneétation to
rising area housing costs. Critics argued that the value of AFDC beaeéts had sunk too low
to allow families to pay for housing in New York City, and that this was a magtorf
contributing to the increase in family homelessness.

A 1987 class action lawsuit was filed against New York State on behalf of AFDC
recipients who had been evicted because of their inability to pay rent. Thet leeksd heavily
on comparisons between state AFDC benefit levels and the cost of housing in Ne@ityor

Data on housing vacancy at the lowest rent levels showed a small and diminishiraf stoc
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housing with rent levels that fit the incomes of public assistance benefitse Gtvparisons
were influential in the court’s ruling requiring the state to pay suppleheabefit amounts to
affected recipients; the ruling cited the “correlation” between thedwoel lof benefits and levels
of family homelessness in New York City. This court decision hinged on the state faw tha
required the state to provide aid to families with children that would allow paceratise their
children in their own homel(ggetts v. Grinker1991). With the ruling, the court asserted that
the adequacy of existing state benefit levels were, at least in sorseraassufficient for the
state to carry out this responsibility for all families in need.

A 2002 “Care Not Cash” ballot initiative in San Francisco proposed replacing cash
General Assistance payments for homeless people with services and hosistag@s The
initiative, which passed, was supported by arguments that the relatively highot&beneral
Assistance benefits was a causal factor in San Francisco’s high horaestesste. Supporters of
the initiative argued that the relatively generous benefit levelsnrF&amcisco not only attracted
homeless individuals from other localities with lower or no benefits, but also coattitmuthe
continuation of homelessness for recipients, by enabling addictions to drugs and alcohol, and
failing to engage populations in behavioral health services. Opponents of thvénitedd the
opposite position on the relationship between cash benefits and homelessness, agairig th
of access to cash benefits would reduce the ability of people at risk of homedeegres for
housing and thereby increase homelessness rates (Noy, 2009). While suppantamsaddhat
high General Assistance benefit adequacy contributed to higher honeskesates through
personal addiction and dysfunction, and opponents maintained that low benefit adequacy would
prevent participation in the low-income housing market, each group argued thatdgdevel

of benefit adequacy was a direct causal factor contributing to individu&gfrieomelessness.
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Inclusion of public assistance programs

The 1996 welfare reform law, Personal Responsibility and Work Opportunities
Reconciliation Act (PRWORA), prompted debates over the potential effects diahges in
eligibility and work requirements that resulted in significant reductionsilrfigpassistance
caseloads in every state. While supporters of the Act generally arguactitaae reform would
improve income for poor families and reduce an array of negative outcomes ifeSaonitics
warned that, among other outcomes, it could increase risk of homelessnatiscingre
enrollment in public assistance programs and decreasing income, winig f@ai€onnect
families with work income to pay for housing costs (Berger & Tremblay, 1999).

Only a small amount of empirical research was conducted that addresseat timecooit
homelessness for families affected by the change. A survey of New ¥teki®meless service
providers was conducted by the New York City-based Coalition for the Home|£399,
eliciting reports on level of demand for food and shelter services and the natunaagfsse
requested, before and after the passage of welfare reform. Providers repbasxiacsease
between 1995 and 1999 in demand for homeless services, in lengths of stay in shelter, and in the
number of clients who were not covered by any public benefits (Coalition for thelétsne
1999).

In 2006 the New York State Assembly’s Committee on Social Services conducted a
review of the effects of New York’s implementation of PRWORA on famédied children
living in poverty, by conducting two public hearings, focus group meetings, and a review of
relevant literature, including an inquiry into hardship indicators among &swilho had stopped
receiving TANF benefits. While the hearings included a discussion of homalessnan

outcome of loss of public assistance benefits, it was limited by a lack of sogportpirical



13

research. None of the literature reviewed in the report discussed rates HIsmess.
Evidence regarding homelessness discussed in the report included only thesgérbaht of
selected social service providers that their clients had, since the beghtinegeform period,
often experienced loss of benefits and risk of homelessness simultaneousha(®XsSembly,
2006)

Despite the large quantity of research evaluating various effectdfafeveeform
policies, these studies have rarely included homelessness as an outcome or indiedtor of
being. Among more than sixty empirical studies of welfare reform outcom#sgesyzed in a
2002 report, only two measured homelessness as an outcome, with contradictory outcomes. In
contrast, income outcomes were the subject of over fifty studies (Groggely Baklerman,
2002).

In summary, public assistance policy change has spurred debate over thiadpllow
qguestions: First, how is the adequacy of a public assistance program’s bretedgts to the
ability of recipient families to remain housed and avoid homelessness? Second,Heow is t
proportion of eligible families in need served by a public assistance proglated to the
homelessness rate in the population? Third, how are policies that affect inttueiagh
enrollment and eligibility related to the level of homelessness in the conyunitis study will
investigate each of these questions, focusing on the level of family homekeasdecreating a
model that predicts variation in rates of family homelessness across comsunit
Homelessness Resear ch

The field of homelessness research has expanded from an early focus mmnexio®
behaviors and characteristics of individuals experiencing homelessnessik(Beg86 & 1988).

Community-level studies investigating structural causes of homelessings as housing costs,
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loss of housing stock, income and unemployment emerged as a reaction against the previous
focus on individual characteristics and behaviors. (Elliot and Krivo, 1991; Burt, 1993; Culhane,
Wachter & Lee, 1996).

Since that time, a focus on either individual or structural causes of homeldsasiess
given way to multidimensional models of homelessness that include both structural and
individual factors. This type of model includes structural factors that estahk conditions for
homelessness to occur, while individual characteristics such as race oohkasalth make
risk of homelessness greater for some households than for others (Culhane, Waeater &
1996; O’Flaherty, 1996; Lee, Price-Spratlen & Kanan, 2003). O’Flaherty (2004) presents a
econometric model of homelessness in which both personal characteristics ang mauket
characteristics contribute to episodes of homelessness, and explains withnelesdifying
individual-level predictors and research identifying community-level pi@di@re not
contradictory.

This study builds on existing multidimensional theoretical models of homelesamas
includes predictive factors that have been established in multiple previous stutkes. T
multidimensional model of homelessness includes housing market and economiccdythami
decrease housing affordability and thereby create conditions for hormesdese occur. Public
assistance programs have the potential to alter community-level housirtahbiiioy by
reducing the gap between incomes of poor households and the housing costs of the lowest-cost
housing, through cash assistance or in-kind benefits. Demographic charestaresincluded
in many models, due to their impact on households’ vulnerability to homelessness. Chronic
behavioral and physical health conditions increase vulnerability to homelessras®ngoing

basis, while medical, economic and family events that act as shocks to housekalds oft
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immediately precede episodes of homelessness. In these models, stiacnatdetermine the
extent of homelessness in an area, while individual factors determine theflasklfor any
given household.

This chapter will review previous homelessness research, both individuadhel/el
community-level, that has tested various predictors of the multi-dimensiook| of
homelessness, including public assistance program measures of inclusion, adaduac
expenditures, housing market, economic, demographic, and public health factors. Fiftlings w
be reviewed for each of these subjects. The chapter will go on to review dats seedte
previous studies, their shortcomings, and the improvements made in more recentefztarcoll
Finally, the chapter will review literature on public assistance polibegsg relevant to the
relationship between public assistance policies and homelessness tlaesoanmunity level.

Public assistance. This section reviews the findings for three types of studies: cross-
sectional individual-level studies of homeless households and comparison groups, community-
level studies of variation in homelessness rates across cities or megropodids at one point in
time, and studies of variation in homelessness rates within a single city.

I ndividual-level studies.

While the questions addressed in this study are about community-level honssdessne
rates, and how state- and community level policies affect those rates, indlexkldiomeless
studies also contribute to the theoretical model of homelessness.

Cash assistancé&indings from cross-sectional studies of people experiencing
homelessness show that receipt of cash assistance is high amongupjdagt that it is
somewhat higher among housed comparison groups. Cross-sectional studies hakiglfiound

rates of receipt of public assistance among people experiencing homelessddsgh
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prevalence of homelessness among people who had received public assistande.RBa8s
and Lauriat (1986) found that 91% of households in a sample of Massachusetts homeless
families were receiving AFDC. Toro and Wall (1991) found that 45% of homielgissduals
surveyed in Buffalo, NY had received public assistance within the past year.

A national telephone survey found a higher five-year prevalence of homelessness among
those with public assistance receipt history than among those who had not received public
assistance. Ten percent of those who had received public assistance, conthdesd thian
one percent of those who had never received public assistance, reported having bezss homel
within the previous five years (Link et al., 1994).

Another group of studies have compared homeless families and poor non-homeless
families in their receipt of public assistance benefits. Generally #nsgy/flound that housed
comparison groups were more likely to receive public assistance, for a pmrget, and with
fewer interruptions in benefits.

Bassuk, Browne, and Buckner (1996) found that 76% of a sample of homeless women
had received AFDC in the previous year, compared to 93% of a sample of single mothers in |
income housing. They also found a shorter median period of receipt of AFDC for homeless
mothers of 2 years compared to 3.5 years for housed mothers. Bassuk et al. (1997), using a
regression model of childhood and adult predictors, found that receipt of AFDC in thegrast ye
was a protective factor against homelessness for families, even whilelloonfor other
sociodemographic, housing, income, and social factors. The odds ratio for homelessness was
0.34 among households receiving AFDC at some point in the past year compared with

households that did not receive AFDC.
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Wood, Valdez, Hayashi and Shen (1990) found that housed families had higher rates of
AFDC receipt; almost 100% of a group of poor housed families received theintmtale from
public assistance, while only 61% of homeless families did, and 23% of homelesssamili
reported no income at all. The authors also found that homeless families werekeaiptte li
have had interruptions in their public assistance benefits, with 43% of the homelgies fa
reporting that they lost their public assistance at some point during the prexasus y

Higher homeless prevalence among public assistance recipients suggeatsitiegst f
eligible for public assistance are at greater risk of homelessnesthéhgeneral population. The
finding that receipt of AFDC benefits was less frequent, shorter, and more figaoesmtupted
among homeless families than among comparison groups of poor housed familiesshggest
among poor families who were at risk of homelessness, AFDC benefits actquiaective
factor. However, the existence of homeless families receiving AFDCabegithat in many
cases, public assistance benefits were not sufficient to keep households in housing

Housing subsidiesindividual level studies also found that housing subsidies were a
protective factor for poor households at risk of homelessness. Shinn et al. (1998) found that
families requesting shelter in New York City were much less likely te laasubsidized housing
unit (9%) than were families in a comparison group of housed families receiviDg AEthe
time of the study (31%).

Bassuk and Rosenberg (1988) found that 96% of homeless families and 100% of housed
families were receiving AFDC, and that previous to the homeless episoddesefaeilies
were much less likely (6%) to have had a public housing unit or Section 8 voucher than the

housed families, 72% of whom were living in a subsidized unit at the time of the study
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In the regression model used by Bassuk et al. (1997) to predict family homs$gssne
receipt of a Section 8 voucher was a protective factor against homelessliiasslies,
controlling for other factors including receipt of AFDC. The odds ratio for honmesssvas
0.26 among households receiving a housing voucher in the past year compared with households
that did not. These findings suggest that housing subsidies could reduce households’ risk of
homelessness by decreasing the gap between household incomes and housing costs.

Community-level studies. Several types of community-level studies have examined the
relationship between public assistance programs and homelessnessthatelsy @xamining
variation in homelessness rates across cities or metropolitan areaspousigd on individual
cities and examining variation in homelessness rates over time, or acrosstatsweathin
cities.

Building on findings from individual-level studies, researchers have hypottedhkaeon
a community level, social welfare policies that expand access to incomfertiamgrams would
be negatively associated with homelessness rates, because they wealskeimcomes and
housing affordability for a larger proportion of poor households. The level of benefits for poor
households has also been expected to be negatively associated with homelss$sgkes a
benefit levels would be more effective at increasing incomes and decréesoap between
housing cost and income.

Inclusion of cash assistance progrants.a study of welfare reform’s effect on city-level
homelessness rates, Culhane, Poulin, Hoyt and Metraux (2003) analyzed the effeci96b
Personal Responsibility and Work Opportunity Reconciliation Act (PRWORA) ondelplaia
shelter entries, using both univariate interrupted time series analyst &wkgression

analysis. The authors did not find evidence of an impact of the law or the size ofNRke TA
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caseload on shelter admissions, although they found some changes in the demogfdplat pro
families entering shelter. Discussing these findings, the authorshstate the period studied,
which included only one year after implementation of the law began, most exitpttdin
assistance were not the result of sanctions resulting from non-compliahcgonrkt

requirements; Pennsylvania issued very few sanctions during this period, so relasotisaat
sanctions appear to have prompted most of the exits during this period. The studyuggalts s
that a decreasing unemployment rate was responsible for most exits. Daegbastudy chosen
occurred before the five-year lifetime limit on benefits, introduced byatneHad taken effect.

It is therefore difficult to generalize from these results to the tsftefche full public assistance
eligibility changes that occurred.

Culhane, Wachter and Lee (1996) studied variation in homelessness at the census tra
level within New York City and Philadelphia and found that in high-income census trad¢svi
York City, mean public assistance income of a census tract was positselyaed with
homelessness, while in low-income tracts it was negatively (but not sigilficassociated
with homelessness. In their discussion of these findings the authors arguachtgatincome
tracts, the measure of public assistance program inclusion wasdd@lyunded with poverty, a
strong risk factor for homelessness.

Studies of inter-city (or inter-metropolitan area) variation in homelesdmave measured
the proportion of the population that receives program benefits. These studieschave ha
inconsistent findings on the relationship between inclusion of cash assistaneenzragd
homelessness rates. While Burt (1993) found a negative association withl@oimcLee,
Price-Spratlen and Kanan (2003) found that the AFDC inclusion rate was a posttincéop@af

homelessness. Tucker (1987), Quigley (1991), Honig and Filer (1993), Hudson (1998), and
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Gould and Williams (2010) found no significant effect for the various measures of public
assistance program inclusion used in their models.

Housing Subsidy Program Inclusidn. studies of variation in homelessness rates,
measures of housing subsidy spending and inclusion that are standardized byrtdie gene
population have been either non-significant or positively associated with hemesdss Of
several studies that have included measures of housing subsidy programnpnttuse did not
find any significant association with homelessness rates (Tucker, 1987;yQuR®®; Burt,

1993), while one study found a positive relationship (Troutman, Jackson and Ekelund, 1999).

Two other studies suggest that the relationship between housing subsidies antedteir ef
on the homelessness rate may be limited to housing subsidies targeted to veayngies:. f
Early and Olsen (2001) found that the percent of subsidized housing units going to households
with incomes less than $5,000 (in 1995) was a negative predictor of homelessnessilates
the availability of subsidized housing was not significant. This study developedhfeom
findings by Early (1998), who identified a mismatch between the incomes of halsahakk
for homelessness and the income eligibility criteria of federal housbsidy programs. The
author modeled homelessness as an outcome of individual characteristics andrcdtars.of
city of residence. The income levels that were associated with risk ofdéssness in the model
were compared to incomes of households eligible for housing subsidies. This comparison
showed that a large proportion of households eligible for housing subsidies were not at risk of
homelessness. The conclusions of both of these studies was that housing subkahbshaive
a stronger impact on homelessness rates if they are targeted to households in ti8daies

incomes.
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These findings suggest that a measure of housing subsidy inclusion for households with
very low incomes may be more significant in modeling homelessness thawdardtemeasure of
inclusion. The positive relationship found previously between housing subsidy spending and
inclusion may be due to the fact that housing subsidies are allocated aconliegieral
formula which primarily depends on the level of poverty in a community. Meadunesising
subsidy inclusion standardized by the general population may act as a paswreier the
level of poverty in an area.

Benefit adequacyAuthors of previous studies of variation in homelessness rates have
expected the adequacy of benefits for poor households to be negatively assodmated wit
homelessness.

In a time series analysis of a period of increase in public shelter usevilvdik City,

Cragg and O’Flaherty (1999) found that the falling value of welfare benefgone of multiple
factors that led to the increase in the New York City family shelteusdrmstween 1990 and
1993.

Studies of inter-city variation in rates of homelessness that have included benef
adequacy among the predictors have had mixed results regarding the relationstgm betw
benefit levels of various programs and homelessness, with some studies findinya posi
association with homelessness (Burt, 1993; Gould & Williams, 2010; Honig & Filer),1993
some finding a negative relationship (Honig & Filer, 1993), and others failingdafi
significant association (Bohanon, 1991; Lee, Price-Spratlen & Kanan, 2003; Hudson, 1998,

Early & Olsen, 2001).
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Next, this chapter will review findings from individual-level and commuretel
research on other elements of the multidimensional model of homelessness, includimg hous
market, economic, demographic, and public health factors.

Housing market factors. Both individual-level and community-level studies have
identified housing factors as key predictors of homelessness outcomes. While indexdual
studies have focused on households’ housing stability, connection to the housing market and
receipt of housing subsidies, community-level studies have focused on rent levetsy stmack
characteristics, housing tenure, and vacancy.

Individual-level studies. A comparison of housed and homeless families with children
(Shinn et al., 1998), found that demographic characteristics and housing factors, including
having one’s own apartment, crowding, mobility, and serious building problems, were the
strongest predictors of whether families were or were not experiencimglessness. Bassuk et
al. (1997) found that three housing history factors were significant predictorsultizaneable
model of family homelessness: rent mobility, recent eviction, and being arptienant.

Community-level studies. A primary hypothesis tested in community-level studies of
homelessness has been the importance of housing affordability, which is deddwynare
interaction between housing costs and household incomes. Thus measures of housing costs have
been included in almost every one of these studies, whether as a simple measdi@mmiental
costs (Lee, Price-Spratlen and Kanan, 2003) or as a contributor to a more comphd& varia
measuring the ratio of low-income renters to low-rent apartments (Burt).1993

Among studies of inter-city variation in homelessness rates, the singletisady
excluded rental costs from its list of predictors was conducted by Tucker (19®7argued that

rent control decreased housing availability and affordability and increaseddssmess rates by



23

decreasing incentives for developers to build or landlords to maintain low-coshi@mnang.
His statistical methods were criticized by several scholars (uityP91; Applebaum, Dolny,
Dreier and Gilderbloom, 1991) who revisited his analysis and found that the sigreffament
control was a spurious result; other housing market characteristics suctahsastst rental
vacancy rate, or percentage of renters were significant.

Other studies of variation across cities and metropolitan areas have culysistend a
positive relationship between rent levels and homelessness rates. Quigley Bo®@hpn
(1991), Honig and Filer (1993) Hudson (1998), Troutman, Jackson and Ekelund (1999), Quigley,
Raphael and Smolensky (2001), Quigley and Raphael (2001), Early and Olsen (2001), Lee,
Price-Spratlen and Kanan (2003) and Fertig and Reingold (2008) all found that metiaarre
rental costs in the 0percentile were positively associated with homelessness. Other studies
found similar results for the presence of low-cost rental housing (Elliot awd, K991), for the
difference between median rents anl p@rcentile (lowest cost) rents (Grimes and
Chressanthis, 1997), and for the ratio of rent to income (Raphael 2010).

Many of these studies have also considered rental vacancy rate as an inmpaisarg
market factor, expecting that it would be negatively associated with hesneks, as greater
numbers of available housing units would increase the ability of households to locate .housing
Several previous studies of inter-city variation have found rental vacancy rate sggbédieant
and negative predictor of homelessness rates (Quigley, 1990; Hudson, 1998; Troutman, Jackson
and Ekelund, 1999; Quigley, Raphael and Smolensky, 2001); however, vacancy rates were non-
significant in other models (Applebaum, Dolny, Dreier and Gilderbloom, 1991; Honigland F

1993; Early and Olsen, 2001; Lee, Price-Spratlen and Kanan, 2003).
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However, studying variation at the census tract level, Culhane, Wachteeair(ti996)
found the opposite result, that the vacancy rate was positively assocititdtbmelessness.

The authors also found a positive association between the proportion of boarded-up buaildings i
a neighborhood and the homelessness rate. They found a positive relationship between
overcrowded housing and homelessness. They argued that families weriahpte tome

from areas where households were crowded, where housing was sitting vacant dleitawuse

poor condition.

Several other housing market characteristics indicate conditions thabaght to be
precedents of homelessness: rental tenure, residential mobility, arldgarec The percent of
households that are renter-occupied has at times been found to be a significant aed posit
predictor (Appelbaum, Dolny, Dreier and Gilderbloom, 1991; Hudson, 1998) although it has not
proved to be significant in other models (Troutman, Jackson & Ekelund, 1999; Culhane, Wachter
& Lee 1996). Lee, Price-Spratlen & Kanan (2003) found residential mobility posigvely
associated with homelessness. Foreclosures create housing instabigtytérs in foreclosed
housing units (Been & Glashausser, 2009) as well as for owners, who may have ¢o tieeent
housing market as renters, making the rental housing market more competitive.

Economic. Along with housing market factors, economic factors are contributors to
housing affordability and therefore play an important role in a multi-dimensional wfode
homelessness. Individual-level research has demonstrated that hommeikss éand individuals
experience homelessness when they have very low incomes and are therefpippkd to
compete in housing markets. Burt (1993) reported that in a 1989 survey of people expgrienci
homelessness, women with children were found to have had a mean income of $121 in the 30

days before the survey, equivalent to a $1452 annual income if that income remainedthe sam
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for 12 months. Bassuk et al. (1997) found that a sample of homeless families had a mean annual
income that was not only very low ($7900 in 1995), but was also approximately $2,000 less than
the mean annual income of a housed comparison groups.

Like housing market factors, the findings on the significance of individual economic
factors in community-level models have been mixed. Although some studies have not found
poverty to be a significant predictor of homelessness (Appelbaum, Dolnyr Rreie
Gilderbloom, 1991; Elliott & Krivo, 1991; Burt, 1993; Honig & Filer, 1993; Grimes &
Chressanthis, 1997; Raphael, 2010; Lee, Price-Spratlen & Kanan (2003), when é@rhfmsibd
to be significant, poverty rate has been positively associated with homskgugley, 1990;
Troutman, Jackson & Ekelund, 1999; Quigley, Raphael & Smolensky,2001; Hudson, 1998;
Early & Olsen, 2001.)

The unemployment rate had a similarly mixed set of results, with seualasstinding
unemployment to be a significant and positive predictor of homelessness (Appelbanyn, Dol
Dreier and Gilderbloom, 1991; Bohanon, 1991; Burt, 1993; Hudson, 1998; Troutman, Jackson
and Ekelund, 1999; Gould and Williams, 2010), and others finding it to be non-significant
(Quigley, 1990; Quigley Raphael and Smolensky, 2001; Lee, Price-Spratlen amj R@03).

Culhane, Wachter & Lee (1996), in a study of variation in homelessness across census
tracts, found that poverty rate was a positive predictor of homelessness, whitethgioyment
rate was non-significant. However the authors did find labor force non-partaipa be
positively and significantly associated with homelessness. The authorswaisittat while
poverty was positively associated with homelessness, as predicted, mediag weoalso a

positive predictor. The authors concluded that in this study within a single cigriafion
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across census tracts, median income was acting as a measure of tightreessusing market.
The rent-to-income ratio was also found to be positively associated with lssmeds.

Demographic. In addition to structural factors such as poverty rates and rental housing
prices, multi-dimensional models of homelessness assert that some househaldgeater risk
for homelessness than others. Among household characteristics that have beerdidsrigk
factors, demographic characteristics are the easiest to measurpaptitegion, as these
characteristics are regularly identified by surveys and censuses.

Individual-level studies have shown demographic characteristics incluatieda affect
risk of homelessness among individuals. People of Black race and Hisparidyetiave been
found to be overrepresented among people experiencing homelessness (Burt and Cohen 1989;
Rossi, 1989; Burt, Aron & Lee, 2001).

Risk of homelessness associated with demographic characteristicgpdaoea in a
study of variation across census tracts; the proportion of African Ameridapanics, and
female-headed households with young children were each found to be positigelgtasiswith
homelessness (Culhane, Lee and Wachter 1996).

In studies of variation across cities and metropolitan areas, results fogidgic
characteristics have been less consistent. While one study (Elliot aad X3D1) found the
percent of the population that is African-American to be a positive predictor oldssness,
several others (Burt, 1993; Early and Olsen, 2001; Lee, Price-Spratlen and Kanan, 2003;
Raphael, 2010) have found it to be non-significant. Similarly mixed resultSovere for
female-headed households and age groups under 18 and over 65. Two studies (Burt, 1993; Lee,
Price-Spratlen & Kanan, 2003) have found single-person households to be a positiverpredict

homelessness. They suggest that people living in single person-households ailkeemaoe |
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have conditions such as mental iliness or substance abuse problems that incnadealindk
for homelessness and that single-person households may also make housing magkets m
competitive by consuming more housing units per person.

While veteran status has not been frequently included in studies of inteacéton in
homelessness rates, there is some evidence that in general, veteransyrapgatigreater risk
of homelessness than poor non-veterans (Fargo et al., 2012). However, veteras famili
constitute only 2.1% of homeless families, the outcome of interest for this studyeiaggéart
of a family appears to be a protective factor against homelessness fagrhath &nd male
veterans (Culhane et al., 2011).

Health. Health conditions play a role in a multidimensional model of homelessness, as
household-level characteristics that increase risk for homelessnesklitioneto any
vulnerability that a health problem may bring due to changes in ability to warkeorel of
functioning, medical conditions can bring financial shock to households, precipitatipgsades
of homelessness.

While homeless single adults have been found to be more likely than their housed
counterparts to have mental illnesses or substance use disorders (Culhayteariveladley,
1997), this comparison for homeless families has not had such clear results. Peesalenc
mental illness and substance abuse is much lower among adults in homeless tharliamong
people who are homeless as single adults (Burt, Aron & Lee, 2001; Shinn and Weitzman, 1996).
While Bassuk et al. (1997) found groups of homeless and housed families to be significantly
different in their rates of mental illness and substance use, Shinn et al. (1998nfaund i
comparison of families in poverty that did and did not enter shelter, that neithtal ifieess,

substance use disorder, nor medical condition were significant predictorstef shéty.
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Health factors have not appeared to be strong predictors of variation in comhaueity-
studies of homelessness rates. Although several studies tested varialnresathaed
hospitalization rates for substance abuse or mental illness, only one found aasigrefcilt: the
size of the institutionalized mental health population (Bohanon, 1991).

Thus, while health factors have been identified as risk factors for homekegsnes
general, their importance in modeling homelessness among families is redrasuet! will be
tested by inclusion in this study’s model of family homelessness.

Data sourcesfor studies of inter-city variation

National studies of homelessness rates at city, metropolitan or staserézpere
estimates of homelessness obtained through standardized methods across a larggf numbe
areas. Estimating numbers and rates of people experiencing homeléssnessn a
challenging task, with several obstacles involved. First, enumerators, advadtgovernment
officials have disagreed about meaningful definitions of homelessness; setiabts methods
of locating and enumerating people who lack fixed addresses have been difficuildjto aled
third, geographic units in which people experiencing homelessness have been edlinaseat
sometimes been incomparable to more commonly used units, such as Census geoghaphies
could be used to give contextual information for an enumeration, such as the total population t
be used in calculating homelessness rates.

The first estimates and enumerations of homelessness were conducted within
metropolitan areas or cities of a minimum population, which limited their repiedseness by
excluding non-metropolitan areas, or smaller cities and rural areas. Fheacent estimates
have been created by the Department of Housing and Urban Development (HUD), using

enumerations reported by coalitions of homeless service providers across thg cbhese
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coalitions of service providers are called Continuums of Care (CoCs), andd¢heformed in
response to requirements of HUD, which provides federal funding for local honmeiésses

Since 1987 the federal government, under the McKinney Homeless Assistar@sAct
been providing financial assistance, awarded by HUD through competiéints gto providers of
homeless services such as emergency shelters. In 1994, HUD changed tappdication
requirements; applications from individual providers were no longer accepted. Prooidlers
only apply for grants by organizing with other service providers in their contynato CoCs.
This change was intended to encourage providers of services to different lsomeles
subpopulations to make community-wide plans and coordinate their efforts. CoCslarepma
of public, non-profit and private organizations that serve people experiencing hemeskssuch
as shelters funded and managed by a city government, religious organizatiqng\tiaie
shelter or other services, and non-profit organizations that provide shelter, trahBiigsiag,
or permanent supportive housing.

CoCs, because they are organized by service providers that have linked togetlker to ma
services in a community more coherent, may be small in denser areas, orgeite less
densely populated areas. Approximately 9% of CoCs comprise the area witlyia a ci
boundaries (e.g. New York City or Philadelphia). Approximately 52% of CoCs csergpri
county (e.g. El Paso County, Colorado). Most of these cases are urban countiesseVairty
percent of CoCs comprise multiple counties. These may be rural counties, dure iix
suburban, rural and urban counties. In only 6 cases, the CoC comprises an entifénstse
states have relatively small populations, such as North Dakota (HUD 2009)

HUD guidelines for the formation of CoCs recommend that CoCs should aim to provide

each of the following types of service: homelessness prevention, outreacheeecyeshelter,
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transitional housing, permanent supportive housing, and permanent affordable housing. While
not all CoCs currently provide all of those services, many of them are made up ietyaofar
types of service providers. For example, the Philadelphia CoC is led by the City of
Philadelphia’s Office of Supportive Housing, a city government agency thatesgdise daily
operations of the CoC, submits the application for funding, and administers funds to other
agencies within the CoC. In 2009, the Philadelphia Continuum of Care was awardefbgrants
94 different agencies to provide shelter, permanent housing, and/or supportive serviopketo pe
experiencing homelessness. (HUD 2012)

Because CoCs are expected to plan for year-round service needs, a primatoy fof
the CoC is to collect data on people using homeless services, in CoC-wide dataliedes
Homeless Management Information Systems (HMIS). HMIS record individndigamilies
using homeless services, and allow unduplicated enumeration to be made of these Isdividua
and families. In addition to enumeration of people using services through HMIS, feoCs a
required by HUD to conduct an enumeration of people who are homeless in places notimeant fo
human habitation, such as parks, streets, or train stations. HUD uses these emanerat
create a nation-wide estimate of sheltered and unsheltered homelessness.

Before 2005, very few large-scale estimates had been made of homelesdrtbss a
existing estimates had serious methodological flaws. Data sources felelsness estimates
have used problematic methods of sampling and estimation. Most previous studiegiohvaria
in homelessness rates across cities relied on one of three estimates eShoesst the 1984
HUD estimate of homelessness, the 1990 Census S-Night Enumeration, or the 1989 Burt surve
of shelter beds. Each had flaws that make them problematic for use in studies aplgieogr

variation.
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The 1984 HUD Estimate of homelessness was based on a survey of local experts in
homelessness in 60 metropolitan areas, reporting on the size of the homeless popukaion i
area (Ranally Metropolitan Areas, which differ from the Census Metropolitdistial Areas).

This estimate is problematic for use in comparing rates across metnopoéts because it did
not rely on any standardized method of enumeration. The estimate was furitizedriiecause
it was conducted in only a limited number of metropolitan areas, excluding apprdyigve
Critics also argued that while experts were asked to provide estimaten@thksness in the
central city areas they were familiar with, these estimates apgrieed to entire metropolitan
areas, thus underestimating rates of homelessness in the population (AppelbawynD Rodr
and Gilderbloom, 1991)

A second source of homelessness estimates was a 1989 survey of shelter beds, covering
182 cities with populations greater than 100,000. The survey was conducted by contacting
providers of shelter and requesting information on the current shelter capacityacitmaf this
survey enumerated shelter beds instead of persons experiencing homeleskagds ma
problematic for use in studying variation in homelessness, because it does not provide
information on unsheltered homelessness, and does not reflect turnover in shelter bedsdor unus
beds (Burt, 1993)

The third data source, the 1990 Census S-Night count, was not intended by the Census
Bureau to be an estimate of total homelessness, but was an effort to includemeless
people in the decennial census. However, it has been used in approximately ssxa$tudie
variation in homelessness rates. The S-Night enumeration was conductedgeneymshelters
and in outdoor locations where homeless people were expected to be seen, within ntisicipal

with populations over 50,000. Communities under 50,000 were not required to participate in
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enumeration, although some smaller communities did so voluntarily (Taeubereget $991).
Critics of this estimate argued that because the focus of enumeration wasnuiaities of
populations over 50,000, homelessness in smaller areas was undercounted. Evaluations of the
effort found that enumeration of unsheltered homelessness was not conducted dgreststest
sites, with enumerators in some sites failing to interview people or to adgaquaateass
assigned areas (Quigley, Raphael & Smolensky 2001, Lee, Price-Spradl&anan, 2003).

Since 2005 the data available on homelessness has improved considerably, as HUD has
begun producing annual estimates based on enumerations that occur in a large number of
communities of diverse size and urbanization. These estimates, obtained througlednandat
reporting, use more reliable and standardized methods of reporting andiegttiveat those of
previous estimates. Point-in-Time counts, enumeration of sheltered and uerdhali@eless
individuals in a given area are conducted annually. For the estimate used tiudynishe count
was conducted on a single night in January 2009 by 425 CoCs in the U.S. Very few national
studies to date have made use of the new HUD annual Point in Time estinagteselR2010)
used state-level estimates to study the impact of housing constructicaticegubn
homelessness rates and Moulton (unpublished) used estimates from 2005-2007 to model
variation in rates of chronic homelessness. These estimates have not previensigdoketo
model rates of family homelessness at the CoC level.

In addition to CoC-level data, this study also makes use of state-level data an publi
assistance programs and other topics. Both CoCs and states are used as geogsaphic uni
interest in this study. CoCs are used because they are the smallegplgeagri at which

homelessness is nationally measured, and states are used because gidhamémas units at
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which some public assistance policies are made. The next section reviewpplidy
literature on state-level public policy variation.
Public Policy Literature

Public policy literature has established states as an important gecdesethiat which to
study public policy in the United States, due to important variations that occur in ssaeefr
public policy at the state level, such as education and public assistance pr@&jrarkar{sky
and Hofferbert, 1969).

The literature has produced a wide range of explanatory factors for tiaisorar
Political factors have been most frequently discussed, including stategbalititire (Elazar,
1984), ideology of the state’s citizens, ideology of the state’s governmasialsf{iBerry, 1998),
and political participation (Hill, Leighly & Hinton-Anderson, 1995). Othertypf factors have
also been examined including racial and ethnic composition and the degree ofydiveénst
state (Hero and Tolbert, 1996) and economic factors such as level of wealtlg(H@&8ah).

Because of the degree of state-level variation in policies governing pubitaase
programs, this area has been the policy area of focus for a number of scholang stiadgilevel
policy variation. Although programs such as AFDC and TANF have been regulatesl by t
federal government, a substantial amount of autonomy has been held by stateminidgte
eligibility policies and benefits levels. Hanson (1983) argued that to ignostsatieelevel
variation in public assistance policy choices governing eligibility and bdeeéls was to ignore
the content of policies that had important implications for citizens who receive psbistance
benefits — which citizens receive benefits, and what value those benefits havéatand t
knowledge of this varied content was also essential to understanding the politieaspsothat

created the policies.
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While this study does not focus on causes of variation in state level public assistance
policies, in the process of testing explanations for why some public assiftatme appear to
be significant predictors of homelessness, the study does investigats that may be
covariates of public assistance policies, and may help to explain the role of tlteggsldtance
factors in the model.

Clustered social policy approaches. Studies of variation in state-level public assistance
policy have assumed that there are patterns and similarities in stdtpeléwechoices among
different public assistance programs. Several of these studies havenal@anwo measures of
public assistance programs, such as benefit levels of AFDC, and allowed thaislesao stand
in for a broader assessment of the qualities of the state’s public asspstacies (Hill, Leighley
& Hinton-Anderson, 1995).

Meyers, Gornick and Peck (2001) observed multiple qualities of social policy
characteristics simultaneously, and described more complex patternspabisassistance
programs. They compared social policy packages across states and found thadlzelarge
amount of variation across the states for all the dimensions of social politcidsetheneasured,
especially in inclusion rates. They found that correlations for inclusion measuoss different
programs were inconsistent: strong for one pair of programs, and moderate or wehkrfor
pairs (470). They found that in some cases, association between measures ohiachosis
programs was positive, and in other cases, correlations were negative.

The authors organized states by clusters according to multiple chistast®f their
social policy packages. The clusters are not a simple linear arrangeoneiré$s generous to
more generous, however they found a general trend from the first to theigast of less to

more spending.
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Cross-program enrollment effects. Research on public assistance programs and their
effects on one another have found that rates of enrollment in one program affeut rates
enrollment in other programs, because enroliment increases the likelihoocifhants gain
information about their eligibility for other programs, and assistance in aggigi benefits
from other programs.

This phenomenon has been observed among different public assistance programs for
some time. Yelowitz (1996) found that expansion of Medicaid eligibility for childrene late
1980s that led to increased Medicaid enrollment from 1988 to 1993, led to an expansion in food
stamp benefits, as families who enrolled their children in Medicaid becaare af their
eligibility for food stamps, although food stamp eligibility policies had not gédn

A 1999 report on the impacts of welfare reform on outcomes for single mothers found
substantial evidence that fewer eligible families were enrolling iIAFSprograms, as a result of
decreasing enrollment in AFDC/ TANF because families who stopped receivihig not apply
for TANF benefits were not aware of their eligibility for the SNAP paogiBeebout, 1998;
Primus, et al., 1999). The report cited Congressional testimony that approxinadtelithe
decline in enrollment in food stamps from 1994 to 1998 was associated with the reduction in
enrollment in the AFDC/TANF program. A Congressional Budget Office rép8&8) stated
that reductions in food stamp enrollment could not be fully accounted for by changed in f
stamp eligibility rules, or by changes in the unemployment rate. An encaludta welfare
reform demonstration project found that many families that stopped receiving B&mxdits
also stopped receiving food stamp benefits, despite the continued eligibilityro&jbety of

them for food stamp benefits.
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Application to the current study. This study extends the concept of social policy to
include the provision of public shelter to people experiencing homelessness, and shggests t
just as correlations have been found between inclusion of various public assistarm@frog
there may be a moderate correlation between a public assistance pdiieg SJUENF inclusion
rates and the rate of shelter bed provision (number of shelter beds per persontyn)pover

This study will explore the possibility of such a correlation between publistasse
measures and shelter bed provision. If such a correlation existed, it wouldoztentbie
conception of the relationship between public assistance factors and homeledseses$
communities within states that have more generous public assistance ppoyjcaes tend to
respond to the need for emergency shelter by operating more shelter besisultiibe
expected to affect the measured level of homelessness in a community, beeawselter of
sheltered homeless families is limited by the number of family beds provitled &/ public
shelter system. Families that are unable to stay in shelter becausedbges of shelter beds
may experience homelessness in other settings in which they would be muikelg$s be
included in an enumeration.

This study also extends the findings on spillover effects from one public assistanc
program to another. Public shelter could operate in much the same way as a pstdiccass
program, in which enrollment and interactions with program staff may serve toe@ducat
households about their eligibility for public assistance programs, and may paovéshele for
assistance in application for benefits.

There are reasons to expect that in many communities, enroliment im sbeltees may
lead to an increased rate of enrollment in public assistance programs. Weeemevided in

many family shelters is assistance with access to public assistéinesefore, the provision of
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emergency shelter or transitional housing services could increase thdipropbfamilies
applying for public assistance, which would contribute to a positive relationshipdetiae
homelessness rate and rate of receipt of public assistance benefits.

This may occur as local governments or organizations of homeless servicergroyide
to seek more long-term housing solutions for households that apply for emergency shelter
Strategies to assist families in accessing housing are liketgltadie application for public
assistance programs such as TANF and SNAP. Local governments may\Jstaeddt
encourage and assist households to apply for state public assistance prograrearasta
enable them to increase their income, obtain housing, and exit shelter. One exahiple of t
phenomenon was well-publicized in tNew York TimesIn 1991 a lawsuit against the New
York State agency managing the AFDC program resulted in a judge’stbad&FDC
recipients threatened with loss of housing due to inability to pay rent could apphhitex s
grant increase from the state. The city agency managing emergeriey lsbgan an official
program to refer applicants for shelter to legal aid services to help thyfar the shelter
grant increase.

Currently, many communities are using “Ten Year Plans to End Homelg’stmetan
and coordinate homeless services, most of which highlight the need to assigtsisomel
households to apply for public assistance. Of the 90 plans that were studied in a 2006 report,
30% articulate a plan to assist homeless families to apply for TANFitse@efd 43% state that
they will assist households to apply for SSI benefits (National AlliancadoHomelessness,
2006). It is clear that the use of shelter within a community could be asdomidtéhigher
inclusion rates for TANF or for SSI due to households being informed of thebiktjgior one

program due to their enrollment in the other.
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Summary

In summary, hypotheses about the effects of public assistance inclusion and yadaquac
rates of homelessness have been raised in debates over policy change ingstalicas
programs, but the social welfare policy and homeless policy literatures hgwewided
sufficient empirical evidence to inform those debates.

Individual-level research has demonstrated that homeless families hgvewer
incomes, and that public assistance programs can be a protective factor agastesdress,
although the benefits provided by these programs are not always sufficielft tarhidies avoid
homelessness. In addition, this body of literature has shown housing subsidies to beiaeprotec
factor against homelessness for families. Demographic and health dhistiesteave been
shown by individual-level studies to be factors that can increase the risk ofelssmesds for a
household.

The multi-dimensional model of homelessness that has emerged from a number of
sources in the field of homelessness research highlights the importanoceahecand housing
market factors that determine housing affordability in an area, in altetieg) of homelessness.
When these factors have been significant in modeling homelessness rates bosisi and
poverty measures have both been positively associated with homelessned3ulblies
assistance programs have the potential to alter housing affordability bgsimgréncomes or
lowering housing costs. Community-level studies have had mixed results for msidtaace
inclusion and adequacy measures, sometimes showing positive associations wldssioess,
which contradicts individual-level findings.

The literature on public assistance policies lends support to two possible explafuations

the positive correlation between inclusion rates and homelessness ratesousptidies. First,
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public assistance policies may have some correlation with policies goveneitey £ffort.
Communities that make greater effort to provide public shelter to fanmliesad may also be
communities that maintain higher inclusion and adequacy for their public assigt@grams.
The resources committed by communities for public shelter may be calreiitehe
community’s inclusion rates for public assistance programs. In areas in wtligsion of

eligible families in TANF is low, for example, public investment in shetiepbor families may
also be low. If this were the case, it would also lead us to expect a positivatssdetween
homelessness rates and public assistance inclusion rates, since hoselasss@re determined
in part by how many public shelter beds operate in an area.

Two schematic diagrams depict possible relationships between publicrassistéicies
and shelter effort. Figure 1 displays a relatively simple relationshigebatpublic assistance
policies and homelessness rates, with public assistance policies gffemtisehold income and
the ability of households to afford housing, which then in turn affects the family hssness
rate.

In contrast, Figure 2 displays a more complicated relationship, with pgblstance
policies correlated with community effort to provide shelter for famitieseed. The shelter bed
rate, by limiting the number of families that can access shelter, in tuotsaffie number of
families in shelter, and therefore the number of families enumerated intarptime count. (In
this model, families who are not able to obtain shelter will continue to be homelesd| bat w
less likely to be enumerated, as they may move from one living situation to anothertaalt
family homeless rate will be less). Initially models will bstéel that will assume the

relationships between public assistance policies and family homelesstessare simple, as
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displayed in Figure 1. Later models will go on to test the more complicatechbgjrsd
relationship displayed in Figure 2.

As Meyers, Gornick and Peck described clusters of state policy paclssgeays of
indicators, each with a distinctive approach, a consistent relationship igpected between
shelter effort and inclusion or between shelter effort and adequacy. Ratlexpéeded that
shelter effort would have associations with different programs that varied cti@rand
strength.

Second, public assistance enrollment could be increased by higher levels ofusieglter
as families using shelter are informed of their eligibility for publgistance benefits.
Engagement with a governmental social service such as a homeless shelterccease the
proportion of families that apply for benefits for which they are eligiblee drovision of
emergency shelter or transitional housing services could increase theipropbfamilies
applying for public assistance, which would contribute to a positive relationshipdvetiaee

homelessness rate and rate of receipt of public assistance benefits.



Figure 1: Theoretical Schematic, Model 1
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Figure 2: Theoretical Schematic, Model 2
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3. Resear ch Design and M ethodology

This chapter begins by describing the goals of the study, providing definitiong of ke
terms, and listing the research questions and hypotheses that motivate th& kaudigapter
goes on to summarize the research design of the study and describe the dgmehdent
independent variables. It then describes the different geographic units ofsaatbestch set of
variables, as well as the methods used to match these geographic unitteta shegle dataset.
The chapter summarizes the multilevel modeling methods that are used insanBhesichapter
then discusses the research questions that are the focus of the study, and ouitfitia$ the
hypotheses that will help to structure the analysis and discussion.

The study contributes to the literature on homelessness by identifyingsfassmciated
with family homelessness, while most previous research of this type hastmgjuished
between different types of homeless households, due to the lack of data on homeless
subpopulations. The study also provides a unique contribution by exploring the importance of
public assistance programs, which have shown inconsistent results in previous studie
Investigating the connections or lack of connection between various measuresof publ
assistance programs and family homelessness will address the questathar this existing
set of public policies has the potential to affect family homelessness rat

To fill in some of the gaps in the literature on community-level predictors offyffam
homelessness, the study observes relationships between communities’ hoseledsaand a
variety of factors such as poverty rate, percent of the population that isnAmsarican, and
rate of admission into substance-abuse treatment. By including a wiéeafgnassible
community-level social and economic factors, the study attempts to detenhether there are

factors that tend to vary along with family homelessness rates.
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Factors are identified that are most important in explaining the variatiamily
homelessness rates across communities and compare these factors wittettidisel in
previous studies of homelessness in the general population. The study specifioakg foc
several measures of public assistance programs at state and comeveahgtytd assess whether
these programs, intended to mitigate poverty, can make family homekessoresor less
prevalent at the community level, through the number of households that they servewlthe |
of benefits that they provide.
Definitions

Because the data used for this study are reported by HUD, the definitidrfeuse
homelessness, homeless families, and sheltered and unsheltered homelesshess used by
HUD in 2009 for collection of data on homelessness.

The 2009 HUD definition of homelessness includes people who are homeless in
emergency shelters and transitional housing, and people who are homeless ingblamemnt
for human habitation (HUD, 2007). HUD’s definition and estimates do not include people who
are living temporarily with family or friends, people living in other tempokrarysing situations,
such as a motel, or people who are unstably housed. The discussion in this dissertation of

homelessness rates also excludes those gtoups.

'*HUD's official definition of homelessness changed in early 2012 to include people Who wi
lose their housing within 14 days, and families with children who are unstably housed on an
ongoing basis. This new definition has been used in legislation to set guidelineglointyefor
assistance through federally funded homeless programs. This means that persoas who a
precariously housed, such as those who are threatened with eviction, can be assisted by
homelessness prevention programs funded by HUD. This change in definition occeirédukaft
period of study for this research, and has not changed the HUD’s methods ofi@stahat
homelessness (National Alliance to End Homelessness, 2012).
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An unsheltered homeless person is someone who is living in a place not meant for human
habitation such as the street, a train station, a car, or an abandoned building. Adsheltere
homeless person is defined as someone who is living in an emergency sheltensitiartal
housing program for homeless persons.

HUD defines a homeless family as a household experiencing homelesghestdeast
one adult and one child. Other households are defined as homeless individuals: single adults,
multi-adult households, and unaccompanied youth.

Emergency shelter and transitional housing are two types of residentiaks provided
to homeless families. Emergency shelters are generally faciitiech families can enter
immediately, with fewer services. Transitional housing programs genprailide longer-term
and more supportive residential services to families. Both are temporaryditiagons in
which families are considered homeless.

Resear ch Questions

Several research questions are investigated in this study. First, aahtzaelly
homelessness is constructed and comparisons are made to previous studies thatibked
total family and non-family homelessness. How does the model of family éssneks rates
support or contradict findings from these previous studies?

Question 1. How do individual factors identified as significant predictors of
homelessness in the general population perform in a model of family homelessness2v Ar
predictors identified that were not previously significant?

Hypothesis 1. It is expected that cost of rental housing would be positively associated
with homelessness and that housing vacancy rates will be negatively asbodiiat

homelessness rates, as has been found in some previous studies.
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It is also expected that poverty rate will be positively associatddhoimelessness rates
and that unemployment will show a significant and positive association wittyfamil
homelessness. However, it is expected to show a weaker association withsknass¢han the
poverty rate as not every household that experiences unemployment becomesadhouse
poverty.

The proportion of the population that is African American, and the proportion of female-
headed households are expected to be significant positive predictors of familgssmass as
these groups have been identified in community-level and individual-level reseb@ingst
elevated risk of homelessness.

The prevalence of medical conditions and substance abuse will likely be highlgteoire
with poverty and will not provide much explanatory power in addition to poverty rates.

Question 2. What is the direction and significance of measures of public assistance
programs in this model of family homelessness?

Hypothesis 2. In general, homelessness is expected to be positively associated with
measures of inclusion of public assistance programs, as has been found in some pueNésus s
of variation in homelessness rates.

The adequacy of states’ average benefit level for TANF, SSI and SNAPtbemefi
expected to have negative associations with the rate of homelessness. Householdsrtlzat obt
more generous benefit level should have a greater ability to afford housing costsddds
more frequently able to weather financial crises that could threatemltiigy to pay rent.

In general, TANF rules that affect inclusion or adequacy rates are expeotdiédt the

same positive relationship as inclusion rates with homelessness. Howeweisebthese rules
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should impact inclusion or benefit adequacy, they are likely to drop out when added to a full
model that already includes measures of TANF inclusion and adequacy.

Question 3. Shelter effort is added as a control variable to the model of homelessness to
assess its impact on the public assistance variables of interest. Dolegicowath shelter
effort fully account for a positive relationship between inclusion of publictassis programs
and homelessness rates?

Hypothesis 3. When the shelter-bed measures are added, any positive and significant
relationship between public assistance inclusion and family homelessmessepgiected to
become smaller or non-significant, and any negative relationship betweengasdtance
adequacy and the family homelessness rate are not expected to change.

Question 4. Does testing the rate of unsheltered family homelessness instead oé the rat
of total family homelessness result in a non-significant or negativeoredaip between public
assistance inclusion and family homelessness?

Hypothesis4. When the unsheltered rate of family homelessness is modeled, the
relationship between public assistance inclusion and homelessness is expdeteddse or
become non-significant, while the relationship between benefit adequacy alyd fam
homelessness is expected to remain significant and negative.

Question 5. When the sample of communities is divided into areas of higher poverty and
areas of lower poverty and into urban and non-urban areas, how do predictive factors change
when the observations are limited to these stratified samples?

Hypothesis 5: In areas of higher poverty, measures of adequacy of public assistance
programs are expected to become stronger predictors of homelessnessthesays®grams

will affect a larger proportion of the population in high-poverty areas.
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In areas of lower poverty, housing market factors are expected to beconyest
predictors of homelessness because homelessness will be driven lessbgrtteeand poverty
and more by the limitations of the housing market, such as availability, qualitypstnaf ¢
housing.

The models are expected to be similar for urban areas as for the ngéd daut in non-
urban areas, housing market factors are expected to become less impaitamoverty and
public assistance variables will become more important in the model.

Resear ch Design

The study uses a multi-level (hierarchical) regression analysis ocmtemunity
variation in point-prevalence rates of family homelessness, examining &y wrsecial and
economic factors to identify those that are significant in predicting \ariat family
homelessness rates. The study of economic, political, and social fhatgpsedict variation in
homelessness rates across geographic units has been reported in a number of judiei®us s
This design is developed further by the use of multilevel methods to accumatedy rates of
family homelessness, measured at the CoC level and affected by father€atC and state
levels. The study uses two levels of analysis. The first level, at which é&snekbs rates are
measured, is the CoC. The second level, at which some public assistance pelitiadey is
the state level.

Dependent variable

The dependent variable for the study is a measure of the point prevalence pf famil

homelessness: the total number of family households experiencing homelessnéss in bot

sheltered and unsheltered locations on one night in January 2009, as a proportion dyall fam
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households. A homeless family is defined within HUD data collection as a household
experiencing homelessness that includes at least one adult and one child.

The Continuum of Care (CoC) is used as the basic geographic unit of this study because
it is the unit at which data on homelessness is collected. CoCs are local neffdmkeeless
service providers. The CoC is the unit at which homeless service use and doomarat
reported and estimates of point and annual prevalence are made.

The geographic boundaries of CoCs range widely in size: Some are comprisaaghé a
city, some are single counties, some are multiple counties, and a few conéireastate.

There are fifty-seven rural counties that are not part of a CoC, but arbas@oC boundaries
include approximately 99% of the population. (See Appendix A for a map of all CoCs in the
u.s)

Every other year, the Department of Housing and Urban Development (HUDegequir
CoCs, as part of their application for McKinney-Vento federal funding for homplegrams,
to submit a Point-in-Time (PIT) enumeration of individuals and families expeng
homelessness. Although there is some variation across CoCs in the methodologiesthsse
enumerations, methods must meet HUD’s standards of statistical rigor.

Demographic information is also collected as part of the PIT enumerationg)¢hus t
estimates can be broken down by household type to provide an estimate of those who are
homeless as part of a family. For this study, the PIT estimates wereusddulate a rate of
family homelessness as a proportion of all family households.

Annual prevalence estimates of sheltered homelessness are also gré#til but a

much smaller number of communities report usable data for this estimatedékclommunities
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include a number of large cities with significant homeless populations. Theltedarete
nationally representative point prevalence estimates are used in this study
Independent variables

The study makes use of state and county-level data within five subject domains ko mode
rates of family homelessness. Factors within each of these subject dorvaibeda identified
in existing theoretical and empirical studies as related to homelesatesssr risk of
homelessness among individuals.

Housing market factors. Factors were included in the model that measure housing costs
and housing cost burden, property value, housing tenure, vacancy, residential mobilibg housi
conditions, and foreclosure.

Economic factors. Economic factors are included that reflect the ability of households to
afford housing: measures of income levels and poverty. Unemployment ralededhas the
rate affects the ability of households in an area to afford housing.

Demographic factors. Because various demographic characteristics have been shown to
put some households at greater risk of homelessness than others, measures ofén¢atepre
of racial groups, age groups, household types, veteran status, and nativity are included.

Public assistance programs. The impact of public assistance programs can be assessed
in multiple ways. This study focuses on four ways of assessing the degreehqwblic
assistance programs serve poor households. Two of these measures, inclusion angl agequac
terms used by Meyers, Gornick, and Peck (2001) to describe characteristidalofsliare
policies, and the terms are defined in similar ways in this study. Meyers, kg@mitPeck
(2001) write that inclusion “concerns the penetration of benefits into the poteatigible

population” and that inclusion depends on government policies and practices governing



51

eligibility and enrollment, the size of the population in need of benefits, and theds@§the
eligible population whether or not to enroll. The adequacy of a program benefit rsdasure
value of the benefit. The authors measure adequacy by dividing the total amotiminspe
benefits within a geographic area by the average or total caseload.

In this study inclusion is defined as the proportion of total households with income below
the poverty threshold who receive program benefits. The TANF/GA, SSI and BASion
rates were constructed by dividing the number of households receiving TANF/G#x, SSI
SNAP, in the past year by the number of households in poverty. The Section 8 and Public
Housing inclusion rates were constructed by dividing the number of Section 8 unitsior Publ
Housing units by the number of households in poverty. The Veterans Pension inclusicasrate
constructed by dividing the number of veterans receiving pension benefits in Wyealalsy the
number of veterans because the number of veterans in poverty was not available atyhe count
level.

In this study, adequacy is defined as the dollar value of public assistance belaits r
to the median cost of housing in the state. The adequacy of a program measutestie e
which the benefits provided by the program assist households in paying for housingidimtya
homelessness. The adequacy of the TANF benefit was constructed by dividingpth af the
maximum monthly TANF benefit amount for a family of three by the stathamenonthly rent.
The adequacy of the SSI and SNAP benefits were each constructed by dividingrégge
monthly benefit amounts by the state median monthly rent...

This definition was chosen for benefit adequacy for the study because of theaimport
of standardizing the benefits in terms of how they enabled families within m gfate to pay for

housing costs. Although there was a moderate correlation between this\a&hteriable and
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the CoC-level variable measuring median monthly rent for a three-bedroom eqattis
correlation was low enough (.63) that they could both be included in the model. Checks for
multicollinearity that were conducted are detailed further at the endsafhthpter, under
“Evaluation of Model Assumptions.”

Third, expenditures assess the total funds spent on a program or category of ppmEgram
capita by the state government and measure the dollar amount relative wateheries of
public expenditures. Fourth, state-level policies governing the TANF progeamciuded that
would affect the level of inclusion of this program.

Because people generally experience homelessness when their ineoings\arthe
poverty line, in choosing predictive factors the study focuses on social evettagrams that
serve households in poverty, including Temporary Assistance for Needy Ba(fiARF),
Supplemental Security Income (SSI), the Supplemental Nutrition Assidtaogeam (SNAP, or
food stamps), Medicaid, Veterans’ Pension payments, Housing Choice Vouchers, and Public
Housing. State General Assistance (GA) programs were not a focusstidliydecause they
generally serve single adults without minor children, while homelessiéamaile defined in this
study as a homeless household including at least one adult and at least one minor child.
However, information on GA programs is included in two variables used. The ava#dlend
inclusion of public assistance included both TANF and GA programs without distigmii
between the two types of aid. The data available on spending by state govermm®8i also
included spending on GA.

Variables were used that measure the inclusion of TANF, SSI, SNAP, M&tBension
payments, Housing Choice Vouchers, and Public Housing. Some of these programs exhibi

more variability across states in their rules governing eligibility thiaarst For example, states
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have the authority to set benefit levels and income limits for eligibilityf AAIF as well as to
impose restrictions on recipients through program rules. Eligibility rutleS$é in contrast, are
set at the federal level (Center on Budget and Policy Priorities, 2011)evdowvhile eligibility
rules for some programs are standardized nationally, variation in state dnchjgeanentation,
such as accessibility of program offices and how readily applicantsaareedrenefits, could
result in variation across counties and states in the proportion of the eligible poputiation t
receive benefits. Therefore this study included county-level measuregusion for each of
these programs.

The study also included state-level measures of adequacy of benefitsTaMNRe SSI,
GA, and SNAP programs. While TANF benefits are set by each state, the §@hpprovides
nationally standardized payments based on income and household size. Howeveredtates a
to add supplemental payments to this basic federal amount. The amounts of state siugpplement
were included in the study. While the rules governing calculation of SNAP bearefifgr the
most part nationally standardized, there are some state-level varigtaiies have some
authority to waive rules regarding assets as they are counted against houbehelits (Center
on Budget and Policy Priorities, 2011a & 2011b). Adequacy measures of the Housing Choice
Voucher and Public Housing programs were not included because they do not varg by stat
(Center on Budget and Policy Priorities, 2008 & 2009). The percentage of Vetsraivig
pension payments was also included. Pension payments are made to wartime wéte fenge
limited or no income, and who are 65 and older, or permanently disabled (Veterafits Bene
Administration, 2011).

The variables tested also include indicators of rules governing eligdénildybenefits for

the TANF program. These rules vary at the state level. Several paliere included in the
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dataset. First, the presence of a formal diversion payment system asusedlternative to
enrollment in TANF in some states, providing a one-time payment of castaassisistead of
ongoing enrollment in the TANF program. Second, the requirement for a job setire!igte
of application to TANF would tend to decrease the eligible population, as some househpolds ma
not be willing or able to participate in the job search. Third, the maximum incometi@air ini
eligibility for TANF for a family of three would tend to increase the poolligitde households
as the maximum increased. Fourth, the severity of the sanction policy for norasarapliith
work requirements for single parents is measured in the percent of the theatesitcut as the
sanction. The greater the severity of the sanction, the less overall wildde pize eligible
population. Finally, work exemption is measured in the maximum age of a child rmatispse
parent an exemption from work requirements. As the child’s age limit for that{sawork
exemption increased, the number of households that would experience loss of benefits fr
sanctions would decrease.

Also included in the dataset were measures of state expenditures on severaigprogra
providing cash assistance or in-kind assistance to households in poverty: stategspendin
TANF cash assistance, combined GA and SSI state supplement cash assisthtiee
Medicaid program.

Shelter effort. A shelter-bed rate is included in this dataset, which assesses the number
of family shelter beds provided by the CoC, standardized by the CoC’s population ity pover
Both emergency shelter and transitional housing beds are included.

Public health factors. A series of variables measuring the prevalence of various
conditions that affect health and mental health were included. County-level \araddsuring

the availability of medical facilities and services, general publiclheald wellness, prenatal
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and neonatal health indicators, and the prevalence of diseases and chronic conglidons w
included. Rates of drug and alcohol abuse and treatment for these conditions vesereanata
the state level as well as rates of use of mental health treatment. Algtethwere variables
measuring rates of incarceration and release from jail and pigapendix B, Tables 1 and 2
describe the individual variables and sources of the data.

Geographic level of independent variables. Data in the six subject domains above were
selected either at the county or state level. County-level data was useched¢hasnajority of
cases, the county is the most comparable geographic unit to the CoC. The couatthes als
smallest geographic level for which many types of data were availabme cases, state-
level data was used because it was the most appropriate level at which to rtineagariable
(e.g. policies that are made at the state level and are uniform within)a stadéher cases, data
was included at the state level because it could not be obtained at the cour(g/.devel
imprisonment rates). The geographic level of measurement for each typebfeves indicated
in Appendix B, Table A.

Matching CoC and County Geographies

The Continuum of Care is used as the first level of analysis in this study bedaube i
level at which data on homelessness is collected nationally. The data@olieahdated by
HUD is the most comprehensive, reliable, and regular data collection process orshnessle
but the geographic unit presents obstacles for analyzing other types of clanaert with
homelessness data. In order to create a dataset that used the CoC agjeegegpbic unit and
that also made use of county- and state-level data on predictive factorsai@b&sunties were
matched using geospatial matching procedures. The county-level data nvasatiséically

adjusted to create CoC-level data.
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While many CoCs’ boundaries are coterminous with those of the county in which they
are located, others are smaller than the county that encompasses them, wiilenctirapass
multiple counties. Three basic types of geographic matches were conductedatathe
preparation for this study. In the first case, a CoC has the same boundariesraty.aThis is
treated as a “one-to-one” match. In the second type, a CoC is made up of more ttamtne
This is treated as a “one-to-many” match. In the third type, multiple CoGscated within a
single county, which is treated as a “many-to-one” match (see Appendixeidorples of each
type of match.)

In one-to-one and one-to-many matches, the geographic center of each caunty wa
identified and overlaid on CoC boundaries. By identifying the CoC in which the county center
fell, Geographic Information System (GIS) software was used to matcBa®eand one county
in one-to-one matches, and to match one CoC with multiple counties in one-to-mahgsnat
One-to-one matches were conducted for 227 CoCs, or 51% of the total nu@beito-many
matches were conducted for 171 or 38% of all CoCs.

For the remaining 49 CoCs (11%), there were multiple CoCs within a single cdanty
each of these cases multiple CoCs had to be combined into a single “super-GkiGg tine
boundaries of the super-CoC coterminous with the colittythis step, the total number of
CoCs used as observations in the study was reduced from 447 to 414.

Next, the county-level and CoC-level data had to be adjusted to account foanige<h

For one-to-one matches, the data did not have to be adjusted as the CoC and the codnty share

?In four cases CoCs crossed county boundaries but could logically be matched with a single county because the
majority of the area lay within a single county. These were included in the one-to-one matches.

*In two cases, the CoCs within multiple counties were combined into a single super-CoC, because the CoC
boundaries were too irregular to make a logical match with a single county.
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the same boundaries. For one-to-many matches, in which the data from multiplescountie
applied to a single CoC, county-level data was aggregated to the CoC level binguhan

value of raw numbers and applying a weighted average (by county populatiaestoFar
example, in Appendix A, Map 3, the number of households in poverty in the Metropolitan
Denver CoC was constructed by summing the number of households in poverty in sixscountie

For many-to-one matches, in which multiple CoCs were combined to match the
boundaries of a county, county-level data was not adjusted, but CoC-level homeldatmnéss
the CoCs that were combined was summed. In the example shown in Appendix B, Map 3, the
numbers of homeless families in 2 CoCs were summed to obtain the total number of iomeles
families for a combined super-CoC, which matched the boundaries of Polk County. The Polk
County independent variable data was used unchdnged.

For state-level data, the second level of analysis in the multilevel modelytbee no
statistical adjustments to be made. CoC boundaries fell within state boundatidsrafore
adding each state-level variable to the CoC-level dataset was dorsdmyrasthe same value
of the state-level variable to all CoCs within a state.

Database Development

The database used for this study was developed and maintained by theHRas®arc
Methodology Core of the National Center on Homelessness among Veterans, undectioa di
of Dennis Culhane, PhD, Director of Research, and Vincent Kane, MSW, CentdoDirElce
database was developed for the purpose of identifying community-level deternoihants

homelessness among veterans and among other homeless subpopulations such aky chronical

*In these cases, the PIT counts of all the included CoCs were summed and the county-level measures were used to
construct new super-CoC-level measures using the sum and weighted average procedures described above.
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homeless individuals and homeless families. Several Research and Methodologg@bexsn
contributed to the development of the database, a task which was supported by the Center.
Dennis Culhane conceptualized the database design and facilitated ad¢d€fsd data on
homelessness. Data was acquired from multiple publically available sdoyr@en Elizabeth
Montgomery, PhD, Jamison Fargo, PhD, Thomas Byrne, MSW, and Ellen Munley (author).
Jamison Fargo led the development of the database. Thomas Byrne and Jamison Fargo
conducted geographic matching of data at CoC, county and state level. Ellen Munley and
Thomas Byrne verified accuracy of the dataset and identified unmatched geograpisi
Multilevel Modeling

A multilevel model is needed to analyze this data because, while homelessness i
measured at the CoC level, these CoCs are nested within states. Satas@@tant
geographic level of analysis to include in the analysis because poli@esrgjfprogram
inclusion and the adequacy of benefits for some public assistance programdeag tha state
level. These policies will be included as explanatory factors to be evaloateeéif relationship
with homelessness rates. Because these state-level independent vamtabdesl together with
predictors that are measured at the CoC level, a multilevel modeling approael,isising
CoCs as the Level 1 unit of analysis and the state as the Level 2 unit ofsaanalysi

Most previous studies of variation in homelessness rates have used Ordinary Least
Squares (OLS) regression. However, for datasets that are grouped into te/ofle\aa, with
one level nested within the other, using OLS regression can result in errors atiestion
standard errors of regression coefficients. These errors result from $hee@ession
assumption that error terms are randomly distributed because observatissuaredcto be

independent from one another. However, since in multilevel data, observations taredludo
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groups, observations in one group are more like each other than they are to observations in othe
groups. (Cohen, Cohen, West & Aiken, 2003; Raudenbush and Bryk 1986, 2002)

For example, OLS regression applied to this dataset would assume that any two CoCs
picked at random would be independent, while this study hypothesizes the oppositatahat st
level predictors may make CoCs within one state more similar to each othdrdfamé to
CoCs in other states.

In addition to solving problems of estimation of error, multilevel modeling alswsillis
to test hypotheses that factors at one level affect outcomes measulegetlavel. In this
case, multilevel modeling allows us to test the hypothesis that state levid leeeés for public
assistance programs, as well as other state-level factors, aféscotdamily homelessness
measured at the CoC level.

Analytical Strategy and Models

The study uses a large dataset of independent variables from five subject domtains a
multilevel modeling methods to test the significance of these variables amaistouct a full
model including both CoC-level and state-level predictors of homelessness.

The first step was to create a basic multilevel model with no predictors, ok C
grouped by state. The second step was to test CoC-level predictors one ahathvariate,
multilevel model, to identify strong predictors of the family homelessnéss Tde third step
was to build a model with CoC-level predictors by choosing variables thasiveng
predictors, eliminating variables that exhibited collinearity with othg@omant predictors, and
evaluating and comparing models with model fit statistics. The fourth stepostest each CoC-
level predictor in the model for random effects, to determine whether the sltyepyedictor

varied across states. The fifth step was to add state-level predictors tdileusing similar
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methods as for the CoC-level predictors. (Appendix C includes equations for padi ty
model.)

Once a multilevel model had been created, individual predictors were examissdds a
the direction and strength of their relationship with the outcome. Regressfboieots were
used to interpret the relationship of each predictor with the outcome, and standaglizesion
coefficients were used to identify the relative importance of predigtithin the model.

I ntercepts-only model. A model without predictors, or an “intercepts-only” model, was
created, including the outcome, the family homelessness rate, and the groupinig vstates.
The intercepts-only model provides several pieces of information about the ttatath&
variance in homelessness rate intercepts across and within states can beaisethte the
intraclass correlation. A likelihood statistic provides a baseline of exiaey power that can be
compared with more complicated models to determine if they improve the expjgraicer.
(Hox, 2002).

Intra-class correlation. The variance in family homeless-rate intercepts across sates
.0251, which is more than would be expected by chance. However there is also a significant
residual variance (0.1359), which indicates that there are significéeretdices among CoCs
after taking differences across states into account.

The intraclass correlation was found to be 0.156. Approximately 16% of the total
variability in homelessness rates is attributable to differencesbptstates. This suggests that
it will be informative to include states as groups in which CoCs are clustedetd use
multilevel modeling techniques for analysis.

Fit statistics, inter cepts-only model. The Null Model Likelihood Ratio Test compares

fit statistics for the intercepts-only model, in which intercepts vanysacstates, with a model
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that has a single fixed intercept. The test indicates, with a p-value ofl<t@@0this intercepts-
only model differs significantly from a model with a single fixed intptce

The -2 Log Likelihood fit statistic of this intercepts-only model is 385.9, whitdhoe
compared to the more complex models to compare model fit.

Developing a model with Level 1 predictors.

CoC-level predictors were then added to the model to determine which individual
predictors were significant in modeling homelessness rates. The vadkuigos procedures
detail how these variables were chosen to be included in the model.

Variable selection. Variables were included in the dataset on the basis of theoretical
importance and significant results in previous studies of variation in homelessness. O
limitation of previous studies has been the lack of comparability between tableatiested
across studies. In order to address this problem, variables from six subjectsivera
included in the original dataset. A large number of variables measuring fadtarsthese
domains were included to ensure that relevant factors would not be missed or inappropriate
measured. For example, because rent levels have been identified frequeireiyous
theoretical and empirical work, multiple measures of rental costs,lbasabe relationship of
rental costs to income, were included in the model.

Variable selection was conducted through multiple steps. First, bivariaideawal
regression models were created that included one predictor variableat totassess each
variable’s relationship with the rate of homelessness. Variables thasigeifecant at the .05
level were retained.

Next, from this subset of variables, many were eliminated because oteaoly.

Independent variables that had correlations of 0.70 or higher or VarianceimRattors (VIFs)
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larger than 10 were identified. From pairs with high correlation or VIF valueyaviadle was
deleted and a single variable was retained from each pair. In this provessble selection,
those variables that demonstrated a stronger association with the outcotvle veera

generally selected. For example, of the multiple measures of rertwlricas area, all highly
correlated, only median rent for a three bedroom apartment was included in the meadesle biec
demonstrated the strongest association with the rate of family homelessness

In other cases, however, variables that had a stronger theoretical réigtioits
homelessness were selected. For example, the proportions of the general andthe pove
populations who were foreign born were highly correlated. The proportion of the poputati
poverty was retained, and the general population proportion discarded, as the population in
poverty is at much higher risk for homelessness than the general population, efwidhbis
variable is of greater interest in a model of homelessness than the other.

Model development. Once a subset of variables had been identified that were significant
in a bivariate model but did not exhibit collinearity, a model with CoC-level goedivas
developed by comparing model-fit statistics as variables were remoradife model. The -2
Log Likelihood Ratio and Akaike Information Criteria (AIC) were both usedtopare the fit
of various models. The AIC was used because it took into account the number of parameters
included in the model and penalized models that included additional parameters without a
significant increase in explanatory power (Tabachnik and Fidell, 2006).

Up to this point, each of the included predictors had been tested in the model with its
slope as a fixed effect, meaning that the slope was considered to be the sasialbstates. At
this point, each CoC-level predictor included in the model was then tested as topweithc

random slope, to identify any predictor with a slope that varied significamtigsstates.
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Model with Level 1 predictors. Adding Level 1 predictors to the model provided the
average (national) slope of each predictor variable. Allowing the slopesdttors to vary
among states provided estimates of two random effects: varianceesf stapes from the
average (national) slope, and the co-variance between state means atapstsite s

Model with Level 2 predictors: Once a model had been developed that included all the
relevant fixed and random CoC-level predictors, state-level variablesne@rded in the model.
This provided the estimates of the slopes of the state-level predictors, takiagcount all
Level 1 predictors.

Stratified analysis. When a full model was developed for the full set of CoCs, the
observations were then divided into two groups, according to their status as higly-pol@si-
poverty areas. The median family poverty rate was used as the dividing poia fanot
samples. All CoCs with family poverty rates of 0.09 or higher were includée inigh-poverty
sample, which consisted of 207 CoCs. All CoCs with family poverty rates of 0.89 oni@ne
included in the low-poverty sample, which included 205 CoCs. Models were developed
separately for each subset. Differences in significant predictorsegddaimodel homelessness
for the two samples were identified.

Stratified models were also created for urban and non-urban CoCs. The US Bepartm
of Agriculture scores every U.S. county according to its urban or rural stab@s Were given
scores according to a weighted mean of the scores of the counties that theyassconhose in
metropolitan areas of 250,000 people or more were considered urban in this analyssiall whil
others were considered non-urban. The resulting urban sample was made up of 244 CoCs and

the non-urban sample included 168 CoCs. Models were created separately for traples,s
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but the urban sample is not reported in the study findings as it closely resembles oh tiake|
total sample.
Evaluation of Model Assumptions

Multilevel modeling depends on many of the same assumptions that are important in
OLS regression. Sample size, outliers, multi-collinearity, heterodc@tjeand normality of
residuals must be evaluated (Maas and Hox, 2005.) Changes to the dataset to address these
assumptions and limitations are summarized here.

There were originally 413 CoCs in the dataset, grouped within 50 states. Tjsssana
fits into the recommended sample size discussed by Maas and Hox (2005), who recomimend tha
the number of groups in Level 2 of the analysis (the state level, in this cagdiast 50. With
as few as 50 groups, the authors warn that the standard errors for the Leévehtzesnay be
estimated approximately 9% too small, which they assess as “probablgglhactcceptable.”

Because the distribution of the dependent variable, the family homelessagsasmsat
positively skewed, the dependent value was logarithmically transformed. rf-urthe
logarithmically transformed versions of several skewed predictors wahgaged; however,
using these logged values did not substantively change the results of thesauatlisy were
not used in the final models. One outlier was deleted from the dataset, CoC-517 in Florida,
which had a residual value larger than 2. This deletion also improved the normality of the
residuals. This Continuum of Care is located in southern Florida and is made up of siscounti
The total population of the Continuum of Care is 250,000 people. This Continuum of Care had
1619 homeless families, who made up 2% of the entire sample of homeless families.

For the model of unsheltered family homelessness, three CoCs were excluddtefrom

analysis because their unsheltered PIT counts were considered unrelidbl®bylhe
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unsheltered counts for the CoCs that encompass the cities of Los Angeles, &adrbiew
Orleans were excluded. These are large cities with significant numbemefess families,
and their exclusion is certainly not ideal. The problems with their unshelteree etiams
were specific to 2009, and in future studies using data collected in other yesesities should
be included. These cities were excluded from only a single model in this studyf, tha
unsheltered family homelessness, and were included in all other models. Tleesslwtiered
homelessness data was not judged to be problematic, and the utility of theredhelte
homelessness data outweighed potential error introduced by the unsheltered data.
Multicollinearity was avoided in the selection selecting the viegafor the model.
Because some of the variables that showed significant associations with treeussiable
had high intercorrelation, some of these variables were eliminated. afiomahbles for the
multidimensional models of homelessness are shown below. For the most parti@asrela
between model variables were low. This model contains two variables whicimwdezately
correlated, SNAP benefit adequacy and median rental cost for a three bedroomerparhe
effect of the two variables on one another was evaluated to ensure that they could both be
included in the model. First, the correlation was not as high as .70, a rule of thumbusioexcl
More importantly, including the SNAP benefit adequacy in the model did not change the
coefficient of the rental variable by more than 25%, another rule of thumb that wquickre
exclusion from the model. Because including SNAP benefit adequacy in the modetirédaiuce
coefficient of median monthly rent by 12%, the two variables were consideredesly

independent to both be included in the model.



Table 1
Correlation Matrix, Multidimensional Model 1 (N=412
Variable Name 1 2 3 4 5
Family poverty rate
Residential
mobility rate 0.32
Median rent, 3 BR -
apt. 0.47| -0.12
TANF and GA -
coverage rate 0.25] -0.21| 0.24
Percent of
population 0-18
years 0.1 0.03| 0.00| 0.22
SNAP benefit
adequacy 0.37 0.16| -0.63| -0.25| 0.05
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Table 2

Correlation Matrix, Multidimensional Model 2 (N=412

67

Variable

Name

1

2

3

Family poverty
rate

Residential
mobility rate

0.32

Median rent, 3 BR
apt.

-0.47

-0.12

Percent of
population 0-18
years

0.03

0.00

Emergency shelte
bed rate

-

-0.27 -0.07

0.28

-0.11

Transitional
housing bed rate

-0.31 0.08

0.29

-0.04

0.41

TANF and GA
coverage rate

-0.25-0.21

0.24

0.22

0.15

0.18

SNAP benefit
adequacy

0.3Y 0.16

-0.63

0.05

-0.25

-0.17

-0.25

Table 3

Correlation Matrix, Multidimensional Model 3 (N=410)

Variable

Name

1

2

3

Poverty Rate

Median Rent, 2BR
apt.

-0.53

% renters

0.4%

D

0.18

% age 35-54 who
are veterans

0.1

1-0.30

-0.02

% African
American

0.32

-0.01

0.32

0.25

Mean January
Temperature

0.2

D

0.09

0.15

0.15

0.29

SNAP Benefit
Adequacy

0.3§

-0.63

-0.09

0.08

0.09

-0.20
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4. M odels of Family Homelessness for all Communities

This chapter begins with a description of family homelessness in 2009, including
characteristics of homeless families, a discussion of patterns of faomiglessness, and the
effects of the recession on family homelessness during this period. The ¢ogsten to
review results of three domain-specific models of homelessness, modelsimtindpredictor
variables have been limited to one or two types of variables. These separateattmdels to
observe the results for individual variables that have been tested in previous nmatlalspa
allow us to compare the model fit for each of the three models. Research Questidrsate
investigated in this section.

Next, the chapter presents the results of a multidimensional model of homelgssnes
including variables from all four domains in a single model. The significance atiahref
individual variables is discussed, further addressing Research Questions 1 and 2.

Variables measuring shelter effort are then added to the model as vantbles, and
changes to the model are discussed, addressing Research Question 3. Théwnfa mode
unsheltered family homelessness is presented, and differences betweeodsi and the model
of total family homelessness are discussed, addressing Research Question 4

In Chapter 5 separate models of family homelessness are created fionrmties with
high poverty, communities with low poverty, and non-urban communities. The signifieadce
direction of the individual variables, relative importance of variables from éamain, and
differences in comparison to models of the total sample are discussed, to Bddemsh

Question 5.
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Characteristics of Homeless Familiesin 2009.

Homeless families make up a significant portion of the homeless population — 35% of
people experiencing homelessness in 2009. Homeless families make up a much larger
proportion of the sheltered homeless population (48%) than of the unsheltered population (18%).
Most homeless families are headed by single women. The typical adult in @&ehaehily in
2009 was female, African American and under the age of 30. In contrast, homeliesaditig
are much more likely to be male, more likely to be white than African Ameriodmare likely
to be older than 30 (HUD, 2010).

Patterns of Shelter Use among Homeless Families

Homeless families most frequently enter shelter after stayiadnoused setting, such as
the home of friends or family, or their own housing unit. Another frequent livingisituat
immediately preceding shelter entry is another shelter or transitionahbguegram. Much
less frequently do homeless families enter shelter after stayanrginstitutional setting or a
place not meant for human habitation. In contrast, single adults are moreHaelfamilies to
come from another shelter or a place not meant for human habitation (41% compared to 26%),
and less likely to come from a housed living situation (37% compared to 63%). Singleasglults
more likely than families to enter shelter from an institutional setfiBgo(compared to 3%)

The median stay for homeless families in emergency shelter is apptekirh month,
and the median stay in transitional housing programs is approximately 6 months. tayesees
generally longer than those of single adults, who average 17 and 107 nights in eyngngéiac
and transitional housing (HUD, 2010).

Effects of the Recession and Homelessness in 2009.
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In 2009, the year in which this study’s data was collected, the United Statesthas
midst of a severe economic recession. The impact of the recessiondatffiectiemographic
composition of homeless families. In 2009, families were more likely than int@@0glude
two parents, or to be headed by a single father, than they were in 2007.

In addition, the situations that homeless families lived in before becoming lssmele
changed over this period. Homeless families more frequently enterest siftelt staying with
family, or coming directly from rented housing. The recession also may hakedahe way
that families use shelter, with median stays for both emergency slaitktransitional housing
programs becoming longer between 2007 and 2009.

Finally, the geography of family homelessness changed over the peno@0y to
2009. While only 27% of homeless families in 2007 were located in suburban and rural
locations, that percentage had increased to 39% by 2009. This resulted from an increase

family homelessness in suburban and rural areas (HUD, 2010).

Table 4
Family homelessness and total homelessness
Total homeless persons Homeless Persons in Families
(% of total homeless persons
Sheltered | 2007 2009 2007 2009
Status
Sheltered 391,401 403,308 178,328 187,313
(46%) (48%)
Unsheltered 280,48j7 239,759 70,183 50,797
(25%) (18%)
Total 671,888 643,067 248,511 238,110
(37%) (35%)
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Table 5
Demographic breakdown of adults in sheltered homeless families
Characteristics 2007 (%) 2009 (%)
Gender 100 100

Male 18 20

Female 82 80
Race 100 100

White 31 38

Black 55 48

Other Single Race 6

Several races 8
Age 100 100

18-30 55 55

31-50 42 42

51-61 2 2

62 and older i 1
Table 6
Living situation prior to shelter entry for homeless families

Living Situation 2007 2009
Place not meant for human 3.6 4.0
habitation
Another emergency shelter or 26.7 22.0
transitional housing program
Rented housing 13.0 17.1
Owned housing 3.8 2.6
With family 24.2 29.4
With friends 13.4 13.5
Hospital setting 1.9 2.1
Jail or prison 0.4 0.4
Motel or other 13.0 8.7
Table 7
Median length of stay in shelter for homeless families

Shelter Type 2007 2009

Emergency shelter 30 36
Transitional housing 151 174
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Table 8
Family homelessness by geographic type (urban vs. rural and suburban)
Geographic Type 2007 2009
Urban 73.1% 61.2%
Suburban and Rural 26.9% 38.8%

Descriptive Statistics

The following table presents descriptive statistics for the variableagpaar as

significant in any of the models discussed in this chapter. The total and urshelte

homelessness rates are highly skewed, making log transformations nefestbese two

variables.

Table 9

Descriptive Statistics, Significant Variables

Variable Name Level | Mean Median | Std Dev | Minimum | Maximum
% 0-18 years CoC 0.24 0.24 0.03 0.14 0.34
% African American CoC 0.11 0.07 0.12 0.00 0.64
% 35-54 who are veterans Co(C 0jJ08 0.08 0.03 0.02 0.26
Low birth weight prevalence| CoC 0.08 0.08 0.01 0.05 0.14
% Medicaid recipients CoC 0.18 0.17 0.07 0.03 0.42
% Obese CoC 0.26 0.27 0.03 0.16 0.34
Family poverty rate CoC 0.09 0.09 0.04 0.01 0.23
Poverty rate CoC 0.18 0.13 0.04 0.03 0.33
Residential mobility rate CoC 0.16 0.16 0.04 0.07 0.29
Median rent, 3 BR ($100s) CoC 11.86 10.93 3.50 7.01 24.94
Substandard housing (lacks| CoC 0.0035 0.0004| 0.0057 0.0000 0.0776
complete plumbing facilities)

Housing vacancy rate CoC 0.12 0.11 0.06 0.03 0.54
Percent of renters with CoC 0.45 0.45 0.06 0.29 0.61
housing cost burden

Median rent, 2 BR ($100s) CoC 8.95 8.15 2.58 5.43 17.48
% Renter households CoC 0.31 0.30 0.08 0.13 0.66
TANF and GA inclusion rate] CoC 0.20 0.20 0.09 0.03 0.88
SNAP benefit adequacy State 015 0.15 0.03 0.12 0.23
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Variable Name Leve Mean | Median | Std Dev | Minimum | Maximum
Federal housing subsidy CoC 0.01 0.01 0.01 0.00 0.10
inclusion rate, (per families in

extreme poverty)

State TANF expenditures ($| State 15.02 7.98 17.83 0.0 78.26
per capita)

SSlinclusion rate CoC 0.31 0.30 0.08 0.08 0.61
Emergency shelter bed rate| CoC 0.0035 0.0024| 0.0034 0.0000 0.0251
(per family in poverty)

Transitional housing bed rate CoC 0.0052 0.0036| 0.0057 0.0000 0.0528
(per family in poverty)

Mean January Temperature Stat 32.56 31.47 12.35 0.00 58.09
Family homelessness rate | CoC 1.13 0.75 1.27 0.00 11.81
(per 1,000 family households)

Unsheltered family CoC 0.28 0.04 0.92 0.00 10.64

homelessness rate (per 1,00
family households)

0

Domain-specific models

Three separate multivariable models of the total family homelessne sgenat

constructed, using variables from the housing and economic domains, the demogrphic a

public health domains, and the public assistance domain, respectively.

Housing and Economic Model. When a model of family homelessness rates is built

using variables measuring housing and economic factors, the best-fittingisnodele up of

five factors: housing cost burden for renters, median rent levels, substandard hosisiegtia¢

mobility, and housing vacancy are each positively associated with the faonilglessness rate.

For every 1% increase in the percent of renters who pay more than 30% of threie iioc

housing costs, the family homelessness rate increases by 1.3%. An increase oti$d.00 i

median rent is associated with a 0.02% increase in homelessness, when mtizeafaheld
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constant. For every 1% increase in the proportion of substandard housing unitsjlthe fam
homelessness rate increases by 11.3%. For every 1% increase in the nabobjldy the
percentage of the population that has moved in the past year, the model predicts a 2% incr
in homelessness, with other factors held constant. Finally, for every 1%smanehe vacancy
rate the model predicts a 0.65% increase in the family homelessness tatd| etlier model
variables held constant.

The random effects in the model show us the degree to which the variance is bl¢ributa
to differences between the states, and differences within each stétes rhodel, there was
significant variance both between the states and within the states, whicthesdnzd the multi-
level model, which accounts for both types of variance, is the appropriate method to use.
Comparing the between- and within-state variance, the within-stasme@rs greater, so from
one CoC to another within a state, there is in general greater variance thaméstate to

another.
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Table 10
Housing and Economic Model
95% CI

Variable B B lower upper P
Median rent, 3BR apt 0.02 0.20 0.01 0.04| 0.0011
Substandard housing 11.38 0.16 5.07 17.69| 0.0005
(lacks complete
plumbing facilities)
Residential mobility 2.24 0.22 1.19 3.29| <.0001
rate
Housing vacancy rate 0.65 0.10 0.05 1.26| 0.0356
Percent of renters wit 1.29 0.18 0.47 2.11] 0.0022
housing cost burden
Random effects
Between-state 0.01 0.0275
variance
Within-state variance 0.12 <.0001
Model Fit Statistics
R"2 0.18
-2 Log Likelihood 320.9C
AIC 336.90

Discussion. Of the three domain-specific models, the model using housing and economic
variables is the best-fitting model, explaining 18% of the variance. For thepargsthe
significance and direction of the coefficients in the model are consigittnthe hypotheses.
The importance of housing affordability is clear. All measures of povestiydevere
significantly and positively related to the homelessness rate, as wareaallires of housing
cost. The proportion of renter households paying more than 30% of their income for rent and
median rental housing costs are two of the strongest predictors in the model. When the
proportion of households with a rental cost burden is held constant, area rental csidts are

associated with higher rates of homelessness, and vice versa.
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The residential mobility rate appears in the model as a positive and signiiiedidtor.
Although this predictor has not been included in most previous studies of homelesssess rate
this finding is consistent with that of Lee, Price-Spratlen and Kanan (2003), who dihaggjest
residential mobility may be related to homelessness in two ways: it @ate enore competition
in a housing market; in addition, shorter tenure in housing units may also be an indication of
residents who are more vulnerable to homelessness.

The proportion of housing units that lack complete plumbing facilities has a positive
association with homelessness. As a measure of the proportion of substandard housihig units, t
measure is highly correlated with, but is a stronger predictor than the lack petekitchen
facilities. Previous studies of city and metropolitan-area homelesstesave not included
measures of substandard housing or housing quality; however, in a study conductedredLitie ¢
tract level within individual cities, Culhane, Wachter and Lee (1996) found that ttenpef
boarded up housing units was a positive predictor of homelessness. This studgsaresul
consistent with this general finding that the presence of substandard housirngvslpos
associated with homelessness.

Also consistent with Culhane, Wachter and Lee (1996) is the finding on the vacancy rat
Previous studies of city- or metropolitan area-level variation found that vacatesywere
negatively associated with homelessness, supporting the hypothesis that higherJeamasioy
rates would improve households’ chances of accessing housing, and lead to a lower
homelessness rate. In contrast, Culhane, Wachter & Lee (1996) hypothesiraththat city,
homeless families’ last addresses before entering shelter would resrdefin census tracts
with poor housing quality and high housing vacancy rates. Thus they predicted, and found, a

positive association between homelessness rates and vacancy ratesulCor tee vacancy
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rate supports this hypothesis that housing vacancy may be indicating more itadnliayvaf
housing units. Vacancies may occur in tandem with substandard units and may not occur
because units are usable and empty, but because they are substandard.

Although this is the best fitting model, an alternative model is also shown torfurthe
investigate the relationship between housing cost, income, and housing cost burtlen. Int
alternative model, the family poverty rate is retained in place of the casigburden. The two
variables are moderately correlated and if both are included in the model, thepgawaity rate
becomes non-significant. In the alternative model, the poverty rate andnaunsalg costs are
both positively associated with homelessness, with a 1% increase in familfygoreelicting a
1.6% increase in homelessness, and a $100 increase in median rent predicting a 0.04% increas
in homelessness. In this model, rental-housing costs are the strongesbopoédahily
homelessness. As expected, removing rental cost burden from the model hasdritbeeas
strength of both housing cost and poverty predictors. The between- and withinséateesa

are both significant, with greater variance within states.
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Table 11
Alternative Housing and Economic Model
95% CI

Variable B B lower upper p
Family poverty rate 161 0.15 0.35 2.87| 0.0126
Median rent, 3BR apt 0.04 0.35 0.03 0.05| <.0001
Substandard housing 8.02 0.11 1.53 14.52| 0.016
(lacking complete
plumbing facilities)
Residential mobility 2.46 0.24 1.39 3.52| <.0001
rate
Housing vacancy rate 0.64 0.10 0.03 1.25| 0.0391
Random effects
Between-state 0.02 0.0079
variance
Within-state variance 0.12 <.0001
Model Fit Statistics
R"2 0.15
-2 Log Likelihood 324.1(
AIC 340.10

Public Assistance Model. Turning to variables that measure public assistance programs,
the best-fitting model of the family homelessness rate includes measurekision, adequacy
and expenditures. SSI program inclusion is negatively associated with homele3&fitesall
other variables held constant, an increase of 1% in the rate of households in povetitygrecei
SSl is associated with a 0.59% decrease in the family homelessnesshi@NAP benefit
adequacy is negatively associated with the family homelessness thta, Wb increase in this
ratio predicting a 3.04% decrease in family homelessness. Finally, a mekstate
expenditures on TANF cash assistance per capita is positively asdogitt homelessness in

this model. For every 1% increase in spending per capita, the model predicts a Orea%eiimc
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the homelessness rate, with other variables held constant. Both types ofevaresignificant

in this model; again, within-state variance is greater.

Table 12
Public Assistance Model

Fixed Effects 95% CI

Variable B B L ower upper p

SNAP benefit -3.04 -0.20 -5.02 -1.05| 0.005
adequacy
State TANF 0.01 0.26 0.00 0.01| 0.001
expenditures
SSlinclusion rate -0.589 -0.12 -1.16 -0.02| 0.044
Random effects
Between-state 0.01 0.0325
variance
Within-state variance 0.13 <.0001
Model Fit Statistics
R"2 0.11
-2 Log Likelihood 352.5(
AIC 366.50

Discussion. Previous studies have found both positive and negative relationships
between inclusion and homelessness rates. There is only one inclusion measorerfjest as
significant in this model; inclusion of the SSI program is negatively assdaiatie
homelessness.

The finding that there is a positive relationship between state TANF exjr@sdind the
family homelessness rate supports Hypothesis 2. Because the measustaisdaotlized by the
population in poverty, but by the total population, higher levels of spending may simplyendicat
higher levels of poverty.

One measure of benefit adequacy, of the SNAP program, is significant inoithés. m

The finding that the adequacy of SNAP benefits is negatively associatelomiielessness is
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consistent with the hypothesis that higher levels of public assistance besieatsist families
paying for and maintaining housing. However, the fact that adequacy of the SN&R ise
significant while the adequacy of the TANF benefit is not is surprising. CQamgpthe
importance of TANF and SNAP benefits in reducing household risk for homeleSEABES,
benefits would be expected to have a greater significance because thes Ipeofied by the
TANF program are generally higher in value than those provided by the SNARmproghe
average maximum TANF benefit is 53% of the state median rent, while the avBraBe S
benefit is only 15% of the state median rent. Further, TANF provides cash $émaffitan be
used to pay for any type of household need, including housing costs. In contrast, SMNA&spr
“near-cash” benefits that can be used only to buy food. These dollars would not beta effe
in helping families to pay for housing costs and avoid homelessness because they cauld not b
used directly to pay rental costs to a landlord.

However, there are ways that SNAP benefits could improve a household’stability
maintain housing and avoid homelessness. First, by paying for food costs, SiniBslmauld
free up a part of the household income to pay for housing costs. Second, families that are
“doubled up,” or sharing a housing unit with another family, could contribute their SNAP
benefits to the total household income, thereby making their stay with another household les
burdensome and their continued stay more desirable.

Observing the mean inclusion rates of the two figures also suggests thatthefrie
SNAP program, at 65% of households in poverty averaged over all CoCs, means that it is
reaching and affecting the incomes of more families than the TANF and dgfaprs, which
have a mean inclusion rate of 20% of households in poverty, averaged over all CoCs. This

higher inclusion rate could give it more influence at the CoC level to reduce lssmess risk.
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Demographic and Public Health Model. In a model of family homelessness that
includes only demographic and public health variables, the best-fitting model asiagbtes.
The representation of children in the population is negatively associated with remasteswith
a 1% increase in the percent of the population under 18 predicting a decrease in yhe famil
homelessness rate of 2.9%. The representation of African Americans issgbpagsociated
with homelessness. With other factors held constant, for an increase of 1%eam Afmerican
representation, the model predicts an increase in the family homelessne$d rHe. Veteran
status among the 35-54 age group is also positively associated with homelesst#ss
increase in this group is associated with a 2.0% increase in the family hemeskesate. The
model shows a negative association between low weight births and homelessness. A 1%
increase in the percent of births that are low weight is associated with a 0.0@%4sdan family
homelessness. A 1% increase in Medicaid recipients is associated withceepradd%
increase in homelessness. Obesity is negatively associated with hosssegstn a 1%
increase in obesity rates associated with a 0.03% decrease in homslessii@s model, the
variances are both significant. Within-state variance remains grieatebétween-state

variance.
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Table 13
Demographic and Public Health Model

Fixed Effects 95% CI

Variable B B lower upper p

% 0-18 -2.91 -0.20 -4.31 -1.51| <.0001
% African American 1.13 0.33 0.55 1.71| 0.0001
% 35-54 who are 2.02 0.15 0.63 3.40| 0.0045
veterans
Low birth weight -0.10 -0.35 -0.15 -0.04| 0.0004
prevalence
% Medicaid recipients 2.01 0.36 1.34 2.68| <.0001
% Obesity -0.04 -0.32 -0.05 -0.02| <.0001
Random effects
Between-state 0.01 0.0157
variance
Within-state variance 0.12 <.0001
Model Fit Statistics
R"2 0.17
-2 Log Likelihood 317.7C
AIC 335.70

Discussion. The model confirms two hypotheses about demographic groups that have
been found to be at increased risk of homelessness. Higher percentages ofAifiecians
and of veterans among the 35-54 age group are found to be associated with high&faais
homelessness. The model has a surprising finding regarding age grahsvstthat the
representation of children in the population is negatively associated with hameskes8ecause
the focus is an outcome of family homelessness, the presence of childrempoptlation
would, if anything, be expected to be associated with higher family homelesatess just as
areas with higher proportions of adult age groups might have higher rates oadulgle
homelessness. However, it is possible that the age composition of the area cestitiateal

with other community factors, such as levels of poverty or housing costs, whidbemagre
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direct predictors of family homelessness. When all domains are includethgiearsodel, the
result for representation of children in the population is expected to become ndicasigni

The results for public health variables are mixed. None of the variables mgadbkar
prevalence of mental iliness or substance abuse, or the frequency of mdtitaléeanent or
substance abuse treatment, are significant in the model. Three public heslihem&zat are
positively correlated with poverty have mixed results: two are negatgsiciated with family
homelessness, and one is positively associated. These effects arecetpditappear when
combined in a model with measures that more directly impact levels of homekessreh as
poverty.

Multidimensional Model of Homelessness

When the variables from all domains are tested in a single multivariable,reonhe
predictors that were significant in the individual models become non-significaite, ame
variable that did not appear in the domain-specific models becomes significantarigbtes
remain significantly associated with the rate of family homelessnedsQq¥® family households
in the population. The model fits better than any of the domain-specific modelsnvith a
squared value of 0.215.

The family poverty rate is one of the strongest predictors in the model; forExery
increase in the family poverty rate, the homelessness rate incbya2&8% when other
predictors are held constant.

The rate of residential mobility, or the percent of the population that has moved in the
past year, is also a strong positive predictor of homelessness. For everycenéiperease in
the mobility rate, the model predicts an increase in the family homelesatees$ 2.21%.

Rental cost is a positive, significant determinant of family homelesghessodel shows that
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for every $100 increase in median rent level, the family homelessness rassé@scby .04%
when other predictors are held constant.

The model includes two significant public assistance predictors. The inclasgoof the
TANF and GA programs, out of families in poverty, is significantly and posjtagsociated
with homelessness. For every 1% increase in the proportion of families in p@eeityng
TANF benefits, the model shows a 0.92% increase in family homelessnesshextegtiver
predictors are held constant.

The adequacy of the food stamp benefit is one of only two variables in the model that
have a significant and negative relationship with the family homelessness-matevery 1%
increase in the ratio of the food stamp benefit to the median monthly rent, the hossdease
is predicted to decrease by 1.9%.

One demographic variable, the percent of the population that is 18 years or yainger, i
significant in the model. The representation of children in the population is negatively
associated with homelessness. The model shows that for every 1% increasercetiteopéne
population that is 18 or younger, the rate of family homelessness is predicted tsalbgrea
3.6%.

The model shows similar variance to the previous models, with significant Ineamnde

within-state variance, but greater variance within states.



Table 14
Multidimensional Model 1: Family Homelessness Rate, All Predictors

Fixed Effects 95% CI

Variable B B L ower upper P

Family poverty rate 2.83 0.26 1.63 4.03| <.0001
Residential mobility 2.21 0.21 1.19 3.24| <.0001
rate
Median rent, 3 BR apf 0.04 0.31 0.00 0.00| <.0001
($100s)
TANF and GA 0.92 0.20 0.43 1.41| 0.0003
coverage rate
SNAP benefit -1.91 -0.12 -4.02 0.20| 0.0801
adequacy
% 0-18 years -3.60 -0.25 -4.97 -2.22| <.0001
Random effects
Between-state 0.01 0.0237
variance
Within-state variance 0.11 <.0001
Model Fit Statistics
R"2 0.22
-2 Log Likelihood 300.7¢
AIC 318.70
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Discussion. Four domains (demographic, public assistance, housing and economic)

contribute significant predictors to the model. The strongest predictors in the meftehathe

housing market and economic factors. Public assistance factors are alscasigpredictors in

the model, and public health variables were not significant.

These results confirm the overall findings in the previous literature abouploetance

of structural factors in the housing and economic domains, and demonstrate thizictioese

remain important when the outcome is family homelessness. These rescttssasgent with

theoretical studies of the causes of homelessness that have identified hoosttalpéitly as a
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product of both housing costs and household incomes, and as the primary driver of the extent of
homelessness in an area. The results demonstrate that this theoreticappbeleko family
homelessness as well as homelessness in the general population.

The results indicate that rental housing costs and the proportion of family households in
poverty are both influential, supporting Hypothesis 1. Although in the domain-specifiagnous
and economic model the rental cost burden emerged as the best housing affordedbitityrpsf
the family homelessness rate, when all domains are combined into a muéiveo@de!, the
family poverty rate is a better predictor than rental cost burden.

However, other findings contradicted expectations for Hypothesis 1. Fitsigmei
unemployment nor vacancy rates were significant in this model. Seconderepties of
African Americans and female-headed households were not significantgdredadtomelessness
in this model. In contrast, the representation of minors remained significant inthenate
model, with a negative relationship with homelessness. The continued presence 18 tuge0-
group as a significant and negative predictor in the model was contraryexpihetation that
this would drop out of the model when other factors were included.

Predictors assessing public assistance programs have varying rgseitigiag on the
type of measure (inclusion, adequacy, expenditures and rules) and depending on the progra
Hypothesis 2 was confirmed by the finding that the measure of benefit adelgatayggears in
the domain-specific model, SNAP benefit adequacy, remains significant gaiiviety related
to homelessness. While adequacy of state SSI supplement and maximum TANFPW&eefi
both positively related to the homelessness rate, neither are signifibatt,was not predicted

by Hypothesis 2.
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The prediction that expenditure measures would have positive and significamtassoc
with homelessness rates was not correct. None of the variables meastegvel
expenditures were found to be significant in this multidimensional model. It aghaaihen
TANF expenditures and poverty rates are included in a single model, tfieieoebf TANF
expenditures was reduced, as poverty explained this variation.

Measures of program inclusion (for TANF and GA, SSI and SNAP) are alivebgit
related to the homelessness rate in this multidimensional model, although difyandl GA
inclusion is a significant predictor. The inconsistent findings on the direction célgi®nship
with inclusion rates between the public assistance model and this model are nsingpirgikien
that previous studies have had similarly inconsistent results, with a mposibive and negative
associations between inclusion of various programs and homelessness ratesesihiss
suggest that the relationship between public assistance inclusion rates marg lsemmplex than
what is reflected by this model.

The results also showed that state-level rules for the TANF prograniikedyeo have
similar relationships as the inclusion measure. When they are added in to the oroglelitd
inclusion measures, however, they drop out as they primarily act through ingreasi
decreasing inclusion.

Adding Shelter Bed Rateasa Control Variable

The possible link is examined between public assistance inclusion and shelteedesBom
families by observing whether there is a correlation between “sledioet” and inclusion of
public assistance programs. If there is, it could help to explain why some astiktance
inclusion variables are positively correlated with homelessness ilateg effort that a

community makes to shelter homeless families has a relationship to countgrid\sthte-level
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policies and practices influencing the inclusion and adequacy of public assistageans, then
in order to clearly view the impact of variability in public assistance pragamnthe
homelessness rate, it is necessary to include shelter effort in theohtduefamily
homelessness rate in order to control for this variable. Thus the effect of inclodiadegjuacy
of public assistance programs when shelter effort is held constant can be observed.

First, bivariate correlations between the rate of shelter bed provisioncinsion and
adequacy rates of public assistance programs are examined. Emehgdterybeds and
transitional housing beds are included. Shelter beds are examined as aheeopitation in

poverty to standardize the measure across communities of different sizegadsmdfi@eed.

Table 15
Correlation of Shelter Effort and Public Assistance Variables
Emergency Transitional Total shelter bed
shelter bed rate housing bed rate rate

TANF adequacy* 0.13432 0.18859 0.19771
P 0.0064 0.0001 <.0001
SNAP adequacy* -0.24582 -0.17306 -0.23527
P <.0001 0.0004 <.0001
SSl adequacy -0.01366 0.07968 0.05261
P 0.7825 0.1067 0.2873
TANF and GA
inclusion* 0.15039 0.17526 0.19497
P 0.0022 0.0004 <.0001
SNAP inclusion* -0.1088 -0.09197 -0.11543
P 0.0274 0.0625 0.0192
SSlinclusion* 0.17447 0.01392 0.08688
P 0.0004 0.7784 0.0785

*correlation significant at the .05 level

A bivariate correlation shows that across programs, measures of inclusionffereadi

relationships with shelter bed rates. The TANF and GA inclusion rate hasfeeaig positive
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correlation with the emergency shelter bed rate, the transitional housingtéeaind the total
rate. SSlinclusion has a significant positive correlation with the emeyghelter bed rate and
with the total number of beds, but its correlation with transitional housing beds igmétant.
In contrast, the inclusion rate for SNAP is negatively and significantheleded with the
emergency shelter, transitional housing and total bed rates.

In general, programs’ adequacy rates have similar relationships witbrsfédrt as their
inclusion rates. Consistent with the positive relationship for its inclusion rat€AthE
adequacy measure also has a positive and significant correlation with &it bedlrates.
Consistent with the negative relationship for its inclusion rate, the SNAP aglegaasure has
a negative relationship with emergency shelter, transitional housing and totatésedThe SSI
adequacy measure is not significantly correlated with shelter bed rates.

These results show that there is a relationship between CoC-level sheltaelsexhd
CoC-level inclusion rates, as well as between CoC-level shelter beamdtstate-level
adequacy measures. The relationship between shelter effort, adequacyusionistiould be
further examined to determine whether this relationship is affecting tdelmesults for public
assistance adequacy and inclusion. For example, CoCs in which eligibilitgpaln easier
access to the program make TANF inclusion relatively high may also be kedyetdi respond
to demand for public shelter by increasing the number of shelter beds in the comriuthigse
communities, homeless families would be easier to identify, and more likelyirtolbeded in an
annual PIT count.

Two variables were added to the existing model to control for shelter. éffemiumber
of transitional housing beds and the number of emergency shelter beds, both as a proportion of

the population in poverty. These are added to the model to act as control variables, and to view
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whether and how they affect the significance and direction of the relationsivigelnethe public
assistance variables. After these variables were added to Model 1, meéswlkesion and
adequacy that had not been significant in Model 1 were re-tested to assess thbgther

significance in the model had changed as a result of adding the shelter bed rateaonables.

Table 16
Multidimensional Model 2: Family Homelessness Rate, Including Shelter Beds

Fixed Effects 95% CI
Variable B B lower upper p

Family poverty rate 411 0.37 3.15 5.07| <.0001
Residential mobility 1.55 0.15 0.74 2.36| 0.0002
rate
Median rent, 3 BR apf 0.02 0.05 0.01 0.03| 0.0010
($100s)
Percent of population -2.91 -0.20 -3.99 -1.83| <.0001
0-18 years
TANF and GA 0.59 0.13 0.21 0.97| 0.0029
coverage rate
SNAP benefit -1.66 -0.11 -3.26 -0.06| 0.0449
adequacy
Emergency shelter be 45.79 0.39 36.72 54.87| <.0001
rate
Transitional housing 22.76 0.32 17.19 28.33| <.0001
bed rate
Random effects
Between-state 0.01 0.036
variance
Within-state variance 0.0[7 <.0001
Model Fit Statistics
R"2 0.52
-2 Log Likelihood 99.8(
AIC 121.80
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When shelter bed rates are added as control variables to Model 1, overall, thesvariable
from Model 1 retain similar relationships to the family homelessnessTatefamily poverty
rate becomes a stronger predictor; its coefficient increases from 2.8 to 4dc¢ohnel strongest
predictor in the model. Residential mobility rate becomes a weaker prediittothe
coefficient decreasing from 2.2 to 1.55. The median rent predictor also becomes wehker
the coefficient decreasing from 0.04 to 0.02. As expected, the emergency sheltensaroiniah
housing bed rates are both strong positive predictors of the family homelessness rate

Adding the shelter bed rates alters the coefficient for the TANF and Gésianl which
decreases from 0.92 to 0.59. This confirms Hypothesis 3, which stated that addindpetslter
as control variables to the model would decrease the coefficient of the pubbaressiaclusion
measure. However, TANF and GA inclusion does remain a significant predictor.

Adding these control variables to the model also changes the coefficient for SNAP
benefit adequacy. SNAP adequacy, which was a negative and significant predictaleinliVi
remains so in this model, but decreases slightly in its absolute value, from -11H6to\When
shelter beds are added to the model, the within-state variance is decreasgtatoalthough
both types of variance remain significant.

Discussion. Model 2 results show that when shelter effort is added as a control variable
to the model of family homelessness, the positive association between TANF andl@&#fon
rates and family homelessness rates becomes weaker, but still remairsasity This result
supports the hypothesis that a correlation between shelter effort and pubt@ngsspolicies is
contributing to positive relationship between inclusion and homelessness rates. Hldwiees
not entirely explain the positive relationship because it is diminished bgigtifficant in

Model 2. This chapter will continue to examine explanations for this relationship.
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The model also shows that when shelter effort is added as a control variablentm#ie
of family homelessness, the negative association between SNAP beegtitag and
homelessness rates is diminished slightly but remains significant. Thigichall go on to
examine how this variable behaves in Model 3, although this variable is not exjpechtange
when unsheltered homelessness is isolated as the outcome. While public ageidtasion is
expected to be affected by enrollment in shelter, benefit adequaaty &s it is determined
solely by the state-level policy to set the benefit level, and is not altgretipient behavior or
the behavior of implementers.

Model of Unsheltered Family Homelessness Rate

As discussed in the literature review, use of shelter services may makedanuch
more likely to enroll in the public assistance benefits that they arelgledigible for. This
relationship could be contributing to the positive relationship between TANF and GAonclus
In the third multidimensional model of family homelessness rates unshditemgelessness is
modeled as an outcome, to examine whether the coefficient of TANF and GA inclusiayes
when the homelessness rates examined do not involve enrollment in public shelter.

The hypothesis is that when the outcome of unsheltered family homelessmeskeled,
other predictors in Model 1 will remain significant, and will retain the sanmeagigssociation,
but TANF/GA inclusion will lose its significance as a predictor in the modéhteiublic
assistance variables that were not significant in Model 1 are alsded;tesluding county-level
measures of program inclusion, state level measures of benefit adequaegvstianeasures of
expenditures on public assistance programs, and state-level measuresguveitesg
eligibility for the TANF program, to assess whether they are signifjggedictors in a model of

unsheltered family homelessness.



Table 17
Multidimensional Model 3: Unsheltered Family Homelessness Rate
Fixed Effects 95% CI

Variable B B lower upper p
Poverty rate 8.03 0.39 4.89 11.17| <.0001
Median rent, 2BR apt 0.07 0.19 0.00 0.00| 0.016
($100's)
% renters -2.44 -0.21 -3.87 -1.01] 0.001
% age 35-54 who are 5.75 0.19 2.76 8.74| 0.000
veterans
% African American -1.45 -0.18 -2.51 -0.38| 0.011
Mean January 0.01 0.15 0.00 0.02| 0.018
Temperature
SNAP benefit -3.77 -0.11 -7.91 0.37| 0.075
adequacy
Random effects
Between-state 0.58 <.0001
variance
Within-state variance 0.19 0.003
Co-variance, mean -0.93 0.013
and slope of % Af.
Am.
Variance of slope of 4.44 0.0239
% Af. Am. between
states
Model Fit Statistics
R"2 0.18
-2 Log Likelihood 976.4(
AIC 1000.40

A model of unsheltered family homelessness retains some of the predictors ofiModel
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and 2, while losing some and gaining other new predictors that were not previougigasigni

Poverty rate and median rent both remain positive and significant variables in Modele3ty P

rate is, by far, the strongest predictor in this model, with a Beta coeffafie39.
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Two variables that were significant in Model 2 have dropped out. The mobility rate is
not a significant predictor for unsheltered family homelessness rate,therrepresentation of
children in the population.

One housing market factor has emerged as significant: the proportion of rentersaia an ar
is negatively associated with the rate of family homelessness. Twadgshi variables have
become significant predictors in this model. The proportion of those in the 34-54 age group who
are veterans is significantly and positively associated with the unshdtleridyg homelessness
rate. The model provides a fixed slope for the proportion of African Americans in thetpopula
that is negative. The model also shows that its slope varies significarsigtby The variance
between states of the slope of this variable is 0.5805.

January mean temperature has also become significant in this model of unsheltered
family homelessness. The TANF/GA inclusion rate is no longer significavibdel 3;
however, the adequacy of the SNAP benefit remains a negative and significictopie
family homelessness in this model.

Other adequacy and inclusion measures are not significant predictors. &Hevstiat
measures of expenditures were not significant predictors of unsheltereccbsmaesk, nor were
the state-level rules governing eligibility for the TANF program.

Discussion. The model of unsheltered family homelessness that emerges in Model 3
shares some important elements of earlier models. Poverty and renthlasesboth become
stronger predictors in this model. The total poverty rate is a stronger preditic model than
the family poverty rate was in Model 2; a 1% increase in the family povéetynrdodel 2 was

associated with a 4% increase in family homelessness, while the totalypateit associated
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in Model 3 with an 8% increase in family homelessness. Rental cost is a strontjee posi
predictor in this model, the coefficient having increased from 0.035 to 0.05.

The addition of January mean temperature to this model is consistent with thHeatvay t
unsheltered homelessness is enumerated in the annual PIT count. Communitigsulivey
spaces including streets, parks, bus stations and subway cars, to identify thase slbeping
in places not meant for human habitation. It is more likely that homelesseamili remain in
places not meant for human habitation in areas with higher temperatures, aikeliesalt
local shelter operators will temporarily expand seasonally operationtdrabedls in areas with
higher temperatures. The model shows that a one-degree increase in January media
temperature is associated with a .01% increase in the unsheltered fanelg$smass rate.

Although veteran status was not expected to be significant in a model of family
homelessness, given the small proportion of heads of homeless families whemesyet
veterans have been identified in previous studies as a group that is at elevated risk of
homelessness. The model shows that veteran representation in this age groujaiscsstic
a 5.7% increase in the family homelessness rate.

Two variables have results in the model that contradict findings in previoutulieera
first, the proportion of renters is a negative predictor of homelessness, whidedra
identified as significant and positive in previous models. However, it has not been pyeviousl
evaluated as a predictor of unsheltered family homelessness.

Further, the proportion of African Americans in the population has been identified in
some previous studies as a positive predictor of homelessness, but the fixed &jtew here
to be negative. This relationship varies across states. It remains a ndgpsvacsoss all states,

ranging between approximately -2.51 and -0.38 in 95% of the states. The coeafizthe
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mean and slope of this variable is negative, meaning that the slope decreaseseas the
increases. In areas with greater proportions of African Americans, thiveegiape is stronger.

Model 3 provides interesting results for the questions about public assistanbéesaria
Model 3 supports Hypothesis 4 by showing that TANF/GA inclusion is not be a sighifica
predictor when the outcome modeled is unsheltered family homelessnessdigie@grSNAP
benefit adequacy remains a significant and negative predictor of unshedieigd f
homelessness.

The fact that the TANF and GA inclusion measure becomes non-significant when
unsheltered family homelessness is modeled supports the hypothesis that e positi
relationship between TANF/GA inclusion and total family homelessness in Model 1 aasl&? w
result of increased enrollment in TANF benefits for families using publitesbe
Summary

The domain-specific models of family homelessness confirmed somelofitbtheses
regarding the importance of housing market and economic factors, specrheabures
determining housing affordability such as rental costs, poverty and housing cost bahee
predictors in domain-specific models did not remain significant when domainsearatened
into one multidimensional model. Public assistance variables had genecalhgistent results.
Only the adequacy of the SNAP benefit remained a significant negativetprediboth single-
domain and multidimensional models. The inclusion rate of the TANF and GA programs was
also significant as a positive predictor in the multidimensional model.

When shelter effort was added to the model as a control variable, the two public
assistance variables became weaker predictors but remained signifiggestsg that there

was some correlation between shelter effort and public assistance mgaguch accounted for



97

some but not all of the predictive power of the public assistance measures. Whéenaashe
homelessness was evaluated as the outcome, the significant association DAMNEL A
inclusion and family homelessness rate disappeared, but SNAP adequacydensagmificant
predictor. This finding supports the hypothesis that use by families of publiersnaly
increase enrollment rates in TANF by increasing their information abgitikty for TANF
and providing assistance in application.

Across the multidimensional models, poverty rate remained a strong predictor of
homelessness, particularly when shelter effort was controlled for, andrmothed of

unsheltered family homelessness.
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5. Stratified M odels of Family Homelessness

An important contribution of this study is that it explains some variation inyamil
homelessness across different types of areas. However, it is also usefakéomore precise
models of homelessness by observing a more limited set of areas in whidtelyithiat the
dynamics of homelessness or the causal factors leading to homelessmi$srant. Because
poverty has been shown in the previous national models to be such an important factor in
determining homelessness rates, the sample of CoCs is divided into those hathahid) lower
rates of poverty. Further, because less is known about homelessness in nonurban areas, the
sample is divided into urban and nonurban CoCs. The following section discusses thefresults
models of family homelessness for low-poverty and high poverty areas, and non-edsan ar
The model of homelessness for urban areas closely resembles the nabidelehmal therefore is
not discussed here.
Stratification by poverty rate

Stratifying the total sample into areas with high and low family ggvates shows that
some results are inconsistent across communities of differing poviasy 1@ome predictors,
such as rent and poverty rates, are stronger predictors when used to model thelielllessanss
the range of low- to high-poverty areas. These predictors become weakezra gdren the
sample is stratified. Other predictors that played a role in the original ,nsadk as the
representation of children in the population, are only significant among eithegtipdverty or
the low-poverty sample. Still others, such as the unemployment rate, which dgnificast
when modeling the full sample, emerge as significant in one or both samples whem they ar
stratified. The descriptive statistics for both samples of CoCs is displalledied by the

results of each model.
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Descriptive Statistics, Low Poverty Sample (N=207)
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Variable \ M ean | Median \ Std Dev Minimum | Maximum

Level 1 Variables (CoC)

Family Homelessness

Rate (Per 1,000

Homeless Families) 1.1532174 0.7984429 1.3919277 0| 11.805422
Median Rent, 3 BR

($100s) 13.4465736 12.3793871 3.7719894 7.1489004 24.94
Rental housing cost

burden 0.4543248 0.45| 0.0543102 0.2894937 0.57
% Renters 0.2893731 0.2885092 0.0752622 0.13 0.62
Substandard housing 0.0028783 0| 0.0066844 0| 0.0776451
Housing vacancy rate 0.11027570.0848428 0.0753443 0.03 0.54
% African American 0.078586|7 0.0547706 0.0842851 0.0034662 0.6383592
% Veterans in 35-54

age group 0.0742305 0.0711106 0.0320171f 0.0204458 0.2085671
Table 19

Descriptive Statistics, High Poverty Sample (N=205)

Variable | Mean | Median | Std Dev Minimum | Maximum

Level 1 Variables (CoC)

Family Homelessness

Rate (Per 1,000

Families) 1.1092242 0.7207344 1.1379153 0| 7.4055248
Median rent, 3 BR

($100s) 10.26471359.7681187 2.2725182 7.0053364 20.25
% Renters 0.3344332 0.32| 0.0765344 0.1467857| 0.66
Unemployment rate 0.0830243.0792182 0.0173126 0.0474641 0.1533816
Substandard housing 0.0041189.0029191 0.0044378 0| 0.0252415
% Age 0-18 0.2425565 0.240021 0.0265614 0.1817491 0.3280946
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L ow-poverty areas

Among communities below the median family poverty rate, the median rent for a 3-
bedroom apartment is positively (though not significantly) associated withlégsness.
Although neither median rent nor family poverty rate are significant preslictdhis model,
rental housing cost burden is a significant predictor. For every 1% incneidigegroportion of
renter households whose housing costs exceed 30% of income, the model predictf theege w
1.5% increase in the family homelessness rate.

The proportion of renter households is also a positive predictor in these communities,
with a 1% increase in renters associated with a 1.17% increase in honsdesSulestandard
housing is also positively associated with homelessness. This model predictE%thimicacase
in the percent of housing units with incomplete plumbing will be associated Réthiacrease
in the homelessness rate. The vacancy rate is positively associated wetbdsorass, with a
1% increase in the vacancy rate predicting a 0.8% increase in the fam#lelseness rate.

The representation of veterans among the 35-54 age group has a positive assathiation w
the family homelessness rate. A 1% increase in this rate is asdowmitt a 2.4% increase in the
homelessness rate. The representation of African Americans in the populgt®ondy
negative predictor in the model. Among low-poverty communities, a 1% increase in the
proportion of African Americans in the population is associated with a 1% decrehedamily

homelessness rate.
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Table 20
Model of Total Family Homelessness Rate for Low-Poverty CoCs
Variable \ B B L ower Upper p
Level 1 Variables (CoC)
Median Rent, 3 BR ($100s) 0.01 0.13 0.00 0.03 0.12
Rental housing cost burden 1.64 0.21 0.41 2.67 0.01
% Renters 117 0.22 0.47 1.87 0.00
Substandard housing 7.60 0.13 -0.11 15.30 0.05
Housing vacancy rate 0.83 0.16 0.13 1.54 0.02
% African American -1.01 -0.22 -1.65 -0.37 0.00
% Veterans in 35-54 age group 2,40 0.19 0.68 412 0.01
Random Effects
Between-state variance 0.00 0.43
Within-state variance 0.12 <.0001]
Model Fit Statistics
R"2 0.24
-2 Log Likelihood 144 .4
AIC 164.4

High-poverty areas

In the high-poverty sample, as in the low-poverty sample, median rent is a plosttive

non-significant predictor. The proportion of renter households is a positive and significant

predictor of homelessness, with a 1% increase in renter households predicting a 1.888€ incr

in the family homelessness rate. In this sample, the inclusion rate faf RANGA programs is

positively associated with homelessness. A 1% increase in the coveeageedatts a 0.76%

increase in the family homelessness rate. The unemployment rateaspalsitive predictor

among high-poverty communities. A 1% increase in the unemployment rate iseeljoect

coincide with a 3.7% increase in the homelessness rate.

The only negative predictor of the family homelessness rate in this model is the

proportion of the population that is under 18. An increase of 1% in this proportion is associated

with a decrease in the family homelessness rate of 4%.
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Table 21

Model of Total Family Homelessness Rate for High-Poverty CoCs

Variable B B L ower Upper p
Level 1 Variables (CoC)

Median rent, 3 BR ($100s) 0.03 0.16 0.00 0.06 0.068
% Renters 1.82 0.35 0.98 2.66| <.0001
Unemployment rate 420 0.18 1.04 7.35 0.009
Substandard housing 11.46 0.13 0.78 22.14 0.035
% Age 0-18 -3.83 -0.25 -5.93 -1.76 0.000
Random Effects

Between-state variance 0.02 0.043
Within-state variance 0.10 <.0001
Model Fit Statistics

RA2 0.30

-2 Log Likelihood 127.9

AIC 143.9

Differencesin stratified and non-stratified models

Treating the high-poverty and low-poverty communities as separate saimgesgant
differences in the modeling results emerge. First, while family ppvate was a positive
predictor in the non-stratified model, it is not a significant predictor forrestinatified sample.
When the family poverty rate is used to stratify the sample, this variaae i3 significance as
a predictor.

Second, median rent, which was a positive predictor of homelessness in the noeestratifi
model, is no longer a significant predictor in either of the reduced models, but mussto be
positively associated with the family homelessness rate in both modeldosmdocsignificant.
It improves the fit of both low- and high-poverty models.

The residential mobility rate, which was a positive predictor in the non-stichsiéimple,
acts as a negative predictor of the family homelessness rate in low-panearsyand as a

positive predictor in high-poverty areas, but is significant in neither model.
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While the unemployment rate was not a significant predictor in models usiagttree
sample of CoCs, it emerged as a positive predictor of homelessness within high-poeast
The importance of unemployment in the dynamics of homelessness in 2009 is supported by
knowledge of how family homelessness has been affected by the econonsmrecésom
2007 to 2009, the number of families using shelter over the course of a year incre4@&D0y
In addition to an increase in families using shelter, there was an inangasenumber of
sheltered families with adult men, suggesting that loss of jobs and income had enoimibe
structure of families using shelter (HUD, 2010). A strong risk factor for lemsmess, living
doubled up with family or friends out of economic need, increased as the effectecdtioenic
recession were felt. From 2008 to 2009, the number of people doubled up in the U.S. increased
by 12% (NAEH, 2011).

Testing hypotheses. Hypothesis 5 predicted that in areas of lower poverty, housing
market factors would become stronger predictors of homelessness relativsttenyt of
economic factors. In fact, median rent loses its significance as a predoluttsr replaced by a
measure that assesses both housing costs and income at the individual level eabat éyait
CoC level. The percent of renter households for whom housing costs are more than 30% of
income is significant in lower poverty areas.

Three housing market factors that were not significant in the non-stramitdd| did
become significant in the low-poverty sample: the proportion of renters is the strpnegictor
in the low-poverty model; the proportion of substandard housing and vacancy rate both emerge
as significant positive predictors. However, a fourth housing market variabledidential

mobility rate, loses its significance in the low-poverty model.
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As hypothesized, housing market factors do play an important role in this model, making
up a majority of the significant predictors. Other than these four housing marldtiesione
of which takes income, an economic measure, into account) the only other significalesar
in this low-poverty model are two demographic variables.

The representation of African Americans here is a negative predictor, ésgavith a
decrease in homelessness. This variable has shown very different results Witk iimc
various models of family homelessness in this study. In the domain-speode osing
demographic and public health variables, it was a positive predictor of homelegskesping
with previous studies of homelessness rates. However, in the model of unsheltered
homelessness, this predictor appeared as negative and significant.

While individual-level studies have consistently found higher risk for homelessness
among African Americans, community-level studies have not confirmed thegrimgk for
African Americans translates into higher rates of homelessndss @mmunity level. Culhane,
Lee, and Wachter (1996) did find that neighborhoods with a higher representation af Africa
Americans within a single city were more likely to be the neighborhoods froni fdrnalies
entered shelter, but the overall homelessness rate of cities or metropmi#a have not
consistently been shown to be affected by the representation of this group at the ¢gmmuni
level. A single study showed representation of African Americans to bevplysassociated
with the total homelessness rate at the community level (Elliot and Krivo, 199#&)sekieral
others showed no significant relationship (Burt, 1993; Early and Olsen, 2001; Lee, Pric

Spratlen and Kanan, 2003; Raphael, 2010).
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The representation of veterans in the 35-54 age group is a positive predictoromithin |

poverty areas, as it was in the Demographic/Public Health model and the modstheltered
family homelessness.

Hypothesis 5 also predicted that in high-poverty areas, public assistance gdatpsgc
would become stronger predictors of homelessness because these programdeabadaafier
proportion of the population. The results of the high-poverty model did not support this
hypothesis. In fact, when the sample was stratified into low- and high-poveaty; the
significance of the SNAP adequacy variable, which had been significant in theatdredt
model, disappeared.

Differences. Low- and high-poverty models
The models for low-poverty and high-poverty models are quite different from one

another. There are a few variables shared by both models; rental coststare gadiclose to

significant, but not significant at the 0.05 level. The proportion of renters and the proportion of

substandard housing units are both positive predictors.

The vacancy rate and the rental cost burden, each of which were positive preditters of

family homelessness rate in the domain specific model using housing and ecoictonss et
were not significant in the multidimensional model, emerge again in the low-povedsi as
positive and significant but not in the high-poverty model.

While the public assistance inclusion rate remains a positive predicher stréatified
sample, this predictor is significant only among the high-poverty communities
representation of children in the population remains a negative predictor in tiiedtmaddels,

but is significant only in the sample of high-poverty communities.
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The unemployment rate, which was not significant in the non-stratified medel, i
significant only in the high-poverty model. Each model has significant and unique @g@mogr
predictors: in the low-poverty model the representation of African Amerisaregative and the
representation of veterans in the 35-54 age group is positive. In the high-poveetythmd
representation of minors is a negative predictor.

Non-urban Areas

Five Level 1 or CoC-level variables were significant predictors oflyamoimelessness in
non-urban locations. The strongest predictor of family homelessness was the cvupamnoc
housing cost burden. An increase of 1% in the percent of owner-occupants whose housing costs
were over 30% of their income was associated with a 2.8% increase in thefazd\of
homelessness. The second strongest predictor was the residential maobjlitythea 1%
increase associated with a 3.97% increase in the family homelessne§hetemaining CoC-
level variables were roughly similar in their importance in the model: aeaserin the housing
vacancy rate was associated with a 0.8% increase in the family hameskesate, an increase in
the proportion of households that consisted of a single person was associated with a 2.59%
increase, and an increase in the SNAP inclusion rate of 1% was expected tpagcarf.34%
increase in the family homelessness rate.

Three state level (Level 2) variables were significant. The maximusmiaor
eligibility for TANF for a family of three was positively associteith the family homelessness
rate, with a $100 increase in the maximum income level associated with a 0.03%eificrea
homelessness. The amount of federal spending on the TANF program in thedstatesbative
relationship with the family homelessness rate. For every $10 increase indinet @pent per

capita by the federal government on TANF, the family homelessness ratepeated to
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decrease by 0.03%. Last, the frequency of alcohol abuse treatment ineheastabsitively
associated with family homelessness. A 1% increase in the number of treadmésgions per
1,000 people in the population was associated with a 0.03% increase in the family hos®lessne
rate.

Table 22
Descriptive Statistics, Non-Urban Sample (N=168)

Variable \ Mean | Median \ Std Dev

Minimum | Maximum

Level 1 Variables (CoC)

Family Homelessness
Rate (Per 1,000
Families)

1.04050% 0.6596743

1.2901566

0

11.280212

Owner-Occupant
Housing Cost Burden

0.3283575 0.3105059

0.0784314

0.2192308

0.62

Housing vacancy rate

0.1473628 0.1298034

0.0705892

0.05

0.54

Residential mobility
rate

0.1632278 0.16

0.0328229

0.09

0.29

SNAP inclusion rate

0.6831838 0.6900751

0.1854727

0.2173634

1.475604

Single-person
households

0.2677713 0.2724152

0.0290029

0.1314118

0.3409964

Level 2 Variables (State)

Income Max., TANF
Eligibility ($100s)

7.56 7.17

3.11

2.68

18.02

Federal spending on
TANF cash assistance
per capita ($10 per
person)

3.3( 1.82

4.05

13.29

Alcohol treatment
admissions per 1,000
people

2.16 1.46

2.04

0.30

13.10
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Table 23

Model of Total Family Homelessness rate for Non-urban CoCs

Variable B B L ower Upper P
Level 1 Variables (CoC)

Owner-occupant housing cost burden 2.770.53 1.92 3.62| <.0001
Housing vacancy rate 0.78 0.13 -0.10 1.66 0.082
Residential mobility rate 3.97 0.32 2.02 5.91| <.0001
SNAP inclusion rate 0.34 0.15 0.00 0.67 0.050
Single-person households 2.690.18 0.59 4.59 0.011
Level 2 Variables (State)

Income Max., TANF Eligibility

($100s) 0.03 0.21 0.01 0.05 0.012
Federal spending on TANF cash

assistance per capita -0.02-0.20 -0.034| -0.006 0.006
Alcohol treatment admissions per

1,000 people 0.03 0.14| 0.0004 0.06 0.046
Random Effects

Between-state variance 0 .
Within-state variance 0.12 <.0001
Model Fit Statistics

R"2 0.35

-2 Log Likelihood 110

AIC 130

Differences between total sample models and nonurban model

When the sample of CoCs is stratified into urban and nonurban areas, the model for non-

urban areas stands out as unique from other models. While models of the total sampk of CoC

have included very few state-level predictors, in this model three statgtedectors appear.

The most important difference, within the context of this study’s focus on pubistaaxe

programs, is the presence in the non-urban model of a negative association beheasura of

the TANF program and the family homelessness rate. In other models, TalN&ion rates

were either positive or non-significant, and TANF adequacy rates wergigraficant. In non-
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urban areas, however, greater federal spending on TANF cash assistanssogaged with a
decrease in the family homelessness rate.

The importance of federal expenditures among all expenditures on TANF sestares
was particularly strong during this time period. Beginning in 2009, federal fuhdsbgeen of
greater importance to public assistance programs, as state spending@rdgesns remained
flat from federal fiscal year 2008 to 2009, and decreased from 2009 to 2010. Incrdedesal
funding of 10.6% from 2008 to 2009 and of 14% from 2009 to 2010 are responsible for the slight
overall increase in spending on public assistance programs over this period. Theeincrea
federal funding was delivered through the American Recovery and Reinvestoterfit2@09
(NASBO, 2010).

A second state-level variable related to the TANF program appears in this orezlef.
the state-level rules governing TANF eligibility. The maximum incoliesvad for eligibility
for TANF is positively associated with homelessness. This finding confirms kigist2,
which predicted that rules affecting inclusion rates for TANF would have thesasiirve
relationship as inclusion rates.

The third state-level variable in the model of family homelessness in non-udasnisr
the rate of admissions to alcohol abuse treatment, which has a positive essadihtthe
family homelessness rate. This is the only public health variable to agp&Egnificant in any
of the multidimensional models. This result contradicts the expectation that Ipedlth
variables would not appear as significant in the multidimensional models. Howeseesult
does fit with existing knowledge about the conditions under which households often enter
homelessness. Periods of residential instability such as an exit fromitutiamstlized setting

are times of increased risk for homelessness. In 2009, two percent of adults irshdameikkes
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entered shelter directly from an institutional setting such as a hasprehabilitation facility
(HUD, 2010), and it is likely that a larger number exited an institutional sestiaged
temporarily with family or friends, and later entered shelter.

Another contrast between the non-urban model and models of all CoCs is a different
measure of housing cost. While all previous models included a measure of restal cestal
cost burden, in the non-urban sample the owner-occupant housing cost burden is a better
predictor of family homelessness. There is a difference between the momdrbwner-
occupied housing in non-urban areas (mean 70%) and in urban areas (mean 67%), which could
partially explain this, but the difference is not very large.

Another explanation for this difference is indicated by the data on the lasf iduation
for families entering shelter. In 2009 a greater proportion of homeless adultsumnbaon
locations (33%) than in urban locations (26%) entered shelter either from owned housing o
the homes of families or friends (HUD, 2010). Although the data does not allow the sampar
to be made specifically for homeless families, and the degree to which the bbfamilies and
friends were owner-occupied housing units is not known, it appears likely thaetamil
suburban and rural locations entered homelessness more often from owner-occupied housing, or
that their housing stability was affected more often by owner-occupanngargsts than
families in urban locations.

Finally, in the non-urban model of family homelessness, in place of the TANF orclusi
rate, which in models of the total sample was a positive predictor of family hesness, the
SNAP inclusion rate is a better predictor of homelessness. This result sulggestsiie in
urban areas the proportion of families in poverty that fit the eligibility requents for TANF is

a good proxy for families at risk of homelessness, in non-urban areas, the proportion of
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households in poverty who are eligible for SNAP may be a better proxy for faomiglessness
risk.
Summary
The relationship between poverty and homelessness diminishes when samples are
selected that represent a more limited range of poverty rates, but haaskeg factors,
including rental costs, remain important predictors. In areas in which theypmiterts above
the national median, unemployment rate is a positive predictor of homelessnassf La
housing affordability is a significant predictor of homelessness even in areagh the
poverty rate is below the national median. Communities with more renters;, heglagcy rates
and more substandard housing appear to produce more homelessness. No demographic group
was found to be a consistent predictor of homelessness in both low- and high-poverty areas.
Models of family homelessness in non-urban areas stand out from those of all GoCs wit
two significant state-level TANF program predictors, the only significantigbbhlth variable
in any of the models, and by showing owner-occupied housing costs to be more intpartant

rental housing costs.



112

6. Summary of Results
Consistent Results

Overall, the multidimensional models of family homelessness share a numbermbn
characteristics, whether they model the total family homelessates$acus only on unsheltered
family homelessness, or are limited to a subset of areas such as high pmaestgr non-urban
areas. Every model includes three types of variables:

Housing affordability. The models developed in this study indicate that family
homelessness occurs with greater frequency in housing markets in which houtsiragecos
higher, where households competing for housing have incomes that are below the poekrty |
and where there is a mismatch between housing costs and income, such that a largenpobpor
households are paying more than 30% of their income for housing costs.

Quality of the housing stock. The models also indicate that homelessness occurs most
frequently in housing markets in which there is a relatively high proportion of substanda
housing units, and a relatively high level of housing vacancy. The repeated presenhe of bot
housing quality and vacancy variables as predictors suggests that in these hotlstgy ma
vacancy is not occurring due to less competition for housing, and is not providing more
opportunity for families to access housing units, but instead is due to low quality oftde uni
preventing the units from being rented, such as presence of pests, lack of tpae; presence
of mildew, or even substandard conditions in units that are being incorrectly deg®rte
habitable by the landlord.

Housing mobility and housing market competition. In general, the models show that
family homelessness is occurring at higher rates in housing markeksah households are less

stably and permanently housed, where there is a high level of mobility, and déising
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market is more competitive, meaning that each household is competing in its hoasthgngth
a large number of other households for the same apartments.
Poverty

This study tested a number of measures of poverty and household income, including
family poverty rate, adult poverty rate, individual poverty rate, household poa&tyand the
rate of extreme poverty, or the percent of the population with an income below 50% of the
poverty threshold. While extreme poverty was expected to be the best pradictgy poverty
measures of family homelessness, given the very low incomes that homeliéiss taave been
found to have in individual-level research, the models demonstrate that in gendyaktthe
predictor of the family homelessness rate is the family poverty rathowgh the extreme
poverty rate is always a significant predictor of family homelesstigssnodels created using
the family poverty rate fit the data more accurately than models usingtteene poverty rate.
This result suggests that the poverty threshold is a more important incomeanease in
predicting family homelessness than 50% of that threshold. However, it is alstaintpor
consider that the extreme poverty rate is calculated as a proportion of the totatipnpuihile
the family poverty rate is a proportion of only family households. Using family houtseinol
the denominator may make this poverty measure more precise a predictor pf famil
homelessness than any general population poverty measure.
Housing Cost

This study tested several measures of housing costs, including medianaststaiair
market rental costs, property values, and housing cost burdens for renters arsd dnvner
general, rental housing indicators were the key predictors in the models, hltvanigr

occupied housing costs were significant. The study found that in general, tlaa westi of
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rental housing units is the best predictor of family homelessness rates. Haweweene cases,
housing cost burden, which measures the mismatch between housing costs and income at the

household level, took the place of both housing costs and poverty measures in the models.

Table 24
Results common across models
Variables Result Models
Housing affordability: Lack of housing affordability is a All
Median rental costs strong positive predictor of family
Family poverty rate homelessness.

Rental housing cost burden
Owner housing cost burden

Poverty rate Family poverty rate is a better All except
Family poverty rate predictor of family homelessness thapoverty-
Extreme poverty rate the extreme poverty rate stratified

models

Housing stock quality Presence of low-quality housing unit&ll
Substandard units (incompleteis a consistent positive predictor of
plumbing) family homelessness
Vacancy rate

Housing mobility and competition Residential transition and All
Residential mobility rate competition in the housing market
Renters created by mobility and a high rate of

Single person households consumption of housing per person
are linked with higher rates of family
homelessness.

Unique Results

Although there were strong consistencies across the models of family henesie,
models of unsheltered family homelessness, and models of homelessness in high and low-
poverty areas and in non-urban areas exhibited a number of important differencemtieis

of total homelessness in all CoCs.
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Unsheltered homelessness and lower -poverty ar eas. Both the model of unsheltered
family homelessness and the model of family homelessness in areas witipdowey rates
included the representation of African-Americans as negative predictorsibf FEomelessness.
This finding is difficult to reconcile with what is known about the risk of homelesdoes
African-Americans, that individually, people of African-American race at higher risk of
homelessness than the general population.

Both of these models also showed that the representation of veterans among 35-54 yea
olds was a positive predictor of homelessness. While families are only a spalitjgn of
homeless veteran households, they are a growing segment of this population, asdlthis re
suggests that as this population grows, rates of unsheltered family homaleaadesates of
total homelessness could grow in some areas.

Higher poverty areas. The results show that in areas with poverty rates that are above
the median, higher unemployment rates are linked with higher rates df Faamelessness.

This result demonstrates the importance of stratifying samples wheaiagalpmelessness
nationally. This important economic dynamic contributing to family homelessnaes clear
when the full sample of CoCs is analyzed together. Only by directing the foaesasooé high
poverty is the importance of the unemployment rate seen. This predictor addsunport
complexity to the model of homelessness rates. Up to this point, the understanding of the
economic situation of families entering homelessness was limited to thbedathese families
were in poverty, with no context for the poverty, or indication of timing. This finding for the
higher poverty areas suggests that in some cases, poverty that is ledoingetessness may not
be a long-term condition, but could be a temporary condition that some familieseainegent

after a household member loses a job.
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Non-urban areas. Non-urban areas have several unique predictors of family
homelessness. First, this is the only model in which a measure of the TANF progréoumnda
to have a negative association with family homelessness. Greater federalgpendiapita on
TANF cash assistance is associated with lower rates of family hesnekes. This was also the
only model in which a public-health factor was found to be a significant predictor: {arban
areas, the rate of admissions to alcohol-treatment programs is a positiietop et
homelessness. Third, in contrast to other models developed in the study, owner-occupant
housing costs were found to be a more precise predictor than rental housing cosks.tH®urt
model showed that the rate of SNAP (food stamp) receipt was a good predictor of boessles
— a better predictor than the TANF receipt rate. This differs from the othersvardkbuggests
that in non-urban areas the broader population eligible for SNAP may be a betteofrtae
population at risk for homelessness, while in urban areas, the narrower populgiide flr
TANF may be a better match of the population at risk for homelessness.

The unique results for the non-urban sample of CoCs suggest that the dynamics and
determinants of homelessness differ significantly in non-urban and urban lereader to
obtain accurate pictures of causal factors of homelessness, national mdumlidgasvays

include a focused look at non-urban communities.
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Table 25

Results unique to individual models

Variables Result Models

% African American Higher proportion of African| Unsheltered

American people in the
population is associated with
lower unsheltered family
homelessness rates and lower
family homelessness rates.

Low-poverty areas

% 35-54 who are veterans

Higher proportion of veteramnsheltered

among 35-54 year-olds is
linked with greater
unsheltered family
homelessness and family
homelessness.

Low-poverty areas

Unemployment

Unemployment rate is
associated with more family
homelessness in high-poverty
areas.

High-poverty areas

Federal spending on TANF

Greater federal spending griNon-urban areas

TANF per capita is linked
with less family homelessness
in non-urban areas.

Rate of admission to alcohol
treatment programs

Higher rates of admission are Non-urban areas

associated with higher rates of
family homelessness

SNAP inclusion rate

The proportion of householgd®lon-urban areas

in poverty receiving SNAP is
a better predictor of

homelessness in non-urban
areas than the TANF inclusian
rate.

Owner housing cost burden

Housing costs for owners
more precise predictor of
homelessness than housing
costs for renters in non-urbar
areas.

dNon-urban areas
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7. Conclusions and Policy I mplications

The results of this study address two existing gaps in the literagaelneg family
homelessness. First, they confirm and extend the findings of previous commuelitstiglies
that have focused on homelessness among the general population by showing that hasising cos
poverty, and housing affordability are key predictors of homelessness amohegsfai®econd,
the results show that even when a variety of public assistance programsaneethén multiple
ways and included in a model of family homelessness, there are few measuses that
significantly and negatively associated with family homelessratss.

Housing affordability

The results confirm theoretical models of homelessness that highlightgbeamce of
lack of housing affordability, with housing affordability defined as a mismbetween housing
costs and household incomes. This is also consistent with results of communisttidiesd of
the total homelessness rate. In the various models developed in this study, housjing cost
poverty rate, both variables, or housing-cost burden are significant predictorselébsemess.

The importance of measures that assess housing affordability in varioys ways
demonstrates that, in general, policies intended to reduce homelessness shouleébdefocus
housing affordability, and increasing housing affordability for people in paverty
Housing Costs

The importance of housing costs in the models — especially in the original nioetel itv
is the strongest predictor — highlights the negative implications of chembEsl housing
markets that result in increases to real-estate values and housing costisllgseetal costs.

These results demonstrate that increased family homelessness satesana

unintended effect of various private or public actions that contribute to increased rmsisig
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Such actions include private development, conversion of units from one building type to another,
land use approvals, tax incentives for development, or land-use regulations #egerttousing

costs by limiting housing density, excluding multi-family housing, or settingnnuim

requirements for housing size.

Our findings on housing affordability lend general support to a wide range of
interventions, from emergency financial assistance to pay rentalsaoféered by homelessness
prevention programs, to expansion of funding of Housing Choice (Section 8) Vouchers. These
programs are designed to mitigate the problems resulting from housing coste thayond the
reach of poor families.

However, the programs that provide housing subsidies, whether temporary or ongoing,
shallow or deep, remain severely limited in their inclusion rates. None of the@cusisidy
programs currently operating, such as the Housing Choice Voucher program or homelessnes
prevention programs that provide temporary rental assistance are entitjgograms.

Regardless of the criteria chosen, enrollment in these programs ii@faddhose who
demonstrate need, and allocation of low-income housing subsidies within the eligibldipopula
is not conducted according to level of need, but on a first-come, first-served Oathe.

population in poverty, a small proportion receives a deep subsidy. Most people who have the
lowest incomes receive no subsidy at all, while some people with higher ineomidess severe
needs receive a subsidy (Olsen, 2010)

The resulting system, as many have pointed out, results in an incoherent housthg subsi
system which is not broadly effective at addressing the population’s low-incomedhoesids
or reducing homelessness rates. Olsen (2010) makes a strong case fangdfmrd.S. system

of housing assistance with the goal of significantly reducing homelessdesseecommendation
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is the establishment of an entitlement housing voucher program, which every housdhukt tha
income criteria would receive. Olsen’s strategy for this reform is totama the current housing
subsidy budget, but to target existing subsidies more narrowly to famitlegextremely low
incomes, which he argues would account for almost all households that become homeless.

However, Olsen’s recommendation, while it could be effective in reducing hanesss
would amount to re-allocating an existing number of housing subsidies, and reieailccatid
be less effective than expected in reducing homelessness rates. fittu# thf predict what the
effect would be of shifting subsidy allocation away from other households in powédyare
not in extreme poverty, in order to shift vouchers to the lowest-income category.vétpwe
Olsen’s goal of providing all households that met extremely low incomei@nitéh a housing
voucher entitlement could be achieved by expanding the funding of the housing voucher
program. If an entitlement program for people in extreme poverty were arlttexlexisting
system in which a broader segment of the population in poverty can apply to waisifigrlis
vouchers, Olsen’s goal could be achieved without reducing the number of vouchetdeat@ila
the general population in poverty.

Based on this study’s results that housing costs are a strong predictor ofithe fam
homelessness rate, the funding of this program expansion should be designed vdénatamrs
of the impact that increasing housing costs have on homelessness rates. mydurmalising
voucher entitlement through a progressive tax on residential and commesitiedtate
transactions, the funds for the expansion could come in greater part from arbeaineal
estate transactions are frequent and more profitable, which are thenasbash housing costs
are high. The impact of real estate transactions on housing costs, and the riegpdtatgn

homelessness rates, could thus be mitigated. While higher real estateavaloisn viewed as
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improvements for communities, the negative impact that they have on the ability of poor
households to afford housing should be acknowledged and compensated for by a tax on the
transactions that contribute to them.

This study’s results could also be used to make improvements to homelessness
prevention programs that use short-term rental assistance, rented pagaents and other
services to prevent homelessness, or similar rapid re-housing prograopschit assist
families that do lose housing to find new housing or regain lost housing. Thesedisdgugest
that allocation of funds for these programs should be conducted using community- and
neighborhood-level measures of rental housing cost, poverty rates, unemployegrana the
presence of substandard housing to identify areas from which households at risklessioess
are most likely to be found.

Poverty

The most consistent result of the various models that were created of the famil
homelessness rate was the positive and significant relationship betwedy pader
homelessness. The family poverty rate was a predictor in the origiutadimensional model of
family homelessness, where a 1% increase in the family poverty aatassociated with a 2.8%
increase in the family homelessness rate. It became a stronget@redien shelter beds were
added to the model as a control variable, associated with an increase of 4.1% in tesdrase!
rate. The poverty rate was an even stronger predictor of unsheltered homslebstias
model a 1% increase in the poverty rate is expected to result in an 8% increase terexshel
family homelessness.

These findings are consistent with those of individual-level studies, which have shown

risk for homelessness to be limited to the population in poverty. They have shown that poverty
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is a necessary but insufficient condition for homelessness; in other words)ywatuaf those
who become homeless are from the population in poverty, but many households who are in
poverty do not experience homelessness.

Public Assistance

Given the results of the study that indicate the importance of poverty ratesmodieé of
family homelessness, some of the results for public assistance prograuspaseng. Public
assistance inclusion and adequacy rates do not appear to have the strongpassaeiiat
variation in homelessness rates that would be expected from programs that prpopidments
to the income of families in poverty.

Given the clear relationship between the family poverty rate and the faomiglessness
rate, it is surprising that so few public assistance program measuresgmfieast negative
relationships with the family homelessness rate. Neither public housingpriS&cESI, nor
SNAP inclusion rates were significant predictors of homelessness. Adeqtexyor TANF
and SSI were not significant. Only two public assistance variables weadsd with lower
rates of family homelessness: for the total sample of CoCs, SNAP bengtibagievas a
negative predictor, and among non-urban areas, federal spending on TANF céshcassias a
negative predictor.

The limited number of significant results among public assistance varfalggssts that
some qualities of public assistance programs prevent them from exerting@gedffect on
families’ risk for homelessness. The unmet potential of public assistancamsofgr reduce
homelessness rates should be a nationally recognized problem addressed byltberag&ncy
Council on Homelessness (USICH). The USICH is the federal government’evehic

interagency cooperation on homeless policy, and is made up of the heads of 20 Cabinet-level
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departments and agencies, including the Department of Housing and Urban Develapchent
the Department of Health and Human Services.

Currently, one of the ten objectives in the USICH Federal Strategicd’Rmevent and
End Homelessness is to “improve access to mainstream assistance and sereitece
people’s financial vulnerability to homelessness.” While this goal rezegtine importance of
public assistance for assisting households to avoid homelessness, the impiemeintiais goal
has largely been focused on making use of changes in Medicaid policy instituted by the
Affordable Care Act, to obtain better access to medical care for pebplar& homeless
(USICH, 2011).

Priority should be placed on understanding why current U.S. public assistance grogram
such as TANF and SSi fail to keep approximately 180,000 families from enteritey siver
the course of a year, examining benefit adequacy and inclusion rates. The $f®idd
become a strong advocate for the expansion of public assistance benefits partamirtool in
preventing homelessness. Further research could develop understanding gpegat ty
changes to public assistance programs would be most effective in reducingssmass$ rates.
Directionsfor Further Research

Assessing the relationship at the level of an ecological analysisyéneaegn many
guestions and there is little information on which to base further conclusions about witigisqual
of public assistance programs are limiting their effect on the family lessetss rate.

For example, two qualities of public assistance programs could potentiallyntedoiar
a lack of effect on the homelessness rate. First, the rates of inclusibademrograms could be
too low to reduce rates of homelessness among people in poverty at a level that eaauredn

The one significant negative relationship with a public assistance variabtedsaappear in the



124

model supports this argument. There is a negative relationship betweenARea8éfuacy rate
and the family homelessness rate. This finding contradicts expectationsgaacdates for
TANF and SSI programs, which pay larger amounts of cash benefits, were rataignivhile
the adequacy rate for SNAP, a program that pays smaller amounts of non-cagh, vesefi
significant. One explanation for the significance of SNAP benefit adedsidtgt the SNAP
program has a higher mean inclusion rate (0.65) than either TANF (0.20) or SSI (0.31).

Another possible explanation for the lack of significant relationships is that thit bene
levels for programs such as TANF and SSI are quite low. These programs rhayentte
potential to increase families’ incomes sufficiently to help them avoid hesrades.

This section will describe additional research methods that could be used to provide more
insight into why public assistance programs don’t exert more influence ory taonilelessness.
First, individual-level, longitudinal study could address some of the gaps in knovaktige
role that public assistance programs play in the housing dynamics of homeles®his,sad
households at risk of homelessness. Second, cross-national comparisons could improve
understanding of how the qualities of public assistance programs affect theirghtoergtduce
homelessness rates.

Individual-Level Longitudinal Study. Little is known about how households in
poverty who are at risk of homelessness currently use public assistan@ara,ognd how their
benefit receipt relates to experiences of homelessness. Different §iraditige individual level
of study could lead to very different conclusions and policy recommendations. Fqlexdma
longitudinal study of use of public assistance benefits among familiek &risomelessness
found that there were high levels of TANF receipt among families who entered,shadte

similar levels among families who did not enter shelter, a logical connlussuld be that the
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TANF adequacy rate is too low to be effective in altering familiek’afshomelessness. The
appropriate policy recommendation would be to increase TANF benefit levels ame #resr
value was related to area housing costs.

In contrast, if the same type of study found that TANF receipt was higher among
households that did not enter shelter; a better conclusion would be that TANF inclueson rat
were too low to assure that most families at risk were receiving TANFitsen€he appropriate
policy recommendation and advocacy focus would be increasing TANF inclusion rates.

Finally, longitudinal study at the individual level could address a number of outstanding
guestions regarding the timing of benefit receipt, benefit loss, and hometesEoegxample, if
TANF receipt was found to be lower among families when they enteredrshaliehigher after
they entered homeless shelters, just before they exited shelter to howsheguthing
conclusion would be that a lack of TANF receipt contributed to homelessness risk, thigsisome
shelter staff were assisting families in TANF enroliment, and thatleraot in TANF then
enabled families to exit homelessness and obtain housing. A policy recommendaipeviha
from this finding would be to improve the performance of TANF program offices in conguc
outreach to enroll households at high risk of homelessness, instead of waiting for lasusehol
enter shelter before enrolling them.

Cross-national policy comparisons. Existing cross-national literature on social welfare
programs suggest two possible explanations for why U.S. social welfare psagemot be
able to have much effect on homelessness rate. First, in comparison to other eaitries,
social welfare benefits in the United States do little to change thefratererty among single

parents with children. In particular, U.S. taxes and transfers perfornpeerly at reducing
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poverty for single parents, reducing the poverty rate among this group by only hdéahe
average reduction among other countries studied was 46% (Smeeding, 2006).

A cross-national study of the relationships between national public assistag@pro
characteristics and national homelessness rates is needed. By coriy@pedormance of
nations’ programs at reducing poverty among single parents as wellasmhhomelessness
rates, the study could identify any cross-national relationship betwegmdbrsm characteristic
and homelessness rates.

Another quality that could be investigated using cross-national comparisons igibe de
of targeting or universality in social welfare benefits. Brady anddsway (2010) conduct a
cross-national comparison of poverty among single mothers. They compatedaangd
universal social welfare benefits in 18 wealthy democratic countries emdntipact on the rate
of single mothers in poverty, and find that the two measures of universal bengstsdrayer
negative associations with poverty among single mothers than did the targedirigrrsingle
mothers.

Similar measures of targeted and universal benefits could be assessed, and used to
develop a model of national homelessness rates, to determine whether targettx)] benef
universal benefits, or both types, were associated with lower rates of hemeskes
Summary

In summary, the results of this study support the expansion of homeless policies that
focus on the problem of housing affordability. Expansion of the existing Housing Choice
Voucher program to include an entitlement to housing subsidy for very poor households could be

funded through a progressive real estate transaction tax.
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Second, the study indicates several community-level rates that should be considered i
allocation of funds for homelessness prevention and rapid re-housing programsy. [aaesrt
rental housing costs, unemployment, and presence of substandard housing units.

Third, the study suggests that public assistance programs fall short in lbeing educe
rates of homelessness. This failure should be acknowledged and investigated .8y the U
Interagency Council on Homelessness, which should advocate for and enact changés to publ
assistance inclusion rates and/or benefit levels. The exact prograntelfisties that are
limiting their impact on homelessness should be determined through furthechesést,
individual-level longitudinal study of families’ use of public assistance pragrand
experiences with homelessness would clarify the role that public assiptagcams are
playing, or not playing, in the dynamics of family homelessness. Second, ctiossina
comparisons of social welfare policy characteristics and family hosmedss rates could show
which characteristics of U.S. public assistance programs may be linmé@mgptential of these

programs to reduce homelessness.
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8. Appendices
Appendix A: CoC Maps
Map 1:Continua of Care and Counties, United States

(Map credit: Tom Byrne, National Center on Homelessness among Veterans)
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Map 2:0ne-to-One Match of CoC to County
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(Map Credit: Tom Byrne, National Center on Homelessness among Veterans)
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Map 3:0ne-to-Many Match of CoC to Counties

(Map Credit: Tom Byrne, National Center on Homelessness among Veterans)
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Appendix B:Independent Variables

Subject Variable Description Data source Geographic | Date
L evel
Housing
Median Rent Median rental costs for American County 2005-
housing units of various Community Survey 09
sizes (ACS)
50th Percentile | Estimates of gross rents at| HUD 50" Percentile | County 2009
Rents 50" percentile of Rent Estimates
distribution of units for
varying sizes
Fair Market Estimates of gross rents at| HUD Fair Market County 2009
Rents 40" percentile of Rents
distribution of units of
varying size
Overcrowding Percent of occupied housindCS County 2005-
units that are overcrowded 09
Vacancy Rate Percent of housing units th&AlICS County 2005-
are vacant 09
Tenure Percents of housing units | ACS County 2005-
that are renter-occupied and 09
owner occupied
Housing Percents of occupied ACS County 2005-
conditions housing units lacking 09
complete kitchen facilities
and percent lacking
complete plumbing facilities
Housing cost Percent of owners and ACS County 2005-
burden percent of renters with 09
housing cost burden over
30% of income
HUD Income Low, very low, and HUD Income Limits | County 2009
Limits extremely low income limitg
for housing subsidies,
calculated as 80%, 50% and
30% of area median income
Median housing | Median monthly housing | ACS County 2005-

costs

costs for owners and for

09
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renters

Property Value Median property value, ACS County 2005-
owner-occupied housing 09
units

Residential Percent of population that | ACS County 2005-

Mobility has moved in the past year 09

Foreclosure Foreclosure filings and rateYear End Foreclosure State 2009
of completed foreclosures | Market Report,

RealtyTrac

Foreclosure Change in foreclosure rate:Year End Foreclosure State 2007-
2006-08, 07-08, 07-09, 08-| Market Report, 09
09 RealtyTrac

Economic

Poverty Poverty rates for total ACS County 2005-
population, adults, 09
households, families, and
individuals

Median income | Median household income ACS County 2005-

09

Very low income| Percent of population with | ACS County 2005-
incomes below 50% of 09
poverty threshold

Unemployment | Unemployment rate ACS County 2005-

09

Economic Gini Coefficient of County Health County 2007

Inequality Inequality Rankings (CHR)

Demographic

Race Percent of populationin | ACS County 2005-
White, Black, and Hispanic 09
racial/ethnic group

Age Percent of population in ACS County 2005-
each age group: <18, 18-24, 09
25-34, 35-44, 45-54, 55-64
65>

Nativity Percents of population and| ACS County 2005-
population in poverty that 09
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are foreign born

Household Type| Percent of housing units th&AICS County 2005-
are female headed with no 09
husband present

Household Type| Percent of housing units | ACS County 2005-
occupied by householder 09
living alone

Household Type| Percent of all households| CHR County 2005-
that are single-parent 2007

Veteran Status Percent of each adult age ACS County 2005-
group that are Veterans 09

Foster Care Exits Youth aging out of foster | NAEH State of State 2009
care as a percent of the Homelessness Report
population

Public

Assistance

Programs

TANF and GA | Percent of households in | ACS County 2005-

Inclusion poverty that received TANR 09
or GA income in past 12
months

SSI Inclusion Percent of households in | ACS County 2005-
poverty that received SSI 09
income in past 12 months

SNAP Inclusion | Percent of households in | ACS County 2005-
poverty that received food 09
stamp (SNAP) benefits in
past 12 months

Veterans Percent of Veterans that | Veterans Benefits County 2008

Pension received VA Pension Administration

Inclusion Benefits

Medicaid Percent of the population | Community Health | County 2009

Inclusion who are Medicaid Status Indicators
beneficiaries (CHSI)

Section 8 Percent of households in | HUD Picture of County 2008

Inclusion poverty that received Subsidized
Housing Choice (Section 8) Households
Vouchers

Public Housing | Percent of households in HUD Picture of County 2008
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Inclusion poverty that received PublicSubsidized
Housing unit Households
TANF Adequacy| Ratio of maximum monthly | Welfare Rules State 2009
TANF payment for family | Database (WRD)
of three with no income to
state median rent
SSI Adequacy Ratio of average monthly | Social Security State 2009
state supplement to SSI, to| Administration
state median rent Annual Statistical
Supplement
SNAP Adequacy| Ratio of average monthly | SNAP Average State 2009
SNAP benefit, to state Monthly Benefits
median rent
Diversion Presence of formal diversionWRD State 2009
Payments payments as an alternative|to
enrollment in TANF
Job search Mandatory job search at | WRD State 2009
requirement application for TANF
Maximum Maximum income for initial| WRD State 2009
Income eligibility for a family of
three
Sanction Policy | Percent of benefit reduced WRD State 2009
by sanction policy for
noncompliance with work
requirements for single
parent
Work Exemption| Age at which child no WRD State 2009
longer qualifies a parent for
exemption from work
requirement
TANF spending | State spending on TANF péYational Association | State 2009
capita and as percent of totabf State Budget
state spending Officers, State
Expenditure Report
SSland GA State spending on SSI and| National Association | State 2009
spending GA per capita and as percgnf State Budget
of total state spending Officers, State
Expenditure Report
Medicaid State spending on Medicaid National Association  State 2

009
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spending per capita and as percent pbf State Budget

total state spending Officers, State
Expenditure Report

Public Health

Alcohol Abuse Percent of adults who bingeCHSI County 2002-
drink 08

Medical Care Primary Care Providers perCHSI County 2009
100,000 people

Medical Care Dentists per 100,000 people CHSI County 2006

Medical Care Preventable Hospital StaysCHR County 2005-
per 1,000 Medicare 06
enrollees

Medical Care Clinical Care Ranking of | CHR County 2009
County within State

Medical Care County Designated as a | CHSI County 2009
Health Professional
Shortage Area

Medical Care Percent of 18-65 year oldg CHR County 2005
without health insurance

Mental Health | Spending on State Mental | Kaiser State Health | State 2008

Spending Health Agency per capita | Facts

General Health Percent of adults who are| CHR County 2006-
obese 08

General Health Percent of adults with CHSI County 2009
diabetes

General Health Percent of population with CHR County 2002-
fair to poor health 08

General Health Percent of Adults with highCHSI County 2009
blood pressure

General Health Percent of Adults reportingCHSI County 2009
no exercise in past month

General Health Percent of Adults who CHR County 2002-
Currently Smoke 08

Pre/Neo-Natal | Percent of births to women| CHSI County 2009

Health 40-54 years old

Pre/Neonatal Percent births with low birth CHR County 2000-

Health weight 06

Pre/Neonatal Neonatal mortality per 1,000CHSI County 2009

Health

births
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Pre/Neonatal Post-neonatal mortality per| CHSI County 2009
Health 1,000 births
Pre/Neonatal Teen birth rate per 1,000 | CHR County 2000-
Health women age 15-19 06
Mental Health Mean Days of poor mental] CHR County 2000-
health last month 08
Mental Health Age-adjusted deaths due {oCHSI County 2009
suicide per 10,000 people
Mental Health Rates of treatment in mentd\ational Survey of | State 2007
health facilities Substance Abuse
Treatment Services
(N-SSATS)
Substance Abuse Rates of illegal drug use pNa@tional Survey on | State 2007-
alcohol abuse Drug Use and Health 08
Substance Abuse Rates of treatment for drugN-SSATS State 2007
and alcohol addiction
Imprisonment Total imprisonment rate in| Bureau of Justice State 2009
jails and prisons Statistics (BJS)
Releases Releases from jails and | BJS State 2009
prisons
Miscellaneous
Climate January Mean Temperature  Average Mean | State 2009
Temperature Index b
Month
Emergency Number of emergency Housing Inventory | CoC 2009
Shelter Bed Rate shelter beds, as proportion| Chart, Department of
of population in poverty Housing and Urban
Development
Transitional Number of transitional Housing Inventory | CoC 2009
Housing Bed housing beds, as proportion Chart, Department of]
Rate of population in poverty Housing and Urban

Development
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Appendix C:Multilevel Modeling Equations

l. Intercepts-only Model

The Level 1 and Level 2 equations discussed below together demonstrate how the mode
which includes both equations, allows for analysis to occur at two levels of obserasiibits
variance to be calculated separately at each level. The equations foo leedls are connected
by the terng,, which is the group mean or intercept in the Level 1 equation, and the dependent

variable of the Level 2 equation.
The Level 1 equation for the intercepts-only model of the family homelessitess: r

Y:.1. = ng}1‘ + e..

b

wherey;; is the rate of family homelessness for Gag stat,
andf,; is the intercept of family homelessness or state mean foj,state

ande,; is the random error of prediction for the Level 1 equation, or the Level 1 variance.

The Level 2 equation for the intercepts-only model of the family homelessttess: r
Boj = Yoo T Uyg;

wheref,; is the rate of family homelessness for Ga@ statsj,

¥y 1S the overall intercept, or grand mean of the rate of homelessness acrosssaksth

u,, IS the random error for the deviation of the intercept of a group from the onéeatieipt, or
the unique effect of group j on the intercept.

Il. Model with a Level 1 Predictor

The equations for the model with a Level 1 predictor closely resemble those of the
intercepts-only model, except that the Level 1 equation includes a predictpatetthere are
two Level 2 equations, one for each random effect that is included in the Level 1 eqBation.
state intercept and state slope are shown as random effects here.

Level 1 equation:
Yi’_." = J@l}j v JB:I._."[XE'_.") T €y

wherey;; is the rate of family homelessness for QoG statg,
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B,; is the intercept of family homelessness or state mean, foj state
18 is the slope of the relationship between a predictor and the homelesdades statg,
X, is the value of the predictor for Coh state), and

ande,; is the random error of prediction for the CoC, or Level 1 variance.

Level 2 equations:
Boj = Voo T Uy;

Bi; = Vio + Uy

wherey,; is the average homelessness rate over all states when the precdéctem® ar
Ug; is the random error for the deviation of the intercept of a group from the ovenaléptteor

the unique effect of group j on the intercept,
/34, is the rate of family homelessness for dag statej,

¥10 IS the overall intercept, or grand mean of the rate of homelessness acrosssalhsth
u, ; is the random error of prediction for the state or the Level 2 variance.

[ll. Model with a Level 2 Predictor

The Level 1 equation remains the same as it was with only a Level 1 predictoe are
again two Level 2 equations, one for each random effect that is included in the Levatidrequ
Only the first equation has changed, adding the slope of the predictor and a pvediietdor
statej.

—_ A r 1
Bu; = Yoo T Yo W + ug;
1'91;' = Fio T Uy

wherey,, is the average homelessness rate over all states when the predicers,are

¥5: IS the slope of the relationship between the values of the state-level pradtive

intercept of the Level 1 analysis,

W, is the value of the predictor for state

Ug; is therandom error for the deviation of the intercept of a group from the overall inteocept

the unique effect of group j on the intercept,
¥4 IS the overall intercept, or grand mean of the rate of homelessness acrogssalhsth

u, ; Is the random error of prediction for the state or level 2 variance.
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