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Sociological research on homelessness has long considered its structural determinants, 

mainly those factors related to local housing and labor markets. The purpose of this 

dissertation is to expand and update this understanding by examining previously untested 

drivers that have important implications for community rates of homelessness: income 

segregation, eviction, and social capital. In chapter one, I investigate the relationship 

between income segregation and local homelessness rates. I find a positive association 

between the spatial segregation of low-income households and the prevalence of the 

condition, which confirms qualitative research suggesting that homelessness thrives when 

poverty is highly concentrated and homelessness can be obscured from advantaged social 

actors and prime economic spaces. In chapter two, I examine associations between local 

eviction rates and rates of homelessness. I arrive at a series of null results across a range of 

homelessness measures and model specifications. I argue that these null findings are likely 

due to the high prevalence of informal forced moves which contribute to overall housing 

instability but are not captured by official eviction records. In the final chapter, I explore 

the relationship between average local temperatures and rates of unsheltered homelessness. 

While this bivariate relationship is strong and positive, it is largely explained by local 

stocks of homeless shelter beds relative to the size of local homeless populations. Stated 



 

differently, I show that warmer communities tend to provide fewer shelter beds per 

homeless person. Upon further exploration, I find communities that undersupply shelter 

beds tend to be located in more exclusive rental markets and score lower on measures of 

social capital, broadly implying that beds are less likely to be supplied at a sufficient level 

when the average renter is farther from poverty and civic engagement and feelings of public 

spiritedness are low. 
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CHAPTER 1: 
INTRODUCTION TO THE DISSERTATION 

 

This dissertation is comprised of three distinct projects. They are unified by the 

idea that the prevalence of homelessness across urban and suburban communities is 

partly a function of structural and environmental antecedents that can be measured and 

used to develop meaningful, predictive models of homelessness trends across the country. 

In this brief introduction, I identify the academic tradition upon which this dissertation 

builds and I include brief summaries that motivate each project.  

 

Placing Predictive Models of Homelessness in the Broader Literature 

 The projects included in this dissertation synthesize literatures that span several 

academic disciplines including public health, urban geography, anthropology, and 

sociology. Most notably, these analyses can be seen as building on the work of scholars 

such as Peter H. Rossi (1987, 1989), Martha R. Burt (1992), Dennis P. Culhane (Culhane, 

Dejowski, Ibanez, Needham, & Macchia, 1994; Culhane, Lee, & Wachter, 1996; Kuhn & 

Culhane, 1998), and Barrett A. Lee (Lee & Farrell, 2004; Lee, Price-Spratlen, & Kanan, 

2003), who were among the first concerned with identifying the drivers of homelessness 

using rigorous quantitative methods.1 More recently, Thomas Byrne and colleagues2 have 

                                                
1 See also, Appelbaum et al. (1991), Grimes and Chressanthis (1997), and Quigley (1990). 
2 Dennis Culhane has also played an important role in crafting this newer research. I highlight Thomas 
Byrne here because his use of geospatial techniques made possible these types CoC-level analyses. All 
three of the projects presented here rely on Byrne’s CoC crosswalk files to match CoC boundaries with the 
specific census tracts that comprise them. This step is key, as CoC boundaries do not necessarily align with 
more typical geographies such as counties or zip codes. These crosswalk files are publicly available at 
https://github.com/tomhbyrne/HUD-CoC-Geography-Crosswalk. 
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taken advantage of the public availability of biennial Point-in-Time (PIT) Counts of 

American homeless population,3 conducted at the community level, in order to build 

predictive models of homelessness across local bodies in charge of day-to-day homeless 

services – referred to as continuums of care or CoCs (Byrne, Munley, Fargo, 

Montgomery, & Culhane, 2013). This body of work has generally supported the notion 

that observed rates of homelessness are partly a function of housing and labor markets 

and environmental factors such as average local temperatures. I contribute to this 

literature by exploring associations between local rates of homelessness and previously 

untested market characteristics (i.e., income segregation and eviction rates, see chapters 2 

and 3) and by exploring whether the positive relationship between local temperatures and 

rates of unsheltered homelessness is mediated by local stocks of homeless shelter beds 

(see chapter 4). 

 I root these analyses in a near century-long tradition of sociological inquiries 

concerned with issues of housing and homelessness in the United States that stretches 

back to the work of Nels Anderson (1923) at the dawn of the Chicago School of 

Sociology (Bulmer, 1986), although I take a flexible approach that acknowledges the 

value of works outside of sociology, some of which were written even earlier (e.g., Riis, 

1890). While explorations of the causes, experiences, and consequences of housing 

                                                
3 I note at the outset that the validity and reliability of PIT counts have been the subject of legitimate 
criticisms. The National Law Center on Homelessness and Poverty (2017), for example, neatly summarizes 
key methodological issues that threaten the quality of PIT data. One particularly striking flaw is that the 
often-cited census count of the homeless population – 553,742 in 2017 – does not account for the transitory 
nature of homelessness and undercounts the annual prevalence by as much as a factor of ten (Metraux et 
al., 2001). Despite these limitations, PIT data constitute the most comprehensive and methodologically 
sound counts of the homeless population available. Each analysis is conducted with these issues in mind.  
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instability and homelessness did not originate in sociology and by no means belong 

exclusively to sociology, the works cited here generally – though often tacitly – employ 

core sociological principles such as focusing analyses at the intersection of history, 

individual and group experiences, and their interactions with the overarching social 

structure (Mills, 1959). I take a similar approach. While I do not ignore the potential for 

agentic behaviors to initiate or sustain homeless episodes, I argue that actors are 

embedded within market and environmental contexts that facilitate or repress individual 

likelihoods to enter or exit homelessness (Wolch & Dear, 1993). The predictive models 

discussed here support the idea that observed rates of homelessness transcend exclusively 

individual-level explanations. To paraphrase Elliot Liebow (1993), the average person 

experiencing (or on the brink of) homelessness is, by definition, average. They are of 

average employability, financial responsibility, emotional resolve, ability to retain 

housing, and so forth. The markets and environments these populations navigate, 

however, vary considerably across geographic space. For the analyses presented here, I 

focus precisely on these structural and environmental variations. 

 These explorations are timely given the federal policy landscape governing 

homeless social services. Beginning in the early 2000s, CoCs were obligated to formulate 

ten-year plans to end homelessness as a condition for receiving federal funding through 

McKinney-Vento Homeless Assistance Grants and progress was tracked via CoCs’ 

required participation in the Homeless Management Information System (HMIS) 

database (Harris, 2017). HMIS, however, has been primarily used to police nonprofit 

service providers who are not delivering on federal goals and therefore serves mainly to 
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homogenize services rather than to support the promise of ending homelessness (Willse, 

2008, 2015). Assuming cookie-cutter, individualized approaches to ending homelessness 

at the local level have a high potential to be ineffective under certain structural 

constraints (e.g., a high poverty rate), it is not surprising that the number of homeless 

persons in the United States has only declined slightly – from 647,258 to 553,742 

persons– between 2007 and 2017, a period mostly coinciding with the recovery from the 

Great Recession (U.S. Department of Housing and Urban Development, 2017). While I 

refrain from making policy recommendations in this dissertation, any evidence presented 

here suggesting that structural factors drive homelessness implicitly signals that 

homelessness can be meaningfully addressed with correspondingly structural solutions.  

  

Project Summaries 

In chapter 2, “On the Relationship between Income Segregation and Rates of 

Homelessness in U.S. Metropolitan Areas,” I expand on prior work identifying push and 

pull factors that concentrate homeless populations in marginal economic spaces (Carter, 

2011; Snow & Anderson, 1993; Wacquant, 2010). I argue that, other things equal, 

homelessness rates in metropolitan areas should be partly a function of the spatial 

segregation of poverty. Controlling for a rich set of covariates, I find evidence supporting 

this claim: I estimate that, other things equal, a one standard deviation increase in the 

segregation of annual household income dichotomized at $20,000 (2016 dollars) – 

roughly the poverty threshold for a family of three in 2017 – is associated with a 9 

percent increase in expected rates of homelessness. 



 

 5 

In chapter 3, “On the Relationship between Eviction Judgements and 

Homelessness in U.S. Metropolitan Areas,” I explore the relationship between eviction 

rates and five measures of homelessness. While I do not argue against the idea that the 

housing instability associated with the eviction process can cause homeless episodes, I do 

suggest that informal (and undocumented) forced moves are prevalent enough to obscure 

the relationship between formal eviction rates and local rates of homelessness. While I 

find that eviction rates are not reliably associated with observed rates of (1) total, (2) 

sheltered, (3) unsheltered, (4) individual, or (5) family homelessness, some of the 

correlates of forced moves (e.g., renter occupancy rate) are associated with rates of 

homelessness in the anticipated direction. Broadly speaking, this chapter highlights the 

invisibility of housing instability among (primarily) low-income renters. 

In chapter 4, “On the Relationship between Local Temperatures, Available 

Shelter Beds, and Observed Rates of Unsheltered Homelessness in U.S. Metropolitan 

Areas,” I expand upon ethnographic work highlighting how persons experiencing 

homelessness are often forced to make the difficult decision between sleeping rough in 

unsheltered locations or accepting the sometimes harsh and degrading conditions of local 

homeless shelters (DeWard & Moe, 2010; Liebow, 1993). While I do not disagree with 

prior work arguing that some homeless persons choose to stay in unsheltered locations 

under ideal temperature conditions (e.g., Herring, 2014), I argue that the increased 

prevalence of unsheltered homelessness in warmer areas is largely driven by a 

corresponding supply side issue: warm areas with high rates of unsheltered homelessness 

tend to undersupply shelter beds.  For roughly three decades, homelessness scholars have 
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argued that expressions of homelessness are mainly a function of accessible and 

affordable shelter. Here, I extend this argument to include local supplies of shelter beds. 
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CHAPTER 2:  
ON THE RELATIONSHIP BETWEEN INCOME SEGREGATION AND  

RATES OF HOMELESSNESS IN U.S. METROPOLITAN AREAS 
 
I estimate associations between measures of income segregation and corresponding rates 
of homelessness for 312 Continuums of Care (CoCs) covering primarily metropolitan 
areas spanning 43 states and the District of Columbia. I find that the segregation of 
poverty  – defined as the degree of spatial partitioning between households with annual 
incomes under and over $20,000 – is positively associated with local homelessness rates. 
I do not, however, find evidence of meaningful relationships between (1) overall 
measures of rank-order segregation or (2) binary measures of segregation dichotomized 
at higher income thresholds and the prevalence of homelessness. Taken together, these 
findings suggest that concentrated pockets of economic marginality facilitate 
homelessness in the American metropolis – an idea that falls neatly in line with the 
existing literature.  
 
 
 

This article represents the first attempt to model associations between measures of 

income segregation and corresponding rates of homelessness across U.S. metropolitan 

areas. I am motivated by the belief that no explanation for the existence of homelessness 

is complete without a strong comprehension of its underlying spatial dynamics, which are 

not yet wholly understood (Snow and Mulcahy 2001). For several decades, spatial 

segregation by income has primarily benefitted the middle- and upper-classes – e.g., 

through the spatial concentration of status and the monopolization of local public 

resources such as schools – while the poor have increasingly been relegated to 

neighborhoods of concentrated economic disadvantage that negatively impact a wide 

variety of life outcomes (Desmond 2017, 2018; Trounstine 2018). My primary goal for 

this project is to explore if and how the spatial concentration of different income groups 

is associated with one of the foremost failures of the U.S. housing market system: 

homelessness. 
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I model relationships between measures of income segregation and rates of 

homelessness for 312 Continuums of Care (CoCs) – the local or regional administrative 

bodies that govern homeless services – spanning 43 U.S. states and the District of 

Columbia. The sample used for this project represents the set of CoCs that primarily 

cover metropolitan areas; excluding statewide and balance of state CoCs, which tend to 

cover expansive rural areas, as well as CoCs that primarily serve micropolitan areas or 

regions not defined as Core Based Statistical Areas (CBSAs) by the US Office of 

Management and Budget (OMB).4 I use data from the 2012-2016 American Community 

Survey (ACS) Five-Year Estimates to predict observed rates of homelessness measured 

during the 2017 Point-in-Time (PIT) Count (U.S. Department of Housing and Urban 

Development 2017a), the biennial census of persons experiencing homelessness in the 

United States. Following previous research modeling rates of homelessness at the CoC 

level (e.g., Byrne et al. 2013; Fargo et al. 2013), I employ a hierarchical linear modeling 

strategy that nests CoCs within states. Using this approach, I conclude that the spatial 

segregation of poverty is positively associated with local rates of homelessness. 

While controlling for a rich set of covariates, I find that a one standard deviation 

increase in segregation between households with total annual incomes under and over 

$20,000 – operationalized using the bias-adjusted binary variance ratio index, R (Reardon 

et al. 2018) – is associated with a nine percent increase in the expected rate of 

homelessness per 10,000 residents. On the contrary, I do not find evidence suggesting 

that homelessness is driven by either (1) measures of binary segregation dichotomized at 

                                                
4 For a map of the CoCs included in this analysis, see Appendix 2A.  
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higher income thresholds or (2) multi-group income segregation – defined here by the 

bias-corrected rank-order variance ratio index, RR (ibid.). I argue that these findings 

collectively support prior research (e.g., Herring 2014; Wacquant 2010) suggesting that 

spatial pockets of economic disadvantage provide ideal conditions for homelessness to be 

concentrated and obscured. In the following framework section, I craft a foundation for 

this perspective. I then detail the data and methods used for this project, present my 

results, and close with a discussion about how my findings contribute to our collective 

understanding of homelessness in the American metropolis. 

 

FRAMEWORK 

The Department of Housing and Urban Development (HUD) estimates that 

553,742 people were homeless on a single night at the end of January 2017.5 While the 

size of the US homeless population likely fluctuates over the course of any given year, 

these cross-sectional, mid-winter counts have been generally consistent – steadily 

declining from about 650,000 people in 2007 (U.S. Department of Housing and Urban 

Development 2017a). Prior research (e.g., Byrne et al. 2013; Lee, Price-Spratlen, and 

Kanan 2003) has found that the relative prevalence of homelessness across communities 

is not random and is associated with a range of structural factors. I begin this section by 

building a conceptual framework that justifies this exploration of the association between 

                                                
5 HUD requires each CoC to conduct their respective counts on a single night during the last ten days of 
January on odd numbered years. The specific date of each count can vary within this timeframe. Strictly 
speaking, the PIT does not count the homeless population on a single night. Rather, the count is an 
aggregation of several local enumerations that take place over this ten-day span. For simplicity, I follow the 
common convention and refer to the PIT as a cross-sectional count for the remainder of this paper. 
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income segregation – a structural feature of housing markets – and local homelessness 

rates. I then consider previously established relationships between other housing market, 

labor market, and demographic factors and the prevalence of the condition to motivate 

their use in statistical models before describing the current study. 

 

The Relationship between Income Segregation and Homelessness 

 Existing research (e.g., Beckett and Herbert 2009; Herring 2014; Liebow 1993; 

Snow and Mulcahy 2001; Wacquant 2010) has identified forces that actively concentrate 

homeless populations in marginal spaces, but no study has tested whether the availability 

of marginal space is itself associated with the relative size of local homeless populations. 

This omission constitutes a critical gap in the existing literature, as research generally 

agrees that homelessness is partly, perhaps even largely, a function of housing market 

factors – an umbrella category under which residential segregation by income reasonably 

falls. Despite decades of federal-level calls for economic integration and increased access 

to mixed-income housing that integrates lower-income earners into non-poor 

communities, income segregation remains a defining feature of the American metropolis 

(Chandler 1992; Reardon et al. 2018). This is not accidental. Residential segregation is a 

political construct that, for over a century, has been actively sought by powerful actors 

(e.g., government officials) for the benefit of primarily middle- and upper-class white 

residents at the expense of the poor and racial-ethnic minorities (National Low-Income 

Housing Coalition 2018; Trounstine 2018). The proportion of metropolitan residents 

living in either primarily affluent or poor neighborhoods has been increasing since about 
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1970. The trend is meaningfully driven by a combination of (1) the tendency for 

sufficiently affluent individuals and families to self-select into spaces characterized by 

higher concentrations of wealth (i.e., upper tail segregation) and (2) zoning decisions 

typical of affluent neighborhoods (e.g., minimum lot size requirements) that prevent 

poorer populations from inhabiting these same spaces (Logan and Molotch 1987; 

Reardon and Bischoff 2011; Trounstine 2018). Choice of neighborhood for poorer 

populations, however, is severely limited by their inferior buying power. 

 Income segregation – particularly the segregation of poverty – can affect local 

homelessness rates in a number of ways. Here, I describe two. First, residing in a 

community characterized by concentrated poorness itself constitutes a risk factor for 

homelessness. Dennis Culhane and colleagues (1996), for example, found that over 60 

percent of families entering homeless shelters in New York City and Philadelphia listed 

previous residences in just three dense neighborhood clusters in each city. These 

neighborhoods shared common characteristics including increased proportions of poor 

households, high unemployment and labor force non-participation rates, elevated vacancy 

rates, and high rent-to-income ratios relative to other city neighborhoods. Broadly 

speaking, this finding suggests that the extreme segregation of economic disadvantage 

constitutes a neighborhood-level factor that can facilitate entry into homelessness for 

neighborhood residents.  

Second, because the homeless are generally deemed socially undesirable and 

excluded from advantaged spaces, the availability of concentrated marginal space itself 

might alter the local prevalence of homelessness. In order to attract increasingly mobile 
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capital, cities employ various strategies to improve visible conditions, including actively 

removing homeless persons from prime economic spaces via spatial exclusion ordinances 

such as bans on panhandling in business districts (Beckett and Herbert 2009; Ley 1996). 

This strategy of hiding the homeless from advantaged actors extends to the service 

infrastructure, as homeless shelters and other service providers are typically concentrated 

away from the view of profitable business districts and relatively affluent actors 

(Brinegar 2003; Wolch and Dear 1993). Consequently, Geoffrey DeVerteuil (2006), 

using data from Los Angeles, found that three-fourths of zip codes had zero shelter beds 

and that homeless shelters tended to be concentrated away from investment zones; 

simultaneously linking the homeless with short term survival opportunities (e.g., shelter) 

while distancing them from larger economic prospects (e.g., decently paying jobs). While 

the process of obscuring homelessness within marginal spaces does not necessarily cause 

or solve homeless episodes, it likely lowers support for publicly funded solutions (e.g., 

local government initiatives to end homelessness). On the community level, concealing 

homelessness facilitates the tacit acceptance of the condition by domiciled residents who 

are privileged by a failure to witness (Lee, Farrell, and Link 2004) and capital is agnostic 

to whether or not homeless episodes are solved so long as they are not immediately 

visible.  

It remains unclear whether we should expect the net effect of income segregation 

on homelessness to be positive or negative. If the first explanation – that concentrated 

economic disadvantage generates homelessness – is the only mechanism affecting 

homelessness rates, we might expect the relationship between the segregation of poverty 
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and homelessness to be positive. If the second explanation – that homelessness rates are 

affected by the spatial concentration of the homeless (and their service infrastructure) – is 

the sole mechanism affecting homelessness rates, then the relationship could operate in 

either direction. Spatially segregating homeless persons, shelters, soup kitchens, and the 

like could obscure the problem from a critical mass of local voters and other powerful 

actors, thus keeping relevant issues off of community agendas and allowing the problem 

to persist or grow. But this concentration could also make the provision of services more 

predictable and accessible for persons experiencing homelessness. If outreach workers in 

communities characterized by a high segregation of poverty have concrete knowledge 

about where homeless populations are concentrated and homeless persons are aware of 

the neighborhoods that host most relevant services (e.g., shelter and meals), then planning 

outreach efforts and navigating the service infrastructure can both be enhanced. To the 

extent that local anti-homelessness policies are ends focused, the bolstered predictability 

of where homeless persons reside and accessibility of the service infrastructure could 

enhance providers’ capacities to end homeless episodes. In reality, both of these proposed 

mechanisms can be true to different extents, which makes establishing directionality 

difficult prior to analysis.  

 

Other Determinants of Homelessness 

Housing market characteristics 

 At its core, homelessness is a function of insufficient housing. Consequently, 

most studies concerned with homelessness – regardless of methodological strategy or 
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level of analysis – find that at least one housing market factor is meaningfully associated 

with the prevalence of the condition (e.g., Burt 2001; Byrne et al. 2013; Crane and 

Warnes 2000; Fargo et al. 2013; Lee et al. 2003). Two of the more commonly cited 

drivers of homelessness related to housing markets are (1) the proportion of renter 

occupied units and (2) rents levels. These findings suggest that homelessness thrives 

when housing – particularly rental housing – is unstable and unaffordable, a conclusion 

that has been widely argued since homelessness reemerged as a public issue in the 1980s 

(Rossi 1989; Wolch and Dear 1993).6 By current government standards, a two-bedroom 

apartment is affordable for a full-time, minimum wage worker in less than one percent of 

US counties (National Low-Income Housing Coalition 2018); broadly implying that 

lower-income Americans are enduring a housing affordability crisis that, in some cases, 

leads to the loss of homes or the inability to access them from the outset.  

 I argue that the relationship between income segregation and homelessness might 

be partly explained by levels of racial segregation and is therefore a meaningful 

dimension to account for in this analysis. The intricate relationship between declining 

neighborhood incomes and racial segregation in the American city has produced higher 

poverty concentrations, particularly among the black community, in turn promoting local 

disinvestment and precisely the types of unfavorable characteristics that help define a 

                                                
6 In the introduction to the Phoenix edition of his influential text, The Hobo, Nels Anderson ([1923] 1961) 
explains how by the start of the 1960s, technological changes lowered the demand for hobos – traveling 
labor comprised mainly of single men lacking stable living arrangements. Prior to this point, some 
proportion of homelessness was driven by economic opportunities, however limited, but this is no longer 
the case: “We need no longer think of the hobo as a problem, for he has just about disappeared. There are 
still the homeless, but the hobo has moved into frontier history” (xiv). While homelessness never 
completely disappeared, it remained largely off of the public agenda until the 1980s, when visible 
homelessness reemerged as a public issue. 
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neighborhood as a marginal space (Massey and Denton 1993). The resultant hyperghetto 

– characteristically void of economic functionality and segregated by race and class 

(Wacquant 2001) – might expose residents to an increased risk of falling into 

homelessness and facilitate a more favorable environment for homelessness to exist. 

Given the intricate relationship between segregation by race and economic class in the 

American metropolis, I include a measure of racial segregation in all multiple regression 

models as a potentially illuminating control variable.  

 

Local economic indicators 

 Homelessness is an expression of extreme poverty (Wolch and Dear 1993). As 

such, prior work that has considered community-level measures of economic 

disadvantage (e.g., local unemployment rates) as indicators of homelessness has largely 

theorized that these would be positively associated with the outcome. This viewpoint has 

generally been confirmed by statistical analyses (e.g., Appelbaum et al. 1991; Burt 2001; 

Lee et al. 2003; Quigley 1990; Quigley, Raphael, and Smolensky 2001). Contemporary 

urban homelessness is partly a function of the diminishing economic vitality of urban 

centers over the last several decades and, with the majority of homeless persons in the 

United States inhabiting urban spaces, it is unsurprising that relative levels of economic 

disadvantage in metropolitan areas are associated with the size of local homeless 

populations (Lee et al. 2003; U.S. Department of Housing and Urban Development 

2017b). I also include the coverage of social safety nets under this category. Access to 

assistance programs (e.g., supplemental security income) has been associated with 
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increased housing stability on the individual level (Burt 1992; Desmond 2016, 2017) and 

community-level studies have generally reinforced the idea that more coverage implies 

lower rates of homelessness, albeit inconsistently due to the various ways that public 

assistance can be measured (Byrne et al. 2013). 

 

Demographic factors 

 In 2017, over 60 percent of the US homeless population identified as black, 

Hispanic, or Latinx (U.S. Department of Housing and Urban Development 2017b), 

suggesting that these minority groups constitute at-risk populations. Community-level 

studies that control for local proportions of black and Hispanic/Latinx residents, however, 

exhibit mixed results, broadly suggesting that the racial-ethnic compositions of 

communities might not be a risk factor for elevated rates of homelessness. On the 

contrary, there exists consistent evidence that geographic areas with larger proportions of 

single-person households tend to observe higher homelessness rates (Byrne et al. 2013; 

Lee et al. 2003). The intuition underlying this relationship is that single occupants 

generally lack a second wage earner upon whom they can rely and might be less likely to 

have adequate support networks. Other than Thomas Byrne et al. (2013) – who found a 

significant and positive relationship between the proportion of baby boomers in a CoC 

and homelessness rates – I am unaware of a study that establishes a relationship between 

the age distribution of a community and overall rates of homelessness. Individual-level 

analyses looking at homelessness among single adults in New York City and veterans, 

however, have established associations between increasing age and higher incidences of 



 

 21 

homelessness (Byrne et al. 2016; Culhane et al. 2013; Fargo et al. 2012). Collectively, 

these studies imply that aging might be a risk factor for homelessness, at least among 

some subgroups. 

 

Current Study 

The present piece asks a novel question and also retests previously established 

relationships between community-level factors and homelessness rates. To the best of my 

knowledge, no existing research explicitly tests the relationship between levels of income 

segregation and homelessness rates across metropolitan areas. While taking into account 

a rich set of covariates that are similar – though not identical – to Thomas Byrne and 

colleagues’ (2013) study, I ask the following questions: 

1. Does the level of income segregation in a CoC predict homelessness rates? 
2. Is the answer to question (1) dependent on how income segregation is 

measured?  
 

Relying on the existing literature, I expect certain measures of income segregation – 

particularly the segregation of lower income households – to be positively associated 

with local rates of homelessness. I anticipate this for two reasons: (1) concentrated 

economic disadvantage itself constitutes a public risk factor for homelessness and (2) the 

existence of forces such as spatial exclusion ordinances and the strategic locating of 

homeless shelters in income segregated areas concentrate the homeless in marginal 

spaces, which can obscure the issue from public view and allow it to be ignored. 

However, complicating factors (e.g., the potential for more efficient outreach efforts 
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when homelessness is spatially concentrated in marginal spaces) could reverse the 

direction of this association. 

 Further, I expect that the results presented here will align with some of the major 

findings of Thomas Byrne et al.’s (2013) study, which used data from the 2005-2009 

ACS in order to predict rates of homelessness for metropolitan CoCs measured during the 

2009 PIT count.7 More specifically, I expect that less accessible rental markets, higher 

proportions of single-person households, higher proportions of renter households, and 

increasing levels of economic disadvantage will positively predict homelessness and that 

modeling homelessness with these controls will yield high explanatory power, 

demonstrating that homelessness rates are highly predictable at the community-level. 

 

DATA AND METHODS 

How This Dataset was Constructed 

CoCs are administrative bodies within which local or regional assistance 

providers share federal resources and work together to address issues of low-income 

housing instability with the specific goal of ending homeless episodes (U.S. Department 

of Housing and Urban Development 2012). While CoCs are comprised of irregular 

geographic boundaries, they are a useful unit of analysis because this is the specific level 

upon which day-to-day homeless services are administered. CoCs range in size from the 

                                                
7 I do not consider this to be a strict comparison. Byrne et al. (2013) did not test measures of segregation in 
their analysis. The authors also used state-level data on mental health expenditures from the Kaiser Family 
Foundation, data from the Urban Institute on mean monthly payments for Aid for Families with Dependent 
Children (AFDC) recipients, and median monthly rent data from the HUD Fair Market Rents database. I 
use none of these data sources. Regardless, I expect the major drivers of homelessness in metropolitan 
CoCs to have comparable effects across studies. 



 

 23 

sub-county level to covering entire states and do not always map neatly onto typical 

census geographies (e.g., counties). To overcome this issue, I use a publicly available 

crosswalk file created by Thomas Byrne that identifies the specific census tracts existing 

within the boundaries of each CoC.8 I gather tract-level demographic measures from the 

2012-2016 ACS Five-Year Estimates using the TidyCensus package in the R 

environment for statistical computing and I aggregate these data to the CoC-level.9  

 Nearly all Americans, urban or rural, live within the boundaries of a CoC (Fargo 

et al. 2013). In order to derive the set of CoCs that primarily cover metropolitan areas, I 

match CoCs to core based statistical areas (CBSAs) at the tract level using the July 2015 

CBSA delineation file (US Census Bureau 2015). Because CoCs do not necessarily map 

onto areas that are completely metropolitan, micropolitan, or non-CBSAs, I obtain my 

sample using the following strategy. First, I remove the set of balance of state and 

statewide CoCs that tend to cover large, rural areas, along with those CoCs that exist 

outside of US States or the District of Columbia (e.g., Puerto Rico). I then remove those 

CoCs that cover exclusively micropolitan areas and/or places not defined as CBSAs. 

Finally, I preserve only those remaining CoCs with the majority of census tracts existing 

within metropolitan statistical areas (MSAs). Using this strategy, I distill a sample of 312 

CoCs out of about 400 total that span 43 states and the District of Columbia. A map of 

those CoCs used in this analysis can be found in Appendix 2A. 

                                                
8 The strategy for creating this CoC crosswalk is similar to that discussed by Thomas Byrne et al. (2013). 
The files used for this analysis can be accessed at https://github.com/tomhbyrne/HUD-CoC-Geography-
Crosswalk.  
9All tract-level ACS measures are aggregated to the CoC-level using either the sum of tract-level measures 
in the case of population estimates (e.g., number of vacant units or number of persons in poverty) or 
population weighted medians for estimated tract-level averages (e.g., median rent or median age). 
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Dependent Variable (Homeless Persons per 10,000 in the CoC Population) 

 The outcome variable of interest for this study is the total number of persons 

experiencing homelessness per 10,000 residents living within the boundaries of a given 

CoC. The measure includes all individuals and family members residing in both sheltered 

and unsheltered locations. Due to the heavy right-skew of this variable’s distribution, I 

take its natural log for all regression models constructed for this analysis.  

 

Table 2.1. Summary of Study Variables 

 
*Indicates variables that were constructed via a principal component analysis (PCA). 
Notes: HUD PIT count = U.S. Department of Housing and Urban Development (HUD) Point in Time (PIT) 
estimate of persons experiencing homelessness in 2017.   
ACS = U.S. Census Bureau, American Community Survey 5-year estimates 2012-2016.   
All variables measured at the CoC level.  

 

Variable Source Description

Dependent variable
Homeless persons per 10,000 residents HUD PIT count/ACS Homeless persons per 10,000 residents

Independent variables
Segregation measures

Rank-order income segregation ACS Rank-order income segregation, census tracts in CoCs

R_xxk ACS Bias-adjusted binary variance ratio index, R , dichotomized at 1000 * $xx 
household income for the last year, e.g., R_20k represents binary household 

income segregation dichotomized at $20,000.

Black/Hispanic/Latinx - white segregation ACS Variance ratio index of racial (black/Hispanic/Latinx - white) segregation, 
census tracts in CoCs

Housing market characteristics
Rental market accessibility* ACS Index of CoC rental characteristics: median rent and renter median income

Renter occupancy rate ACS Percent of units occupied by renters

Vacancy rate ACS Percent vacant units

Crowded rate ACS Percent of units with more than one occupant per room

Percent moved in last year ACS Percent of residents in current housing unit for less than one year

Economic indicators
Economic disadvantage* ACS  Index of economic characteristics: poverty rate, public assistance rate, and 

unemployment rate

Demographic factors
Percent black ACS Percent black in population

Percent Hispanic/Latinx ACS Percent Hispanic/Latinx in population

Median age ACS Median age of population

Single occupancy rate ACS Percent of housing units with single occupant

Population ACS Total population
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Independent Variables (CoC-Level Characteristics) 

 A summary of all variables used in this analysis can be found in Table 2.1 and 

corresponding descriptive statistics are presented in Table 2.2.10 Independent variables – 

with the exception of segregation measures – were selected to closely mirror the 

predictors of homelessness used by Thomas Byrne and Colleagues (2013). To meet 

certain statistical assumptions, some predictor variables are log-transformed for 

regression analyses. Further, I follow Lee et al. (2003) and Firebaugh and Gibbs (1985) 

by including the inverse of the logged CoC population as a term in the regression models 

used for this analysis. This variable serves as a statistical control and corrects for issues 

of dependency that arise when variables on both sides of a regression equation share a 

common denominator. I note all statistical transformations where appropriate. 

 

Measures of segregation  

 My goal is to accurately measure the extent to which household incomes are 

unevenly distributed across neighborhoods within each CoC in order to assess how these 

measures are associated with local homelessness rates. All segregation measures used 

here were computed using the Stata Seg and RankSeg packages, which allow for adjusted 

calculations accounting for the upward bias that arises when using sample data; an 

                                                
10 For brevity, I do not include summary statistics for binary measures of segregation in Table 2.2. 
Summary statistics for all binary income segregation measures – including dissimilarity indices used for 
supplementary analyses summarized in Appendix 2D – can be found in Appendix 2E.  
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important issue given the lowering of ACS sampling rates over recent iterations (Reardon 

et al. 2018). I use census tracts as proxies for neighborhoods and I calculate several  

 
Table 2.2. Descriptive Statistics 

 
Notes: Summary statistics for bias-adjusted binary variance ratio index measures, R, as well as 
corresponding statistics of binary indices of dissimilarity, D, used in appendix figures, can be found in 
Appendix 2E. 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
 

measures of income segregation within each CoC. For binary measures of income 

segregation dichotomized at selected ACS income thresholds, I calculate the bias-

adjusted binary variance ratio index, R. For an overall measure of income segregation 

across all 16 ACS income categories, I calculate the bias-adjusted rank-order variance 

ratio index, RR.  

Using these measures involves an important tradeoff relative to using simpler 

measures of segregation such as the index of dissimilarity. R and RR have several 

Variable Mean Median SD Min Max
Dependent variable

Homeless persons per 10,000 residents 17.45 12.31 16.14 2.09 114.55
Independent variables

Segregation measures
Rank-order income segregation 0.09 0.09 0.03 0.03 0.19
Black/Hispanic/Latinx - white segregation 0.04 0.03 0.03 0.00 0.20

Housing market characteristics
Rental market accessibility 0.00 0.29 1.38 -4.29 2.69
Renter occupancy rate 36.61 35.43 9.76 15.10 69.23
Vacancy rate 11.03 9.59 5.84 3.55 45.39
Crowded rate 2.85 2.08 2.15 0.66 12.66
Percent moved in last year 15.39 15.25 3.74 6.48 28.20

Economic indicators
Economic disadvantage 0.00 0.15 1.57 -5.50 5.53

Demographic factors
Percent black 13.34 9.30 12.85 0.50 79.66
Percent Hispanic/Latinx 13.80 8.74 13.69 0.99 82.70
Median age 38.60 38.58 3.95 25.54 56.18
Single occupancy rate 28.20 28.33 4.74 12.72 48.21
Population/10,000 71.43 47.86 94.10 6.45 924.34

Continuums of Care (N) 312
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appealing features that other common segregation measures do not,11 but the 

interpretation of these measurements is difficult to understand. Following Kendra 

Bischoff and Sean Reardon (2014), I interpret these measures as follows: segregation 

ranges from a theoretical minimum of zero (no segregation) to a maximum of one 

(complete segregation). Under the former condition, the income of any given household 

is uncorrelated with the average income of its neighbors. Under the latter condition where 

R or RR equals one, however, the income of any household in a neighborhood would 

completely predict the household incomes of all neighbors, which would all fall into the 

same income category. The absolute magnitudes of these measures do not have any 

intuitive meaning, but they are useful for relative comparisons across geographic units. 

 

Dimension reduction  

 Due to high correlations among some of the predictor variables that are 

conceptually associated with the outcome and correspondingly high variance inflation 

factors (VIFs) in multiple regression models, I perform principal component analyses 

(PCAs) for two sets of variables that are conceptually related. First, I conduct a PCA on 

two rental market characteristics: (1) CoC median rent and (2) the natural log of renter 

median income. I interpret these measures as interrelated products of rental market 

supply and demand; i.e., rent levels generally increase proportionally to what renters can 

                                                
11 In addition to being able to correct for the upward bias induced by using sample data, adjusted measures 
of R and RR satisfy an important set of mathematical properties. These include organizational equivalence, 
size invariance, organizational decomposability, and the principles of transfers and exchanges (see Reardon 
2011 and Reardon et al. 2018). Other common segregation measures such as the index of dissimilarity and 
Gini Index suffer from similar sample bias issues and fail to satisfy all of these principles. 
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afford. Both of these factors load negatively on the first principle component, which 

explains 95.5 percent of their total variance. Given that these are correlated measures that 

determine rental market affordability, with lower median renter incomes and median 

rents implying higher scores, I refer to this principal component as rental market 

accessibility. Second, similarly strong correlations exist among CoC-level poverty rates, 

rates of public assistance use, and unemployment rates (all measures logged). The first 

principal component of the PCA including these three variables explains over 82 percent 

of their total variation and all variables load in the positive direction. Given that the use 

of public assistance programs – defined here to include supplemental security income 

(SSI), cash public assistance, or the Supplemental Nutrition Assistance Program (SNAP) 

– indicates the presence of economic hardships that are conceptually similar to the 

underlying ideas being measured by poverty and unemployment rates, I refer to this 

principal component as an index of economic disadvantage. Employing this technique 

allows for the preservation of information while explicitly addressing issues of 

multicollinearity that could otherwise undermine the stability of model estimates. I 

provide biplots visualizing the first two principal components for each of these PCAs in 

Appendix 2B. 

 

Modeling Strategy  

I assume that CoCs nested within the same state are not statistically independent 

from each other and are likely to share more similar characteristics (e.g., state-level 

mental health expenditures for low-income persons) than they do with CoCs located in 
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different states. This clustering by state violates the independence assumption of ordinary 

least squares (OLS) regression and must be explicitly accounted for in statistical models 

in order to ensure that standard errors are appropriately estimated. To address this issue, I 

follow Byrne et al. (2013) and build a series of linear mixed-effects models with CoCs as 

the first level of analysis and states as the second. This strategy allows me to account for 

statistical dependence among CoCs nested within the same state by specifying random 

intercepts. Including information about state-to-state variability in all regression models 

facilitates a broad-level description of how the fixed effects impact the outcome. I regress 

the natural logarithm of the outcome (homeless persons per 10,000 persons in the CoC 

population) on a series of predictor variables, all of which are continuous and mean-

centered. I build these models using the nlme package in the R environment for statistical 

computing. 

 

RESULTS 

 I present summaries of the main regression models used for this analysis in Table 

2.3. Due to the sometimes-cumbersome interpretation of regression coefficients for 

models with logged dependent variables, I discuss all associations in terms of expected 

percent changes in the outcome given a one standard deviation increase in an independent 

variable.12 I model associations between homelessness rates and two forms of income 

                                                
12 Percent changes for each linear predictor x were calculated using the formula (𝑒#$(%.'.(()) − 1) ∗ 100, where 
𝑏(  represents the estimated regression coefficient and s.d.(x)	is the standard deviation of the distribution of 
x. Estimates for log-log relationships were calculated using the formula 01(̅3%.'.(()

(̅
4
#$
− 15 ∗ 100, where �̅� is the 

sample mean. This set of log-log relationships represents the impact on homelessness associated with a 1 
standard deviation increase in x from the mean. Standard errors for these estimates were calculated using 
similar formulas that replace the value of 𝑏( with the model-estimated standard error.  
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segregation. I use a measure of binary income segregation, R, dichotomized at $20,000, 

which approximates the 2017 poverty threshold for a family of three.13 I also model the 

association between multi-group segregation, RR and homelessness rates. Bivariate 

random-intercept models predict that a one standard deviation increase in binary 

segregation dichotomized at $20,000 is associated with a (𝑒7.89(:.:;) − 1) ∗ 100 = 24.60 

percent increase in homelessness rates (s.e. = 3.73%). A similar one standard deviation 

increase in the multi-group rank order segregation index is associated with a smaller 

11.03 percent increase in homelessness rates (s.e. = 3.89%). Both of these results are 

statistically significant at the p < 0.01 level. This story changes, however, when adding 

model controls. In saturated models, binary income segregation dichotomized at $20,000 

remains significant at the p < 0.05 level, while rank-order income segregation loses 

statistical significance. For all of these models, I include calculations for both the 

marginal and conditional R2, which estimate the percentage of variation explained by the 

(1) the fixed effects and (2) the fixed and random effects, respectively. For both saturated 

models, over 40 percent of the variation in homelessness rates is explained by the fixed 

effects and the total explained variation exceeds 50%. 

In Figure 2.1, I present a dot-and-whisker plot summarizing key relationships 

between the independent variables in Model 4 of Table 2.3 and community-level rates of  

                                                
13 The 2017 poverty threshold for a family of three was $19,515 (U.S. Census Bureau 2019). I also 
dichotomized the income distribution at $25,000, which approximates the 2017 poverty threshold for a 
family of four ($25,094). While I do not discuss models using R dichotomized at $25,000 in detail here, 
they produce similar estimates to models using segregation measured dichotomized at neighboring 
thresholds (i.e., $20,000 and $30,000). In a bivariate random effects model, a one standard deviation 
increase in R dichotomized at $25,000 is associated with a 24.38 percent increase in homelessness (p < 
0.01). In a fully adjusted model, a similar one standard deviation increase is associated with a 7.40 percent 
increase in the outcome (p < 0.1). 
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Table 2.3. Mixed Effects Regression Models Predicting Rates of Homelessness per 
10,000 Persons 

 
Notes: R_20k represents the bias-adjusted binary variance ratio index, R, dichotomized at $20,000 
household income for the last year. Standard errors in parentheses. All continuous variables are mean-
centered. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
 

R_20k 7.24 *** 2.86 **
(1.21) (1.30)

Rank-order income segregation 3.25 *** 1.02
(1.19) (1.27)

Black/Hispanic/Latinx - white segregation 0.73 0.62
(1.38) (1.40)

Rental market accessibility -0.20 *** -0.19 ***
(0.05) (0.05)

Renter occupancy rate 0.00 0.00
(0.01) (0.01)

Vacancy rate (logged) -0.04 -0.06
(0.10) (0.10)

Crowded rate (logged) 0.13 0.12
(0.12) (0.12)

Percent moved in last year (logged) -0.07 -0.01
(0.19) (0.19)

Economic disadvantage 0.17 *** 0.19 ***
(0.05) (0.05)

Percent black (logged) -0.21 *** -0.21 ***
(0.05) (0.05)

Percent Hispanic/Latinx (logged) 0.07 0.06
(0.07) (0.07)

Median age -0.01 -0.01
(0.01) (0.01)

Single occupancy rate 0.07 *** 0.07 ***
(0.01) (0.01)

1/log(Population) 20.10 *** 19.93 **
(7.57) (8.07)

Constant 2.57 *** 2.57 *** 2.57 *** 2.57
(0.08) (0.08) (0.05) (0.05)

Observations 312 312 312 312
Marginal R2 0.08 0.02 0.43 0.43

Conditional R2 0.44 0.33 0.54 0.53

Model 4Model 1 Model 2 Model 3
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homelessness (effect sizes of control variables used in both Models 3 and 4 do not 

meaningfully vary).14 The estimated effect size of a one standard deviation increase in 

rank order income segregation is small (3.33%) and, as discussed above, is not 

statistically significant. The effect size of black/Hispanic/Latinx-white segregation – for 

which I did not have a strong prior hypothesis – is similarly small (2.03%) and does not 

approach statistical significance.15 As expected, more accessible rental markets are 

negatively associated with homelessness, while higher rates of single person households 

and increasing levels of economic disadvantage are positively associated with the 

outcome. While I hypothesized that homelessness would be positively driven by renter 

occupancy rates, this relationship is not significant, though the effect size operates in the 

expected (positive) direction. Consistent with previous research, the proportion of 

residents identifying as black or Hispanic/Latinx operate in an inconsistent manner. 

While identifying as black or Hispanic/Latinx might constitute a risk factor for 

homelessness on the individual level, a higher proportion of black residents is associated 

with a net decrease in homelessness while the proportion of Hispanic/Latinx residents is 

positively, but not significantly, associated with the outcome.  

In Figure 2.2, I summarize expected relationships between various binary income 

segregation measures, R, and local homelessness rates. These associations were estimated 

using the same set of controls used to build the saturated models presented in Table 2.3, 

                                                
14 I omit 1/log(population) from all coefficient plots. 
15 I present a dot-and-whisker plot showing the fully adjusted relationships between black-white and 
Hispanic/Latinx-white segregation and homelessness rates in Appendix 2C to test if racial segregation is 
statistically significant using different model specifications. Racial segregation does not approach statistical 
significance in any of these models. 
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with only the measures of income segregation varying across models. Summaries for 

each of these eight regression models can be found in Appendix 2F. By dichotomizing  

 
Figure 2.1. Estimated Associations between Model Predictors and CoC Homelessness 
Rates, Point Estimates and 95% Confidence Intervals Displayed 
Notes: ᵃIndicates a logged predictor. For this set of variables, the displayed association represents the 
expected change in homelessness rates given an increase from the mean of the distribution of the predictor 
variable to one standard deviation above it. 
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
 

the income distribution along these annual income thresholds, I find that an increase in 

the segregation of poverty – defined here as the spatial partitioning of households with 

annual incomes of under or over than $20,000 – is associated with larger changes in 

homelessness rates than segregation dichotomized at higher household income 

thresholds. More specifically, a one standard deviation increase in this binary measure of 

income segregation is associated with a net 9.07% increase in the expected rate of 

homelessness (p < 0.05) while corresponding relationships at higher income thresholds 



 

 34 

have smaller effect sizes and lose statistical significance.16 The key takeaway from Figure 

2.2 is that homelessness is driven by the segregation of poverty, but not segregation 

dichotomized at higher income thresholds, which is an idea supported by the existing 

literature. 

 

 
Figure 2.2. Estimated Associations between Binary Income Segregation Measured at 
Varying Thresholds and CoC Homelessness Rates, Point Estimates and 95% Confidence 
Intervals Displayed 
Notes: Each income segregation measurement is estimated via a separate model with a full set of 
controls. Full summaries of each of these models can be found in Appendix 2F. For y-axis labels, 
numbers after each segregation measure, R, indicate the threshold along which household income was 
dichotomized. * p < 0.1; ** p <0.05; *** p <0.01 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
 

In Appendix 2D, I summarize a set of models similar to those used to generate 

Figure 2.2., but using the more common index of dissimilarity, D, instead of the bias-

adjusted binary variance ratio index, R. The net associations estimated via these models 

are similar to their corresponding R measures at each income threshold, but their larger 

                                                
16 R dichotomized at $15,000 is also positively associated with the outcome and statistically significant at 
the p < 0.05 level. However, the effect size is slightly smaller. See Figure 2.2. 



 

 35 

effect sizes – which are expected given the upward bias induced when estimating 

segregation measures from sample data – suggest that R is a more conservative option. A 

one standard deviation increase in D dichotomized at $20,000 is associated with a 10.3 

percent net increase in homelessness rates. I interpret these discrepancies in estimated 

effect sizes as inconsequential because their confidence intervals overlap considerably. I 

see these supplementary results as an important confirmation of the relationship 

described above: homelessness rates are positively associated with the segregation of 

lower-income households across both measurement types. As an additional robustness 

check, I rerun the models presented in Table 2.3 using only those observations existing in 

states containing more than one CoC (i.e., omitting states with only one metropolitan 

CoC) and I present summaries of these models in Appendix 2G. Regression coefficients 

summarized in this table do not meaningfully differ from models using all observations. 

 

DISCUSSION AND CONCLUSION 

On the experiential level, homelessness is a state of human suffering. Obscuring 

the condition allows advantaged actors to ignore its existence. Prior research supports the 

idea that public attitudes towards the homeless become increasingly favorable when 

exposure is higher (Lee et al. 2004), but given the continued increase of economic 

segregation post-2000 (Bischoff and Reardon 2014; Reardon et al. 2018) and the 

tendency for homelessness to be concentrated in marginal spaces, the homeless are 

increasingly unlikely to benefit from positive externalities associated with intergroup 

exposure. Income segregation is a political construct that is actively sought for the benefit 
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of powerful social actors through mechanisms such as the monopolization of public 

resources funded by local taxes and it carries consequences for marginalized populations 

(Trounstine 2018). These consequences include decreased access to quality schooling, 

neighborhood disinvestment, and diminished job prospects. In this study I argue that an 

increased risk of homelessness should be added to this list. 

 The United States is enmeshed in an affordable housing crisis. In 2015, roughly 

16 million households shouldered rent burdens that exceeded the federal affordability 

standard – i.e., 30 percent of gross income – and over 7 million households dedicated 

more than 50 percent of income to rent (Currier et al. 2018). Given that 75 percent of 

households eligible for federal housing assistance do not receive it (Poethig 2014), we 

might be surprised that the number of homeless persons in the United States on any given 

night is so low. In this analysis, I confirm that market factors – i.e., rental market 

accessibility, levels of economic disadvantage, and single occupancy rates – remain the 

dominant explanatory drivers of local homelessness rates. I also provide the first 

quantitative evidence at the national level suggesting that the segregation of poverty is 

positively associated with the outcome.  

 Rates of homelessness are highly predictable at the community level. As such, 

this analysis reinforces the idea that homelessness stems from a crisis of institutional 

arrangements, which qualifies it as an object of sociological interest (Mills 1959). Given 

that nearly half of the variation in homelessness rates in US metropolitan areas can be 

explained by community-level drivers, we might question the extent to which the 

homeless are responsible for their own situations. To paraphrase Elliot Liebow (1993), 
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most people are, by definition, average; endowed with average skills and aptitudes, work 

ethics, and levels of resilience. For the abjectly poor and homeless, these averages are 

systematically depressed by the residual consequences of detrimental personal 

experiences and environments that yield tangible detriments at the psychological and 

physiological levels (Heckman 2006; Link and Phelan 1995). Under a system where the 

national housing wage is three times the minimum wage (National Low-Income Housing 

Coalition 2018), there is a strong argument that homelessness is primarily a systemic 

issue.17 Those who experience homelessness are therefore, to some large extent, the 

victims of a market system that allows necessities such as housing to be priced at rates 

that are unattainable for an entire class of people. This same system relegates the poor 

and homeless to disadvantaged neighborhoods, simultaneously veiling their plights and 

providing minimum comforts such as soup kitchens and homeless shelters. Stated 

differently, isolated pockets of economic marginality provide an ideal ecology for both 

the spatial exclusion and seclusion of homelessness (Herring 2014). 

While this study contributes the collective understanding of the drivers that 

influence local homelessness rates, it is not without limitations. Similar to Lee et al. 

(2003) and Byrne et al. (2013), I do not control for the capacity of local homelessness 

assistance programs to address the issue, e.g., through rapid rehousing or other ends-

focused initiatives. Therefore, the models presented here might suffer from some degree 

of omitted variable bias. Further, because CoCs do not necessarily map completely onto 

                                                
17 The housing wage is the estimated full-time hourly wage necessary to afford a two-bedroom apartment at 
HUD’s fair market rental rate while spending no more than 30 percent of gross income. In 2017, the 
housing wage was $21.21 per hour. In 2018, the figure increased to $22.10 per hour. The federal minimum 
wage was $7.25 for both years. 
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metropolitan or non-metropolitan areas, alternative strategies for distilling a sample of 

metropolitan CoCs could yield different results. There are also reasonable objections to 

using PIT count data for this type of analysis, mainly due to the complications associated 

with attempting to count a hidden population (see, e.g., National Law Center on 

Homelessness and Poverty 2017). Despite these limitations, I believe that the results 

presented here are meaningful and valid, with the caveat that they should be retested 

when superior data become available. 

 I conclude by directly returning to the core concerns of this study. I add to the 

existing literature by providing quantitative evidence linking income segregation – 

primarily the segregation of poverty – to an increase in local homelessness rates. Further, 

I reinforce previous findings linking less accessible rental markets, higher levels of 

economic disadvantage, and higher proportions of single-occupied units to elevated rates 

of homelessness. This analysis also reinforces the idea that homelessness is highly 

predictable at the community-level, broadly suggesting that the condition is largely 

systemic and should be treated as such. 
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APPENDICES 
 

 
Appendix 2A. Map of Continuums of Care Included in Analysis 
Sources: HUD CoC GIS Shapefiles. U.S. Census Bureau - American Community Survey 5-year estimates 
(2012-2016). 
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Appendix 2B. Biplots of Standardized Principal Component Loadings for Correlated 
Variable Sets 
Notes: First two principal components displayed. Only the first principal component for each set of 
predictors was used for model estimates. 
Sources: U.S. Census Bureau - American Community Survey 5-year estimates (2012-2016). 
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Appendix 2C. Estimated Associations between Forms of Racial Segregation, R, and CoC 
Homelessness Rates, Point Estimates and 95% Confidence Intervals Displayed 
Notes: Each racial segregation measurement is estimated via a separate model with a full set of controls. 
Full summaries of each of these models are not presented here, but are available upon request. 
* p < 0.1; ** p <0.05; *** p <0.01 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
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Appendix 2D. Estimated Associations between Binary Income Segregation Measured at 
Varying Thresholds using the Index of Dissimilarity, D, and CoC Homelessness Rates, 
Point Estimates and 95% Confidence Intervals Displayed 
Notes: Each income segregation measurement is estimated via a separate model with a full set of controls. 
Full summaries of each of these models are not presented here, but are available upon request. For y-axis 
labels, numbers after each segregation measure, D, indicate the threshold along which household income 
was dichotomized. * p < 0.1; ** p <0.05; *** p <0.01 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
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Appendix 2E. Descriptive Statistics for all Additional Income Segregation Measures 

 
Note: R_XX represents the bias-adjusted binary variance ratio index, R, dichotomized at XX household 
income for the last year. D_XX represents the index of dissimilarity, dichotomized at XX household 
income for the last year. 
Source: U.S. Census Bureau - American Community Survey 5-year estimates (2012-2016). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Variable Mean Median SD Min Max
R_15k 0.06 0.05 0.03 0.01 0.20
R_20k 0.07 0.06 0.03 0.01 0.18
R_30k 0.08 0.08 0.03 0.02 0.18
R_40k 0.09 0.09 0.04 0.03 0.21
R_50k 0.10 0.09 0.04 0.03 0.22
R_60k 0.10 0.10 0.04 0.03 0.22
R_75k 0.10 0.10 0.04 0.03 0.23
R_100k 0.10 0.09 0.04 0.03 0.25
D_15k 0.29 0.29 0.05 0.17 0.41
D_20k 0.28 0.28 0.05 0.17 0.40
D_30k 0.27 0.27 0.05 0.15 0.41
D_40k 0.26 0.27 0.05 0.15 0.41
D_50k 0.27 0.27 0.05 0.15 0.42
D_60k 0.27 0.27 0.05 0.16 0.43
D_75k 0.28 0.28 0.06 0.16 0.44
D_100k 0.31 0.30 0.06 0.16 0.48
Continuums of Care (N) 312
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Appendix 2F. Mixed Effects Regression Models Predicting Rates of Homelessness per 
10,000 Persons Using Binary Income Segregation Measures at Varying Thresholds 

 
Notes: R_XX represents the bias-adjusted binary variance ratio index, R, dichotomized at XX household 
income for the last year. Standard errors in parentheses. All continuous variables are mean-centered. 
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
 
 
 
 

  

R_15k 2.74 **
(1.38)

R_20k 2.86 **
(1.30)

R_30k 2.06 *
(1.20)

R_40k 1.90 *
(1.14)

R_50k 1.78
(1.10)

R_60k 1.61
(1.08)

R_75k 1.04
(1.07)

R_100k 0.08
(1.08)

Black/Hispanic/Latinx - white segregation 0.68 0.73 0.70 0.69 0.70 0.69 0.61 0.49
(1.38) (1.38) (1.38) (1.39) (1.39) (1.39) (1.39) (1.39)

Rental market accessibility -0.20 *** -0.20 *** -0.19 *** -0.19 *** -0.19 *** -0.19 *** -0.19 *** -0.19 ***
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

Renter occupancy rate 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Vacancy rate (logged) -0.05 -0.04 -0.06 -0.06 -0.06 -0.06 -0.07 -0.07
(0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10) (0.10)

Crowded rate (logged) 0.13 0.13 0.13 0.13 0.13 0.13 0.12 0.12
(0.12) (0.12) (0.12) (0.12) (0.12) (0.12) (0.12) (0.12)

Percent moved in last year (logged) -0.08 -0.07 -0.04 -0.03 -0.02 -0.01 0.00 0.01
(0.19) (0.19) (0.19) (0.19) (0.19) (0.19) (0.19) (0.19)

Economic disadvantage 0.18 *** 0.17 *** 0.18 *** 0.18 *** 0.18 *** 0.19 *** 0.19 *** 0.19 ***
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

Percent black (logged) -0.21 *** -0.21 *** -0.21 *** -0.21 *** -0.21 *** -0.21 *** -0.21 *** -0.20 ***
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

Percent Hispanic/Latinx (logged) 0.07 0.07 0.06 0.06 0.06 0.06 0.06 0.07
(0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07) (0.07)

Median age -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

Single occupancy rate 0.07 *** 0.07 *** 0.07 *** 0.07 *** 0.07 *** 0.07 *** 0.07 *** 0.07 ***
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)

1/log(Population) 19.29 ** 20.10 *** 20.28 *** 20.95 *** 21.78 *** 21.93 *** 20.84 ** 17.79 **
(7.54) (7.57) (7.66) (7.76) (7.93) (8.05) (8.24) (8.55)

Constant 2.57 *** 2.57 *** 2.57 *** 2.57 *** 2.57 *** 2.57 *** 2.57 *** 2.57 ***
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05) (0.05)

Observations 312 312 312 312 312 312 312 312

Marginal R2 0.43 0.43 0.43 0.43 0.44 0.44 0.44 0.44

Conditional R2 0.54 0.54 0.53 0.53 0.53 0.53 0.53 0.52

Model 7 Model 8Model 1 Model 2 Model 3 Model 4 Model 5 Model 6



 

 52 

Appendix 2G. Mixed Effects Regression Models Predicting Rates of Homelessness per 
10,000 Persons Only Including Observations in States with More Than One CoC 

 
Notes: R_20k represents the bias-adjusted binary variance ratio index, R, dichotomized at $20,000 
household income for the last year. Standard errors in parentheses. All continuous variables are mean-
centered. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
 

 
 

R_20k 2.93 **
(1.31)

Rank-order income segregation 0.91
(1.28)

Black/Hispanic/Latinx - white segregation 0.40 0.29
(1.41) (1.42)

Rental market accessibility -0.15 *** -0.15 ***
(0.06) (0.06)

Renter occupancy rate 0.00 0.00
(0.01) (0.01)

Vacancy rate (logged) -0.04 -0.07
(0.10) (0.10)

Crowded rate (logged) 0.06 0.05
(0.12) (0.12)

Percent moved in last year (logged) -0.13 -0.06
(0.19) (0.19)

Economic disadvantage 0.15 *** 0.17 ***
(0.05) (0.05)

Percent black (logged) -0.19 *** -0.18 ***
(0.05) (0.05)

Percent Hispanic/Latinx (logged) 0.14 * 0.13
(0.08) (0.08)

Median age -0.01 -0.01
(0.02) (0.02)

Single occupancy rate 0.07 *** 0.07 ***
(0.01) (0.01)

1/log(Population) 19.26 ** 18.90 **
(7.58) (8.10)

Constant 2.54 *** 2.54 ***
(0.06) (0.05)

Observations 304 304
Marginal R2 0.40 0.40
Conditional R2 0.53 0.52

Model 1 Model 2
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CHAPTER 3: 
ON THE RELATIONSHIP BETWEEN EVICTION JUDGEMENTS AND 

HOMELESSNESS IN U.S. METROPOLITAN AREAS 
 

 
Scholars and policymakers have argued that eviction is a leading cause of urban 
homelessness, but these claims rely largely on self-reported and ethnographic data that 
often do not distinguish between formal (i.e., eviction judgements) and informal forced 
moves. The main heuristic shift of this project is to test whether this relationship is 
discernable at the community level: do eviction rates predict rates of homelessness 
across continuums of care serving mainly metropolitan areas? Using cross-sectional and 
longitudinal mixed-model designs, I do not find evidence of meaningful associations 
between formal eviction rates and local rates of (1) total, (2) sheltered, (3) unsheltered, 
(4) individual, or (5) family homelessness. These null findings are not entirely surprising 
given that in the current U.S. legal context – which grants landlords considerable 
latitude for removing tenants from properties without the backing of a formal court order 
– a large share of forced moves are likely the result of something other than a completed 
eviction proceeding. The results are meaningful, however, because they imply that 
combatting formal evictions without addressing undocumented forced moves might not be 
an effective policy tool for attenuating the size of local homeless populations.  
 

Issues of housing accessibility, stability, and ownership form perhaps the 

strongest foundation of the contemporary American stratification system (Desmond 2016, 

2017). On the low end of metropolitan markets, high rates of residential turnover and low 

ownership rates facilitate an unstable system that negatively impacts a range of housing 

outcomes, such as increased incidences of homelessness (Fargo et al. 2013; Montgomery 

2018; PEW 2018). In this regard, homelessness is at least partly a function of the system 

of rentership that dominates low-income housing markets in the American metropolis. 

Prior work has argued that eviction represents one key mechanism that facilitates the 

transition from low-income housing to homelessness (e.g., Burt 2001; Desmond 2015, 

2016; van Laere, de Wit, and Klazinga 2009; U.S. Conference of Mayors 2013), but these 

analyses mainly rely on self-reported and ethnographic data that often fails to make the 
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distinction between formal (i.e., eviction judgements) and informal forced moves. I argue 

that the relationship between eviction judgements and homelessness is less 

straightforward at the community level, likely because of the dominance of informal 

evictions in low-income rental markets. 

To gain a deeper understanding of the extent to which formal eviction rates serve 

as a community-level determinant of homelessness, I build a series of longitudinal and 

cross-sectional linear mixed-effects models predicting local rates of (1) total, (2) 

sheltered, (3) unsheltered, (4) unaccompanied individual, and (5) family homelessness 

measured annually by the Department of Housing and Urban Development’s (HUD’s) 

Point-in-Time (PIT) Counts of the Homeless for years 2013 through 2017.18 I predict 

these outcomes for 310 homelessness Continuums of Care (CoCs) covering primarily 

U.S. metropolitan areas using tract-level evictions data assembled by the Princeton 

University Eviction Lab (evictionlab.org), population data from the American 

Community Survey Five-Year Estimates ending in years between 2012 and 2016, and 

weather data from the PRISM Climate Group (prism.oregonstate.edu) measured during 

the months of each PIT Count (i.e., each January from 2013 to 2017). In multiple 

regression models, the significance and effect sizes of control variables are generally 

consistent with the existing literature on the community determinants of homelessness. I 

do not, however, find evidence of robust relationships between the prevalence of court-

ordered eviction judgements and local rates of homelessness. 

                                                
18 Each administrative body is required to annually report counts of sheltered homeless persons. While 
unsheltered counts are only required during odd-numbered years, several CoCs go beyond this minimum 
requirement and report unsheltered counts annually. I discuss how counts of unsheltered subpopulations are 
handled for even-numbered years in the data and methods section. 
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 The findings I present here do not necessarily contradict the claim that forced 

moves, broadly defined, are a leading cause of homelessness. Rather, they highlight the 

need to carefully distinguish between formal eviction judgements and informal forced 

moves and put into question the relationship between rates of eviction judgements – a 

much narrower subcategory – and homelessness rates. The invisibility of forced moves 

has important policy implications, suggesting that anti-eviction policies might not 

mitigate local homelessness rates so long as they are limited to addressing formal 

evictions. In order to address the housing instability associated with homelessness, I 

argue that broader issues related to low-income housing markets must be addressed. 

 

FRAMEWORK 

Defining Terms 

 I find it useful to start by clearly delineating how I am using the terms eviction 

and homelessness. For the purposes of this project, I define eviction as occurring when a 

renter-occupied household receives a court judgement stripping them of the right to 

occupy a given property. This definition is restrictive because it ignores other forms of 

forced moves that are hard to document and perhaps more common catalysts for 

residential dislocation than formal eviction judgements (Desmond 2015). The frequency 

of forced moves other than formal evictions remains unknown at the national level, but 

anecdotal data suggest that formal eviction judgements only comprise a minority of all 

forced moves. Matthew Desmond and Tracey Shollenberger (2015), for example, analyze 

data from the Milwaukee Area Renters Study (2009-2011) and find that while one-in-
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eight renters experienced a forced move in the two years prior to being surveyed, only 24 

percent of these were the result of court-ordered eviction judgements. Nearly half (48 

percent) of all forced moves were the result of informal evictions.19 Informal forced 

moves occur when a landlord, irrespective of the legitimacy of rationale, employs a 

strategy other than the legal eviction process to force a tenant out of a unit. Examples of 

such strategies include threatening a tenant with an eviction lawsuit (regardless of 

intention to carry one out), verbally demanding that a tenant vacate, or offering tenants 

incentives (e.g., money) to leave (Desmond 2016). This first example – the threat of an 

eviction proceeding – is particularly powerful because of the detrimental consequences 

that a negative eviction judgement can have on a tenant’s future housing and financial 

prospects.  

Being formally evicted has short- and long-term consequences. Beyond the 

immediate dislocation from housing, an eviction record may disqualify a household from 

receiving future aid from government-funded housing programs, raise red flags during 

future background checks, or negatively impact credit scores. Additionally, because 

placing eviction court filings under seal is discretionary in most jurisdictions – and rarely 

done in practice – simply being named in an eviction lawsuit can be used by tenant-

screening companies as evidence that a tenant should be blacklisted from rental housing 

(Desmond 2016; Desmond et al. 2013; Gold 2016). For those in poverty, the cost of 

fighting an eviction is often too high. Poor renters usually cannot afford legal counsel (to 

                                                
19 The remainder of reported reasons for forced moves include landlord foreclosures (23%) and building 
condemnation (5%). The proportion of landlord foreclosures was likely atypically high during the study 
period (2009-2011) due to the then-ongoing financial crisis and recovery. 
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which most landlords have access) and commonly face financial barriers to appearing in 

court (e.g., missed wages or travel costs). Such a configuration incentivizes poor tenants 

to give up an eviction battle at each stage of the process or before it even begins 

(Hartman and Robinson 2003). 

I define homelessness literally – as the absence of a fixed nighttime residence of 

minimally acceptable quality. This definition includes those residing in places that are not 

meant for human habitation, such as parks or abandoned buildings, and those staying in 

shelters designed to provide temporary living arrangements. It excludes those who are 

doubled up (e.g., those staying in a friend’s or family member’s residence) and those who 

are imminently at risk of homelessness. While this constitutes a conservative definition of 

homelessness, it is also the official reporting standard used for the annual homeless 

census conducted by HUD. Prior research on the community determinants of 

homelessness (e.g., Byrne et al. 2013; Lee, Price-Spratlen, and Kanan 2003) has 

consistently found that the prevalence of the condition is meaningfully associated with 

market factors like rent levels. Similarly, the most common catalyst for all forced moves 

is the non-payment of rent (Desmond and Kimbro 2015). With this in mind, I define both 

forms of housing instability as features of low-income housing markets. 

  

Low-Income Housing Instability as a Market Feature 

 Eviction and homelessness in the U.S. are rooted in the broader political economy 

of Western capitalist development. As such, these forms of residential dislocation cannot 

be completely understood without also understanding the asymmetric power relations that 
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expose tenants to housing instability while protecting profits (Engels [1872] 2016; 

Soederberg 2018).20 Housing is a unique commodity in that it is necessary for the vitality 

and reproduction of another central market commodity: labor. Workers require stable 

housing – a place to eat and rest – in order to optimize productive potentials and 

reproduce labor. In recent decades, technological change has rendered some low- and 

semi-skilled workers redundant and, consequently, their housing has become less central 

to the survival of the market (Marx [1867] 1990; Ropers 1988). In other words, workers 

who are not sufficiently important to the economy are not paid enough money to be able 

to reasonably afford housing and neither landlords nor the state are adequately 

incentivized to fully address subsequent housing gaps (Madden and Marcuse 2016). 

Without prompt payment, a landlord is expected to demand that a tenant vacate, a move 

the state will endorse regardless of whether the tenant has somewhere else to go. As such, 

forced moves and the homeless episodes that stem from them are not unintended 

consequences of the market system for low-income housing. They are defining features 

of it. 

At the national average, a worker earning the federal minimum wage ($7.25/hour) 

has to work 122 hours per week, 52 weeks per year to be able to afford a two-bedroom 

unit, according to the Department of Housing and Urban Development’s (HUD’s) 

                                                
20 While housing instability is inherent to capitalism, it is not unique to it. When discussing a tightly related 
issue – housing shortages – Engels ([1872] 2016:25) notes that “The so-called housing shortage…is not 
something particular to the present [capitalism]; it is not even one of the sufferings peculiar to the modern 
proletariat in contradistinction to all earlier oppressed classes. On the contrary, all oppressed classes in all 
periods suffered more or less uniformly from it.” 
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affordability standard.21 Accordingly, the national housing wage – the hourly rate at 

which a full-time worker must be paid to be able to afford housing– for a two-bedroom 

unit is more than three times greater than the federal minimum wage (National Low-

Income Housing Coalition 2018). This disparity is exacerbated by federal disinvestment 

in low-income housing: in the 1970s HUD’s budget authority was second only to the 

Department of Defense, but cuts beginning in the 1980s depleted federal resources for 

low-income housing (Schwartz 2006). Currently, three-fourths of those eligible for 

government housing assistance – which is not a legal entitlement – do not receive it and 

the size of the U.S. homeless population on any given night is only slightly lower than the 

population of Wyoming (JCHS 2013; U.S. Department of Housing and Urban 

Development 2017). The current low-income housing affordability crisis, though striking, 

is far from uncommon: the U.S. has never fully served its unstably housed or homeless 

populations, which places the house at the center of this analysis.  

 

Markets and the Sociology of Housing 

 Matthew Desmond (2018), in his sketch of a sociology of housing, argues that the 

market system governing low-income housing is itself an important object of sociological 

inquiry. Recapitulating the work of Pierre Bourdieu ([1969] 1979, [1979] 1984, [1991] 

2018, 2005; Bourdieu and Wacquant 1992), Desmond provides three areas of concern for 

a contemporary sociology of housing: (1) the house and its market as central to 

                                                
21 This figure is calculated using the Department of Housing and Urban Development’s standard for 
housing affordability, which is no more than 30 percent of gross income at the fair market rent (FMR). By 
this standard, housing is affordable in less than one percent of U.S. counties (National Low-Income 
Housing Coalition 2018). 
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understanding the social, economic, and symbolic order, (2) the housing market as a 

configuration of social relations, and (3) the denaturalization of the market. With respect 

to the first point, housing is emblematic of the more general struggle over the “spoils of 

the city” (Desmond 2018:167). The submarkets governing low-income housing are semi-

autonomous spheres with identifiable key actors (e.g., tenants and landlords). The general 

formulas for rent-setting employed by individual and corporate landlords fail to take into 

account the potential evictions or homeless episodes for prospective tenants that will 

result from the aggregation of such decisions (Gilderbloom and Appelbaum 1987). 

Instead – quite understandably given the logic of markets – rent-setting is generally done 

with the goal of profit maximization. Consequently, a prospective tenant’s decision to try 

to enter into a particular submarket (e.g., a low-income, urban neighborhood or middle-

class suburb) is an economically restricted one reflective of her perceived location within 

larger sociocultural structures (Bourdieu 1979). The symbolic message sent to the evicted 

and homeless when they are plainly barred from housing in the least desired submarkets 

is one of extreme marginality; of being something conceptually separate from the 

domiciled public; of comprising, quite literally, an underclass. The detrimental effects of 

such labels and experiences on the psychological states of persons experiencing eviction 

or homelessness have been associated with severe impacts on mental health and even 

identified as risk factors for suicide (Fullilove 2016; Serby et al. 2006; Snow and 

Anderson 1993). This psychological strain does not emerge in a vacuum.  

 The housing market is a configuration of social relations. It is the accumulation of 

economic relationships between diametrically opposed actors seeking their own best 
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interests. Because the government regulates access to land, issues (or denies) building 

permits, acts as a lender, and so on, the market is not free in the sense that it is set apart 

from governance (Bourdieu 2005; Desmond 2018). Rather, the low-income housing 

market is a competition between owners and renters with the rules set by the state. The 

current configuration allows for evictions and homelessness to be experienced, mainly by 

those actors least equipped to compete in the first place. 

 There is no natural law of housing markets mandating that evictions and 

homelessness be accepted or allowed. Rather, the system has been designed and reified in 

this way. This is partly due to the profitability of landownership. The value of land stems 

from expected future profits, which can be artificially modified (Soederberg 2018). Over 

the past several decades, the financial value of landownership has been bolstered by 

opportunities that have emerged as a consequence of decisions made by the state. For 

example, regulatory changes have facilitated the partial privatization of low-income 

housing via the increased reliance on tax credits and vouchers in place of public housing 

and easy access to capital has encouraged land speculation, which, in turn, drives up the 

value of rental properties (Haila 1988; Harvey 1999).22 These examples further expose 

rental property ownership as relational – as a site of class struggle – where owners hold 

significant power over renters who face the dilemma of either meeting rental prices under 

financially unreasonable circumstances or going without housing.  

                                                
22 One prominent example of land speculation driving up the value of rental units is when investors 
purchase rental properties in affordable neighborhoods with the intention of flipping them. On the 
neighborhood level, this has contributed to gentrification and the corresponding displacement of the urban 
poor in places like New York City (Goldberg and Baker 2018). This practice is facilitated by easy access to 
capital. 
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The idea that the market should not operate in this way is not new. Since at least 

the Great Depression era, fair housing advocates have argued that given the emergence of 

even the most minimal housing codes (e.g., requiring windows and ventilation), shelter 

for the lowest income earners will never be completely self-attainable and would need to 

be subsidized (Krumholz 2004). To this day, however, large-scale forms of residential 

dislocation persist and renters are provided few government protections (Desmond 2017). 

While the existence of evictions and homelessness are two clear consequences of this 

market failure, the assumed relationship between the two variables (i.e., the impact of 

eviction rates on homelessness rates) might vary across homeless subpopulations. 

 

Differential Associations by Type of Homelessness 

 I divide homelessness along two main axes: (1) shelter status and (2) family type. 

For the former, homeless populations can be split into sheltered and unsheltered 

subgroups. Persons staying in homeless shelters tend to have been homeless for shorter 

periods and are closer to social services than their unsheltered counterparts (Snow and 

Anderson 1993). There is also evidence supporting the notion that the sheltered homeless 

are more likely than the unsheltered homeless to have recently experienced a forced 

move. For example, one study in New York City found that nearly half of shelter 

residents were homeless because of a forced move (Seedco Policy Center 2010). On the 

contrary, Maureen Crane and Anthony Warnes (2000:771), in their study on the 

relationship between evictions and prolonged homelessness among older adults in the 

U.K., note that “only a minority of rough sleepers [i.e., persons experiencing unsheltered 
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homelessness] become homeless as a direct result of eviction, and only a small proportion 

of evictees enter prolonged homelessness.” To the extent that these findings are 

generalizable, we might expect the relationship between evictions rates and homelessness 

rates to be stronger for sheltered homeless populations than for the unsheltered homeless. 

 I also divide homelessness into two subcategories by family type: (1) 

unaccompanied individuals and (2) persons in families. Using Milwaukee as a case study, 

Desmond et al. (2013), conclude that families with children are 17 percent more likely to 

receive an eviction judgement than households without children. Similarly, Desmond and 

Gershenson (2017) argue that there is a positive relationship between household size and 

the likelihood of getting evicted. Martin Abravanel and Mary Cunningham (2000) further 

note that, unlike racial or gender discrimination, families with children are generally not 

recognized as protected groups in housing matters and therefore might be easier to 

remove from a unit or otherwise discriminate against than unaccompanied individuals. 

Additionally, individuals might have an easier time doubling up with friends or family, 

assuming it is easier for a sympathetic friend or family member to house one person as 

opposed to several. I therefore expect eviction rates to be more strongly associated with 

family homelessness rates than rates for homeless individuals.  

 

Current Study 

The Milwaukee Area Renters’ Study (2009-2011) provided the first concrete 

evidence that (1) forced moves are a familiar experience for low-income renters and (2) 

informal forced moves constitute a sizeable portion (perhaps the majority) of all forced 
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moves (Desmond 2015). Matthew Desmond’s (2016) follow-up ethnography, Evicted, 

confirms this finding. Martha Burt (2001) similarly finds that inability to pay rent (the 

modal reason for all forced moves) is a leading cause of homelessness and that “the 

landlord made me leave” is a top self-reported catalyst for homelessness among families. 

Further, the U.S. Conference of Mayors’ (2013, 2014) annual Hunger and Homelessness 

Report, which surveys city administrators, has found that eviction is perceived by at least 

some city leaders as a principal cause of homelessness, but this survey does not make the 

distinction between formal and informal forced moves.23 More recently, Jacob Faber 

(2019) found a positive relationship between rates of foreclosure and homelessness at the 

community-level. As a metric, however, foreclosure rates might more accurately capture 

the total housing instability experienced by owners than rates of eviction judgements 

capture instability among renters. Collectively, the existing body of research provides 

strong evidence that there is a connection between forced moves and homelessness, but 

there still exists considerable ambiguity around whether the relative frequency of eviction 

judgements – a measurable and documented form of forced moves – is associated with 

the local prevalence of homelessness.  

To the best of my knowledge, the present piece represents the first attempt to model 

the association between formal eviction rates and rates of homelessness at the 

community-level. I ask two key questions: 

                                                
23 The Hunger and Homelessness Report shows inconsistent results across years. In 2013, 32 percent of 
respondents listed eviction as a leading cause of homelessness, while only 13 percent of respondents did so 
in 2014. This might be partly due to the small sample size (n = 25) of the annual survey.  
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1. Is the association between evictions and homelessness reported by surveys and 
ethnographic work observable at the community level? Are local rates of eviction 
judgements associated with local rates of homelessness? 

2. Does this relationship vary among homeless subgroups separated by shelter 
(sheltered and unsheltered) or family (individual and family) status? 
 
 

I hypothesize that the relationships of interest will be positive for measures of total 

homelessness and for all subgroups, but I also expect that the effect sizes will not be large 

enough to qualify formal eviction rates as a leading indicator of homelessness due to a 

suppressing effect caused by the invisibility of informal forced moves. Stated differently, 

because eviction judgement records do not fully capture the extent of forced moves, I 

believe that the association between eviction rates and homelessness will be weaker than 

what has been implied by analogous surveys and ethnographic studies. It is also plausible 

that complicating factors – some of which are difficult to reduce to a single measure or 

set of measures – can alter the expected (positive) association between eviction rates and 

homelessness rates.  These factors include residual consequences for renters who have 

been named in an eviction proceeding or formally evicted (e.g., being flagged by a tenant 

screening service during a future housing search), incentives for renters to give up an 

eviction battle and voluntarily leave a property (e.g., avoiding legal costs), renter 

protection laws (and the degree to which they are enforced) that vary across space, and 

varying rates of persons doubling up to avoid homelessness across communities. I expect 

that other chief indicators of homelessness that have been established in the literature 

such as indicators of rental market accessibility will have larger relative effect sizes and 

higher significance levels for models predicting all of the categories of homelessness 

explored here. 
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I further expect the relationships between eviction rates and homelessness rates to 

vary across subpopulations. Given the higher likelihood for sheltered homeless persons to 

experience a forced move relative to persons who are sleeping rough, I expect the 

association between eviction rates and sheltered homelessness to be stronger than the 

analogous relationship predicting unsheltered homelessness. Also, given the positive 

associations between family size and likelihood to be evicted, the discrimination that 

families face in rental markets, and the increased difficulties families might experience 

trying to double up relative to individuals, I expect eviction to be a stronger predictor of 

family homelessness than individual homelessness rates. 

 

DATA AND METHODS 

Constructing the Dataset 

 Data for this project come from four distinct sources: the 2013-2017 Point-in-

Time (PIT) Counts of the Homeless, the Princeton University Eviction Lab’s tract-level 

evictions file, American Community Survey Five-Year Estimates ending in years 2012 

through 2016, and 2013-2017 weather data from the PRISM Climate Group measured in 

January of each year. PIT data are collected at the continuum of care (CoC) level.24 CoCs 

are administrative bodies within which assistance providers share federal funds and 

collaborate to address homelessness and related issues (U.S. Department of Housing and 

Urban Development 2012). CoCs cover irregular geographic boundaries ranging from the 

                                                
24 Nearly all Americans, urban or rural, live within the boundaries of a CoC (Fargo et al. 2013). For a map 
displaying the CoCs included in (and excluded from) this analysis and areas not covered by CoCs, see 
Appendix 3A. 
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sub-county to the state levels, but they are a useful unit of analysis as they are the precise 

level at which day-to-day service provisions are administered.  

CoCs do not always neatly align with more common administrative boundaries 

such as counties or zip codes which makes merging homelessness counts with other 

datasets difficult.25 To overcome this issue, I use a publicly available CoC crosswalk file 

that identifies the specific census tracts existing within the boundaries of each CoC.26 For 

each year, I merge tract-level evictions and ACS data, aggregate those to the CoC-level, 

and merge the resulting dataset with PIT counts of homeless populations. Using QGIS 

software, I calculate measures of (1) average daily temperature and (2) monthly 

precipitation for each CoC during the specific month within which a respective count 

took place (i.e., January of that year). These weather indicators are merged with the CoC-

level data file and the process is repeated for each year. 

 To derive the set of CoCs that primarily cover metropolitan areas I use the 

following strategy: First, I remove the set of balance of state and statewide CoCs that 

tend to cover large, rural areas, along with CoCs that exist outside of US States or the 

District of Columbia (e.g., Puerto Rico). I then remove CoCs that cover exclusively 

micropolitan areas and/or places not defined as CBSAs. Finally, I preserve only those 

remaining CoCs with over 50 percent of census tracts existing within metropolitan 

statistical areas (MSAs). Using this strategy, I arrive at a sample of 310 CoCs – each with 

                                                
25 Matched evictions data is gathered for the year preceding the PIT. For example, I use 2016 evictions data 
to predict homelessness measured in January 2017. I use a similar strategy for matching ACS data. For 
example, the 2017 PIT is matched with 2012-2016 ACS data. 
26 The strategy for creating this CoC crosswalk is similar to that discussed by Thomas Byrne et al. (2013). 
The crosswalk file used for this analysis can be accessed at https://github.com/tomhbyrne/HUD-CoC-
Geography-Crosswalk.  
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five annual measurements – spanning 43 states and the District of Columbia. A map of 

the CoCs used in this analysis can be found in Appendix 3A. 

 

Dependent Variables 

I calculate five dependent variables for this project, each measured per 10,000 

persons in the CoC population: (1) total homeless persons, (2) persons in homeless 

shelters, (3) unsheltered homeless persons, (4) unaccompanied homeless persons (i.e., 

homeless individuals), and (5) homeless persons who are members of families. Each of 

these rate variables have highly right-skewed distributions. To address this, I use the 

natural logarithm of each measure for all regression models. The median trends for all of 

these measures of homelessness steadily declined over the period between 2013 and 

2017, with the partial exception of unsheltered homelessness rates, which have decreased 

from 2.35 to 1.86 per 10,000 residents between 2013 and 2015, but subsequently began to 

rise to 2.05 per 10,000 residents in 2017 (see Appendix 3B). To the extent that 

homelessness rates are driven by market factors, this decrease in homelessness rates over 

time makes sense given that the study period coincides with the economic expansion 

following the Great Recession. 

Unsheltered homelessness counts are only required by HUD during odd-

numbered years, but several CoCs conduct these counts annually. For those CoCs that do 

not conduct unsheltered counts on even-numbered years, HUD reports the most recent 

count in the updated file (i.e., the unsheltered homelessness count for year t is assumed to 

be the same as in t-1). For 2014 and 2016 (i.e., the years in which unsheltered counts 
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were not mandated), I assume that all counts identical to the prior year result from a 

missing measurement occasion. To provide a better estimate for these duplicated values, I 

assume a linear rate of change and estimate unsheltered homelessness as the arithmetic 

mean of the relevant counts for the years immediately preceding (t-1) and following (t+1) 

that measurement occasion. 

 

Table 3.1. Summary of Study Variables 

 
*Indicates variables that were constructed via a principal component analysis (PCA).  
Notes: HUD PIT count = U.S. Department of Housing and Urban Development (HUD) Point in Time (PIT) 
estimate of persons experiencing homelessness 2013-2017.   
ACS = U.S. Census Bureau, American Community Survey 5-year estimates ending in years 2012-2016. 
PRISM = Parameter-Elevation Regressions on Independent Slopes Model provided by the Northwest 
Alliance for Computational Science and Engineering based at Oregon State University, 2013-2017.  
Eviction Lab = Princeton University Eviction Lab, 2012-2016.   
All variables measured at the CoC level. 

 

 

Variable Source Description
Dependent variables

Total homeless rate HUD PIT count/ACS Homeless persons per 10,000 residents
Sheltered homeless rate HUD PIT count/ACS Sheltered homeless persons per 10,000 residents
Unsheltered homeless rate HUD PIT count/ACS Unsheltered homeless persons per 10,000 residents
Homeless individual rate HUD PIT count/ACS Homeless individuals per 10,000 residents
Homeless family rate HUD PIT count/ACS Homeless individuals in families per 10,000 residents

Independent variables
Eviction rate Eviction Lab Evictions per 100 households

Housing market characteristics
Rental market accessibility* ACS Index of CoC rental characteristics: median rent and renter median income
Renter occupancy rate ACS Percent of units occupied by renters
Vacancy rate ACS Percent vacant units
Crowded rate ACS Percent of units with more than one occupant per room
Percent moved in last year ACS Percent of residents in current housing unit for less than one year

Economic indicators
Economic disadvantage* ACS Index of economic characteristics: poverty rate, public assistance rate, and 

unemployment rate
Demographic factors

Percent black ACS Percent black in population
Percent Hispanic/Latinx ACS Percent Hispanic/Latinx in population
Median age ACS Median age of population
Single occupancy rate ACS Percent of housing units with single occupant
Population ACS Total population

Climate conditions
Temperature PRISM Average temperature for the month of measurement occasion
Precipitation PRISM Total precipitation for the month of measurement occasion
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Independent Variables 

 A summary of all variables used in this analysis can be found in Table 3.1 and I 

summarize corresponding descriptive statistics in Table 3.2.27 I calculate the CoC-level 

eviction rate variable as the ratio of the number of eviction judgements in a given year to 

the number of renter-occupied households multiplied by 100. Similar to the trend in 

homelessness rates, the median annual eviction rate in the sample has dropped over the 

study period – from 2.89 to 2.34 percent of renter households per year. The highest 

eviction rates for each year, however, hovered between 12 and just over 15 percent 

during the period under consideration (see Appendix 3B). Due to the corresponding 

heavy right tail of the eviction rate distribution, I use the natural log of eviction rates as a 

predictor variable for all of the models summarized in the body of this analysis (for 

alternative specifications, see Appendices 3H through 3J). 

All other independent variables were chosen to mirror those used in previous 

community-level studies predicting rates of homelessness (e.g., Byrne et al. 2013; Lee et 

al. 2003). To meet certain statistical assumptions for inferential models, some predictor 

variables are log-transformed for regression analyses. Following Lee et al. (2003) and 

Firebaugh and Gibbs (1985), I also include the inverse of the logged CoC population as a 

term in multiple regression models as a control that corrects for dependency issues that 

arise when variables on both sides of a regression equation share the same denominator. I 

note all statistical transformations when appropriate. 

 
                                                
27 In Table 3.2, I present descriptive statistics aggregated for all measurement occasions. I present 
corresponding values disaggregated by year in Appendix 3B.  
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Table 3.2. Descriptive Statistics 

 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2013-2017); Princeton University Eviction Lab (2012-2016). 
 

Dimension Reduction 

Some variables theorized to be meaningful predictors of homelessness are 

themselves highly correlated and not necessarily conceptually distinct (i.e., some sets of 

variables likely measure similar underlying ideas). To address these issues, I perform 

principal component analyses (PCAs) for two sets of variables. First, I conduct a PCA on 

two key rental market traits: (1) median rent and (2) renter median income. I interpret 

Variable Mean Median SD Min Max
Dependent variable

Total homeless rate 18.95 13.96 16.92 2.08 134.79
Sheltered homeless rate 13.24 10.24 12.45 1.47 124.05
Unsheltered homeless rate 5.71 2.06 10.04 0.00 110.35
Homeless individual rate 12.52 9.02 12.25 0.41 117.29
Homeless family rate 6.43 4.41 7.55 0.00 72.08

Independent variables
Eviction rate 2.60 1.95 2.16 0.00 15.07

Housing market characteristics

Rental market accessibility 0.00 0.25 1.38 -5.00 2.65

Renter occupancy rate 35.79 34.41 9.70 14.14 69.22

Vacancy rate 11.19 9.69 5.88 3.55 45.39

Crowded rate 2.81 2.10 2.16 0.41 12.66

Percent moved in last year 15.61 15.39 3.88 6.50 28.20

Economic indicators

Economic disadvantage 0.00 0.14 1.54 -5.97 5.38

Demographic factors

Percent black 13.27 9.15 12.88 0.34 82.16

Percent Hispanic/Latinx 13.43 8.24 13.51 0.80 82.70

Median age 38.26 38.39 3.85 25.40 56.18

Single occupancy rate 28.06 28.14 4.75 12.72 48.21

Population/10,000 70.35 47.10 92.43 7.31 924.66

Climate conditions

Temperature 36.24 34.24 12.89 -3.82 72.40

Precipitation 3.29 2.94 2.73 0.00 25.00
Years 2013-2017
Continuums of Care 310
Observations (N) 1,550         
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both of these measures as products of rental market supply and demand; i.e., rent prices 

generally change proportional to what the average renter can afford. Both of these factors 

load negatively on the first principal component, which explains 94.98 percent of their 

total variance. Given that these measures similarly determine rental market availability 

for a renter with a set budget, I refer to this principal component as rental market 

accessibility.  

Second, I note strong correlations among CoC-level poverty rates, public 

assistance use rates, and unemployment rates, and I perform a PCA on this set of 

variables. The first derived principal component explains 78.56 percent of the total 

variation among these variables, which all load in the positive direction. Given that the 

use of public assistance– defined here to include supplemental security income (SSI), 

cash public assistance, or the Supplemental Nutrition Assistance Program (SNAP) – 

indicates a level of economic hardship similar to what is captured by the poverty and 

unemployment rate, I refer to this principal component as an index of economic 

disadvantage. Employing this technique allows for the preservation of information while 

explicitly attending to issues of multicollinearity that could otherwise threaten the 

stability of model estimates. I provide biplots visualizing the first two principal 

components for each of these PCAs in Appendix 3L. 

 

Modeling Strategy 

The data used for this analysis have a clear nesting structure that must be 

accounted for in regression models in order to ensure appropriately estimated standard 
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errors. To address this issue, I build a series of longitudinal and cross-sectional linear 

mixed-effects models. For longitudinal models, I nest measurement occasions inside of 

CoCs and CoCs inside of states (i.e., three-level models) and I specify autocorrelation 

structures of order one that allow intra-group correlations to decrease over time. This 

modeling strategy allows me to account for the statistical dependence of measurements 

taken within the same CoC during different years and for CoCs that are nested within the 

same state by specifying random intercepts.28 For corresponding cross-sectional models, I 

nest CoCs within states. This multi-level modeling strategy allows me to estimate a set of 

associations between eviction rates and measures of homelessness in a broad sense while 

explicitly accounting for time- and state-level effects. I regress the natural logarithm of 

each outcome variable on a series of predictor variables, all of which are continuous and 

mean-centered. For all models, I calculate (1) the marginal R2 and (2) the conditional R2, 

which measure the proportion of variance explained by (1) the fixed effects only and (2) 

the fixed and random effects. I build these models using the nlme package in the R 

environment for statistical computing. 

 

 

 

 

                                                
28 Certain factors that can affect homelessness rates vary at the state level. These include funding 
determined at the state level (e.g., state-level mental health spending), state-level differences in political 
cultures, religiosity, and so on. For longitudinal models, specifying random intercepts for CoCs accounts 
for the statistical dependence of homelessness rates across years. This step is important as the study period 
overlaps with the recovery from the Great Recession and homelessness rates are generally higher in the 
earlier years of the study period. 
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RESULTS 

Baseline Models 

 In Table 3.3, I summarize five baseline longitudinal mixed-effects models, one 

predicting each outcome of interest. As preliminary measurements, these models control 

for a CoC’s eviction rate, the year of measurement occasion, and include CoC- and state-

level random intercepts. Under this specification, eviction rates do not meaningfully 

predict homelessness in four of the five models, the exception being Model 2 predicting 

sheltered homelessness. While evictions are significantly associated with sheltered 

homelessness in the baseline model at the p < 0.05 level, the effect size is small: a one 

standard deviation increase (2.16 percentage points) from the mean of the eviction rate is 

associated with a net 1.4% increase in observed sheltered homelessness rates.29 Overall, 

these baseline models do not provide evidence of any strong relationships between rates 

of eviction judgements and the prevalence of homelessness.  

  
                                                
29 Estimated percent changes for each logged eviction rate predictor x were calculated using the formula 
01(̅3%.'.(()

(̅
4
#$
− 15 ∗ 100, where 𝑏( represents the estimated regression coefficient, �̅� is the sample mean, and 

s.d.(x) is the standard deviation of the distribution of x. This set of log-log relationships consequently 
represents the impact on homelessness associated with a 1 standard deviation increase in x from the mean of 
x. Standard errors for these estimates were calculated using similar formulas that replace the value of  𝑏( 
with the model standard error. 
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Table 3.3. Regression Output for Baseline Longitudinal Models for Five Types of 
Homelessness (2013-2017) 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 

Multiple Regression Models 

 In Table 3.4, I summarize regression results for five fully saturated longitudinal 

random effects models. These results tell a similar story: at the p < 0.1 level, formal 

eviction rates are only significantly associated with rates of sheltered homelessness and 

the effect size is small (i.e., a one standard deviation increase from the mean of eviction 

rates is associated with a 1.14% increase in expected homelessness rates). I do not find 

evidence that eviction rates are significant predictors of any other type of homelessness. 

However, several market-level predictors of homelessness established in the literature 

operate in the expected direction: more accessible rental markets are associated with a  

 

 
 
 

Eviction Rate (logged) 0.01 0.02 ** 0.01 0.02 0.00
(0.01)       (0.01)       (0.04)       (0.01)       (0.02)       

Year -0.05 *** -0.05 *** -0.01 -0.03 *** -0.08 ***
(0.01)       (0.00)       (0.01)       (0.01)       (0.01)       

Constant 2.77 *** 2.48 *** 0.76 *** 2.27 *** 1.72 ***
(0.07)       (0.07)       (0.15)       (0.08)       (0.08)       

Observations 1,550 1,550 1,550 1,550 1,550
Marginal R² 0.01 0.01 0.00 0.00 0.02
Conditional R² 0.77 0.91 0.73 0.84 0.76

Model 1
Total 

homeless rate

Model 5
Homeless 
family rate

Model 3
Unsheltered 

homeless rate
Homeless 

individual rate

Model 4
Sheltered 

homeless rate

Model 2
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Table 3.4. Regression Output for Saturated Longitudinal Models for Five Types of 
Homelessness (2013-2017) 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 

 

 

Eviction rate (logged) 0.01 0.02 * 0.03 0.01 0.02
(0.01)         (0.01)         (0.03)         (0.02)         (0.01)         

Year -0.06 *** -0.06 *** -0.04 *** -0.09 *** -0.04 ***
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Rental market accessibility -0.08 *** -0.06 ** -0.26 *** -0.10 *** -0.08 ***
(0.02)         (0.03)         (0.06)         (0.04)         (0.03)         

Renter occupancy rate 0.02 *** 0.02 *** 0.02 * 0.01 * 0.02 **
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Vacancy rate (logged) 0.12 * -0.02 0.54 *** -0.04 0.21 **
(0.07)         (0.07)         (0.14)         (0.10)         (0.08)         

Crowded rate (logged) 0.06 0.09 0.04 0.06 0.07
(0.06)         (0.06)         (0.14)         (0.09)         (0.07)         

Percent moved in last year (logged) 0.08 0.01 0.35 -0.17 0.238* *
(0.13)         (0.12)         (0.25)         (0.17)         (0.14)         

Economic disadvantage 0.05 ** 0.04 0.15 ** 0.06 * 0.06 *
(0.03)         (0.02)         (0.06)         (0.04)         (0.03)         

Percent black (logged) -0.05 -0.04 -0.16 ** -0.04 -0.07
(0.04)         (0.04)         (0.07)         (0.05)         (0.04)         

Percent Hispanic/Latinx (logged) 0.12 ** 0.11 ** -0.15 0.15 ** 0.07
(0.05)         (0.05)         (0.09)         (0.07)         (0.06)         

Median age 0.00 0.00 -0.02 0.00 0.00
(0.01)         (0.01)         (0.02)         (0.01)         (0.01)         

Single occupancy rate 0.04 *** 0.05 *** 0.03 0.04 *** 0.05 ***
(0.01)         (0.01)         (0.02)         (0.01)         (0.01)         

1/log(Population) 18.72 *** 20.54 *** 7.01 24.79 *** 14.09 *
(6.71)         (6.54)         (10.89)       (8.00)         (7.42)         

Temperature 0.00 * -0.01 *** 0.02 *** 0.00 ** 0.00
(0.00)         (0.00)         (0.00)         (0.00)         (0.00)         

Precipitation (logged) 0.01 * 0.00 0.05 *** 0.00 0.02 ***
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Constant 2.80 *** 2.49 *** 0.86 *** 1.76 *** 2.29 ***
(0.05)         (0.05)         (0.11)         (0.07)         (0.06)         

Observations 1,550 1,550 1,543 1,550 1,550
Marginal R² 0.32 0.36 0.29 0.21 0.32
Conditional R² 0.74 0.89 0.72 0.73 0.81

Total 
homeless rate

Homeless 
family rate

Model 5
Homeless 

individual rate

Model 4
Unsheltered 

homeless rate

Model 3
Sheltered 

homeless rate

Model 2Model 1
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lower prevalence of all types of homelessness, while renter occupancy and single 

occupancy rates positively and significantly predict homelessness in nearly all models.30  

 To further illustrate the relationships of interest, I summarize the expected change 

in rates of homelessness given a one standard deviation increase from the mean eviction 

rate for 30 fully saturated regression models – six models predicting each type of 

homelessness – in Figure 3.1. For each of the five types of homelessness, I include (1) the 

effect size calculated from the longitudinal output presented in Table 3.4 and (2) 

analogous effect sizes calculated from cross-sectional models for each year of the study 

period. The full regression output for this latter set of models can be found in Appendix 

3C through Appendix 3G. All but four of the models suggest statistically insignificant 

relationships between evictions and homelessness. I find four model coefficients that are 

significant at the p < 0.1 level, which is similar to false positive rate that we would expect 

at this significance level (i.e., 4/30 = 0.13 ≈ 0.1). Similarly, I find one statistically 

significant result at the p < 0.05 level, which is also consistent with the expected false 

positive rate (i.e., 1/30 = 0.03 ≈ 0.05). Taken together, these models do not provide strong 

evidence that the null hypothesis should be rejected. I do not find meaningful, non-zero 

associations between formal eviction rates and corresponding rates of homelessness. This 

null finding is generally true for total, unsheltered, individual, and family homelessness. I 

find some evidence of a meaningful relationship between eviction rates and rates of 

sheltered homelessness, but the effect size is small. 

                                                
30 Other control variables are statistically significant in some models, but are less consistent predictors than 
those mentioned here. See Table 3.4. 
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Figure 3.1. Dot-and-Whisker Plots Summarizing Expected Changes in Forms of 
Homelessness Given a One Standard Deviation Increase from the Mean of the Eviction 
Rates Distribution 
Notes: All results are estimated from separate models with full sets of controls. See Table 3.4 for complete 
summaries of longitudinal models and Appendices 3C through 3G for complete summaries of cross-
sectional models.  
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 

 

Supplementary Models 

 To further test these findings, I run a series of supplementary analyses that I 

briefly discuss here. First, to ensure that the series of null findings summarized in the 

longitudinal models presented in Table 3.4 are not driven by the selected functional form 

of the eviction rate variable (which is logged for all preceding models), I test three 

distinct transformations. In Appendix 3H, I use an untransformed eviction rate variable 
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(i.e., a linear evictions rate predictor). In Appendix 3I, I use the inverse of the evictions 

rate variable (i.e., renter households per eviction). In Appendix 3J, I use the cubed root of 

the eviction rate as an alternative strategy for addressing the skewness of the 

untransformed distribution. Using the linear predictor, I find no evidence of a connection 

between eviction rates and any measure of homelessness. The latter two measures, 

however, preserve the relationship between eviction rates and sheltered homelessness in 

the expected direction. 

 Second, I test whether my longitudinal results summarized in Table 3.4 are 

consistent when run only on those observations not missing any evictions rate data. This 

process is slightly complicated because evictions data is collected at the tract-level. I note 

that 26.5 percent of observations in the dataset are missing evictions data for all tracts, 

while 55.5 percent of observations have complete data. This implies that 18 percent of 

observations are missing evictions data for some tracts within a CoC.31 In Appendix 3K, I 

summarize results for a set of conservative models using only those CoCs without any 

missing evictions data. Eviction rates are not significantly associated with homelessness 

in any of these models.32 

 

 

 

                                                
31 Missing data was trivial for all other variables used in these analyses. Missing data for all variables were 
multiply imputed at the tract level. 
32 For models using only observations with complete evictions data, certain rental market characteristics 
that are significant in Table 3.4 become insignificant. These include the measure of rental market 
accessibility and renter occupancy rate. The measure of economic disadvantage, however, is generally of 
higher statistical significance with a higher effect size than in the models presented in Table 3.4.  
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DISCUSSION AND CONCLUSION 

 I do not find evidence of any strong, consistent associations between rates of 

eviction judgements and corresponding rates of total, unsheltered, unaccompanied 

individual, or family homelessness in US metropolitan areas. While I find some 

statistically significant evidence connecting higher rates of eviction judgements to 

increased rates of sheltered homelessness, the estimated effect sizes are small and 

statistical significance is inconsistent across models. The null (or weak) effects that I 

estimate likely stem from one of two sources: (1) an issue of content validity or (2) a 

complex causal relationship between evictions and homelessness. Content validity refers 

to the extent to which a metric represents all facets of a given construct. Eviction – 

though colloquially used as a term encompassing all involuntary moves –  does not cover 

all aspects of forced moves. As such, formal eviction rates only measure the housing 

instability caused by a judge ruling that a tenant vacate and, subsequently, the 

relationship between evictions and homelessness that we would expect to observe is not 

immediately apparent at the community level.  

 Additionally, these null results might be a consequence of a complex, causal 

relationship between evictions and homelessness at the community level. Nationally 

representative, individual-level data on where evictees go would allow researchers to 

make claims such as x percent of evictees immediately enter homeless episodes, but, to 

the best of my knowledge, such data is not yet publicly available. In the absence of such 

data, community-level studies provide a great alternative, but there are certain 

complexities that cannot be ruled out. For example, we cannot know if renter protection 
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laws – which already vary across geographies – are being unequally enforced (and 

therefore preventing potential evictions in some places but not others) or if evictees 

double up with friends or family at different rates across communities.  Further, the 

negative mark of an eviction record can threaten a prospective tenant’s future housing 

prospects regardless of where she moves and might further complicate the community-

level association of interest. I also leave open the possibility that the de facto relationship 

between evictions and homelessness is weak (i.e., most evictions do not lead to 

homelessness). I think possibility is unlikely, but I cannot rule out at the end of this 

analysis. 

 Low-income housing instability is a market feature, not a mistake, but its 

prevalence varies across metropolitan areas. If one were to accurately measure total rates 

of formal and informal forced moves at the community level, I believe the measure’s 

relationship with homelessness would have three important traits: (1) it would strongly 

and positively predict all forms of homelessness explored here, (2) it would be a stronger 

driver of sheltered and family homelessness than unsheltered and individual 

homelessness, and (3) it would partially mediate the effects of more distal market-level 

predictors of homelessness such as rental market accessibility and renter occupancy rates. 

I posit that this latter claim is true because market traits likely impact homelessness 

through more proximate and direct causes of residential dislocation such as being forced 

out by a landlord.  

 The drivers that most consistently predict all types of homelessness modeled here 

are tightly related to the housing market: (1) renter market accessibility, (2) the single 
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occupancy rate, and (3) the renter occupancy rate. In higher priced markets, the lowest 

income earners expectedly have difficulty affording even the least expensive units and 

single occupants are less financially stable given their relatively smaller set of potential 

income sources. The positive association between renter occupancy rates and all 

measures of homelessness is probably capturing some of the association between 

informal forced moves and homelessness, provided that areas with more renters tend to 

experience higher numbers of undocumented evictions. Assuming that these associations 

between housing market factors and homelessness are meaningfully driven by housing 

instability caused by the tight financial constraints of some occupants, all of these factors 

can be plausibly addressed via policy strategies targeted at the root cause: housing 

affordability. Whether it be through housing first initiatives, bolstered rental assistance 

programs, or some other combination of programs is beyond the scope of this essay, but 

the results presented here make clear that lack of housing affordability drives several 

types of homelessness, even if eviction rates alone do not. These types of programs, if 

successful, would also have the benefit of mitigating eviction rates, for which the modal 

reason is inability to afford rent (Burt 2001; Desmond and Kimbro 2015).   

 This study is limited in a number of ways. Like most quantitative social science 

research, I am unable to control for the entire universe of factors that could impact 

results. Some controls that might alter findings include: the strength of social networks in 

an area (which could reduce homelessness), per capita donations to homeless social 

services, the degree to which local legal climates vary in terms of favorability towards 

renters in eviction court, and overall spending by local social service agencies. Also, 
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given that the count of homeless persons in families provided by HUD does not 

distinguish between homeless persons with and without children, I cannot test for 

differences in effect sizes between these subgroups. This is an important distinction given 

the literature suggesting that children can expose families to an increased risk of eviction 

(e.g., Desmond 2016).  
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APPENDICES 

 
 
 

 
Appendix 3A. Map of Continuums of Care Included in Analysis 
Sources: HUD - CoC GIS Shapefiles; U.S. Census Bureau - American Community Survey 5-year estimates 
(2013-2017). 
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Appendix 3B. Descriptive Statistics by Year (2013-2017) 

 
 

Variable Mean Median SD Min Max
Total homeless rate

2013 20.75 15.16 18.95 2.66 134.79
2014 19.67 15.00 17.00 2.54 125.09
2015 18.81 14.18 16.10 2.46 115.16
2016 18.02 13.19 16.14 2.42 128.96
2017 17.49 12.31 16.15 2.08 113.40

Sheltered homeless rate
2013 14.18 10.97 12.65 1.52 104.88
2014 14.01 10.92 12.52 1.94 118.70
2015 13.41 10.24 12.58 1.91 106.57
2016 12.67 9.96 12.65 2.21 124.05
2017 11.92 8.85 11.78 1.47 99.79

Unsheltered homeless rate
2013 6.57 2.35 12.50 0.00 110.35
2014 5.66 1.97 10.32 0.00 80.23
2015 5.40 1.86 8.76 0.00 52.56
2016 5.35 1.92 8.75 0.00 58.55
2017 5.57 2.05 9.40 0.05 66.40

Homeless individuals
2013 13.42 9.46 14.21 0.46 117.29
2014 12.82 9.41 12.43 0.43 97.74
2015 12.42 8.96 11.47 0.41 85.68
2016 12.02 8.77 11.32 0.51 80.71
2017 11.94 8.56 11.61 0.59 73.59

Homeless families
2013 7.33 5.20 7.69 0.36 53.90
2014 6.87 4.81 7.27 0.50 61.27
2015 6.39 4.46 7.57 0.27 61.80
2016 6.01 4.18 7.69 0.32 72.08
2017 5.55 3.65 7.44 0.00 59.03

Eviction rate
2013 2.89 2.13 2.37 0.00 15.07
2014 2.72 2.05 2.26 0.01 13.36
2015 2.58 1.96 2.10 0.00 12.07
2016 2.45 1.88 1.98 0.00 14.37
2017 2.34 1.67 2.06 0.00 14.39

Housing market characteristics
Rental market accessibility

2013 0.03 0.30 1.38 -4.92 2.51
2014 0.03 0.29 1.38 -4.88 2.42
2015 0.01 0.25 1.38 -4.83 2.65
2016 0.08 0.32 1.33 -4.56 2.53
2017 -0.15 0.12 1.42 -5.00 2.38

Renter occupancy rate
2013 34.74 33.40 9.61 14.14 67.66
2014 35.33 33.90 9.65 14.92 67.76
2015 35.91 34.75 9.68 15.27 68.06
2016 36.36 35.19 9.72 15.40 68.71
2017 36.62 35.43 9.77 15.10 69.22

Vacancy rate
2013 11.26 9.75 5.83 3.90 44.24
2014 11.24 9.72 5.90 3.98 44.37
2015 11.26 9.76 5.94 3.97 45.17
2016 11.15 9.68 5.89 3.73 45.23
2017 11.02 9.58 5.86 3.55 45.39

Crowded rate
2013 2.74 2.07 2.19 0.44 12.22
2014 2.79 2.14 2.16 0.41 12.38
2015 2.81 2.13 2.16 0.55 12.27
2016 2.83 2.08 2.15 0.68 12.39
2017 2.86 2.09 2.16 0.66 12.66
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Appendix 3B. Descriptive Statistics by Year (2013-2017) continued 

 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 

Variable Mean Median SD Min Max
Percent Moved in Last Year

2013 15.82 15.50 4.04 6.52 28.03
2014 15.68 15.40 3.95 6.60 27.72
2015 15.63 15.38 3.90 6.80 27.09
2016 15.49 15.48 3.78 6.67 26.48
2017 15.42 15.25 3.74 6.50 28.20

Economic indicators
Economic disadvantage

2013 -0.08 0.08 1.57 -5.97 5.19
2014 0.18 0.31 1.54 -5.66 5.38
2015 0.17 0.30 1.52 -5.50 5.35
2016 -0.01 0.10 1.51 -5.41 5.23
2017 -0.25 -0.12 1.51 -5.55 4.97

Demographic factors
Percent black

2013 13.22 9.07 12.97 0.34 82.16
2014 13.24 9.14 12.92 0.35 81.68
2015 13.27 9.18 12.88 0.42 80.95
2016 13.29 9.17 12.83 0.47 80.12
2017 13.32 9.19 12.88 0.50 79.66

Percent Hispanic/Latinx
2013 12.98 7.75 13.34 0.80 81.84
2014 13.23 7.96 13.43 0.86 81.58
2015 13.46 8.25 13.53 0.91 81.44
2016 13.66 8.56 13.60 0.97 81.85
2017 13.83 8.73 13.72 0.99 82.70

Median age
2013 37.89 38.22 3.73 25.90 54.02
2014 38.12 38.30 3.80 25.50 54.47
2015 38.32 38.42 3.87 25.89 54.59
2016 38.39 38.30 3.91 25.40 55.80
2017 38.59 38.58 3.94 25.54 56.18

Single occupancy rate
2013 27.92 27.90 4.76 13.08 46.44
2014 27.98 27.97 4.74 13.25 46.08
2015 28.07 28.19 4.76 13.23 46.62
2016 28.15 28.25 4.76 12.85 47.40
2017 28.18 28.33 4.75 12.72 48.21

Population/10,000
2013 69.09 46.47 90.61 7.46 904.52
2014 69.70 46.95 91.51 7.44 909.39
2015 70.38 47.33 92.61 7.40 916.88
2016 71.03 47.74 93.63 7.35 922.84
2017 71.57 47.86 94.34 7.31 924.66

Climate Conditions
Average temperature

2013 38.04 35.55 12.19 7.55 71.56
2014 32.41 28.80 14.60 -3.82 70.91
2015 35.02 31.60 13.40 7.98 69.35
2016 35.92 32.62 11.32 9.84 72.03
2017 39.82 37.40 11.45 11.18 72.40

Total precipitation
2013 3.12 2.78 2.46 0.09 14.21
2014 2.43 2.63 1.58 0.00 11.35
2015 2.59 2.56 1.79 0.00 11.63
2016 3.45 3.03 2.76 0.15 14.65
2017 4.87 3.71 3.76 0.38 25.00

Years 2013-2017
Continuums of Care 310
Observations (N) 1,550       
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Appendix 3C. Regression Models Predicting Total Homelessness by Year  
(2013-2017) 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 

Eviction rate (logged) 0.00 0.03 -0.05 0.02 0.08 *
(0.04)       (0.04)       (0.04)       (0.04)       (0.04)       

Rental market accessibility -0.26 *** -0.21 *** -0.21 *** -0.15 ** -0.19 ***
(0.05)       (0.05)       (0.05)       (0.06)       (0.05)       

Renter occupancy rate 0.00 0.00 0.01 0.01 0.01
(0.01)       (0.01)       (0.01)       (0.01)       (0.01)       

Vacancy rate (logged) -0.08 -0.15 -0.13 -0.14 -0.04
(0.10)       (0.10)       (0.09)       (0.10)       (0.10)       

Crowded rate (logged) 0.00 -0.06 -0.11 0.02 0.09
(0.11)       (0.12)       (0.12)       (0.12)       (0.12)       

Percent moved in last year (logged) 0.21 -0.01 -0.01 -0.01 -0.04
(0.18)       (0.19)       (0.18)       (0.19)       (0.19)       

Economic disadvantage 0.24 *** 0.23 *** 0.24 *** 0.17 *** 0.18 ***
(0.05)       (0.05)       (0.05)       (0.06)       (0.06)       

Percent black (logged) -0.16 *** -0.15 *** -0.14 *** -0.15 *** -0.18 ***
(0.04)       (0.04)       (0.04)       (0.05)       (0.05)       

Percent Hispanic/Latinx (logged) 0.01 0.06 0.05 0.11 * 0.11 *
(0.06)       (0.06)       (0.06)       (0.06)       (0.07)       

Median age 0.00 -0.01 0.00 0.00 0.00
(0.02)       (0.02)       (0.01)       (0.02)       (0.02)       

Single occupancy rate 0.06 *** 0.06 *** 0.05 *** 0.07 *** 0.07 ***
(0.01)       (0.01)       (0.01)       (0.01)       (0.01)       

1/log(Population) 13.33 * 16.49 ** 16.50 18.30 19.96 ***
(7.13)       (7.13)       (6.86)       (7.05)       (7.16)       

Temperature 0.01 0.01 ** 0.01 0.00 -0.01
(0.00)       (0.00)       (0.00)       (0.01)       (0.01)       

Precipitation (logged) -0.10 ** -0.03 -0.06 ** 0.04 -0.01
(0.04)       (0.03)       (0.03)       (0.06)       (0.07)       

Constant 2.79 *** 2.72 *** 2.65 *** 2.64 *** 2.62 ***
(0.03)       (0.04)       (0.04)       (0.05)       (0.06)       

Observations 310 310 310 310 310
Marginal R² 0.48 0.46 0.48 0.42 0.44
Conditional R² 0.48 0.48 0.52 0.52 0.54

2017
Model 5

2016
Model 4Model 3Model 2Model 1

2013 2014 2015
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Appendix 3D. Regression Models Predicting Sheltered Homelessness by Year  
(2013-2017) 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 

Eviction rate (logged) 0.02 0.04 -0.03 0.03 0.06
(0.04)       (0.04)       (0.04)       (0.04)       (0.04)       

Rental market accessibility -0.11 ** -0.10 * -0.10 ** -0.08 -0.10 *
(0.05)       (0.05)       (0.05)       (0.06)       (0.05)       

Renter occupancy rate 0.01 0.01 0.01 0.01 0.01
(0.01)       (0.01)       (0.01)       (0.01)       (0.01)       

Vacancy rate (logged) -0.18 * -0.21 ** -0.18 * -0.23 ** -0.15
(0.10)       (0.10)       (0.10)       (0.10)       (0.10)       

Crowded rate (logged) 0.10 0.03 0.00 0.04 0.10
(0.11)       (0.12)       (0.12)       (0.12)       (0.12)       

Percent moved in last year (logged) -0.02 -0.13 -0.09 -0.20 -0.12
(0.18)       (0.18)       (0.19)       (0.19)       (0.18)       

Economic disadvantage 0.11 ** 0.12 ** 0.13 ** 0.10 * 0.10 *
(0.05)       (0.05)       (0.05)       (0.06)       (0.05)       

Percent black (logged) -0.05 -0.09 ** -0.09 ** -0.09 * -0.10 **
(0.04)       (0.04)       (0.04)       (0.05)       (0.05)       

Percent Hispanic/Latinx (logged) 0.06 0.09 0.09 0.13 ** 0.14 **
(0.06)       (0.06)       (0.06)       (0.06)       (0.07)       

Median age -0.01 -0.01 -0.01 0.00 0.00
(0.02)       (0.02)       (0.01)       (0.02)       (0.01)       

Single occupancy rate 0.07 *** 0.08 *** 0.07 *** 0.08 *** 0.08 ***
(0.01)       (0.01)       (0.01)       (0.01)       (0.01)       

1/log(Population) 17.34 ** 15.06 ** 13.97 ** 18.31 *** 20.49 ***
(7.03)       (6.94)       (6.94)       (7.05)       (7.07)       

Temperature -0.01 *** 0.00 -0.01 * -0.01 -0.02 ***
(0.00)       (0.00)       (0.00)       (0.01)       (0.01)       

Precipitation (logged) -0.06 -0.02 -0.04 -0.01 0.02
(0.04)       (0.03)       (0.03)       (0.06)       (0.06)       

Constant 2.47 *** 2.40 *** 2.35 *** 2.30 *** 2.27 ***
(0.04)       (0.05)       (0.04)       (0.05)       (0.06)       

Observations 310 310 310 310 310
Marginal R² 0.45 0.42 0.43 0.42 0.47
Conditional R² 0.47 0.46 0.49 0.50 0.54

Model 5Model 1 Model 2 Model 3 Model 4
2013 2014 2015 2016 2017
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Appendix 3E. Regression Models Predicting Unsheltered Homelessness by Year  
(2013-2017) 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Eviction rate (logged) -0.03 0.10 -0.04 -0.04 0.03
(0.07)         (0.08)         (0.08)         (0.08)         (0.08)         

Rental market accessibility -0.62 *** -0.61 *** -0.49 *** -0.49 *** -0.36 ***
(0.11)         (0.11)         (0.11)         (0.11)         (0.09)         

Renter occupancy rate 0.00 0.01 -0.02 -0.01 0.00
(0.02)         (0.02)         (0.02)         (0.02)         (0.01)         

Vacancy rate (logged) 0.33 0.19 -0.11 0.35 * 0.23
(0.20)         (0.20)         (0.22)         (0.18)         (0.16)         

Crowded rate (logged) -0.27 -0.27 0.28 0.14 0.14
(0.23)         (0.25)         (0.27)         (0.24)         (0.20)         

Percent moved in last year (logged) 1.09 *** 0.46 0.67 1.17 *** 0.42
(0.37)         (0.38)         (0.42)         (0.36)         (0.31)         

Economic disadvantage 0.49 *** 0.54 *** 0.48 *** 0.45 *** 0.35 ***
(0.10)         (0.11)         (0.11)         (0.11)         (0.09)         

Percent black (logged) -0.37 *** -0.27 *** -0.16 * -0.31 *** -0.27 ***
(0.09)         (0.09)         (0.10)         (0.09)         (0.09)         

Percent Hispanic/Latinx (logged) -0.17 -0.24 * -0.34 ** -0.22 * -0.17
(0.13)         (0.13)         (0.14)         (0.12)         (0.11)         

Median age -0.03 -0.01 -0.01 -0.01 -0.02
(0.03)         (0.03)         (0.03)         (0.03)         (0.02)         

Single occupancy rate 0.02 0.02 0.04 0.05 * 0.04 *
(0.03)         (0.03)         (0.03)         (0.03)         (0.02)         

1/log(Population) -7.75 14.00 10.33 -9.32 5.59
(14.51)       (14.20)       (15.83)       (13.45)       (11.75)       

Temperature 0.04 *** 0.04 *** 0.05 *** 0.04 *** 0.03 ***
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Precipitation (logged) -0.02 -0.02 -0.11 0.03 -0.03
(0.09)         (0.07)         (0.07)         (0.11)         (0.11)         

Constant 0.83 *** 0.77 *** 0.66 *** 0.79 *** 0.81 ***
(0.09)         (0.11)         (0.09)         (0.10)         (0.13)         

Observations 310 310 310 310 310
Marginal R² 0.46 0.47 0.47 0.48 0.34
Conditional R² 0.51 0.57 0.50 0.56 0.58

Model 4
2016

Model 5
20172013

Model 1 Model 2
2014

Model 3
2015
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Appendix 3F. Regression Models Predicting Individual Homelessness by Year  
(2013-2017) 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Eviction rate (logged) 0.00 0.04 -0.07 * 0.03 0.05
(0.04)         (0.04)         (0.04)         (0.05)         (0.05)         

Rental market accessibility -0.27 *** -0.22 *** -0.23 *** -0.17 *** -0.19 ***
(0.06)         (0.06)         (0.05)         (0.07)         (0.06)         

Renter occupancy rate 0.00 0.00 0.01 0.01 0.00
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Vacancy rate (logged) 0.03 -0.05 -0.03 -0.04 0.02
(0.11)         (0.11)         (0.11)         (0.11)         (0.11)         

Crowded rate (logged) 0.02 -0.06 -0.05 0.02 0.07
(0.12)         (0.14)         (0.13)         (0.14)         (0.14)         

Percent moved in last year (logged) 0.44 ** 0.07 0.20 0.22 0.33
(0.20)         (0.21)         (0.20)         (0.21)         (0.21)         

Economic disadvantage 0.25 *** 0.23 *** 0.26 *** 0.19 *** 0.20 ***
(0.05)         (0.06)         (0.05)         (0.06)         (0.06)         

Percent black (logged) -0.19 *** -0.15 *** -0.14 *** -0.17 *** -0.20 ***
(0.05)         (0.05)         (0.05)         (0.05)         (0.06)         

Percent Hispanic/Latinx (logged) -0.01 0.02 -0.02 0.06 0.08
(0.07)         (0.07)         (0.07)         (0.07)         (0.08)         

Median age -0.01 -0.01 -0.01 -0.01 -0.02
(0.02)         (0.02)         (0.02)         (0.02)         (0.02)         

Single occupancy rate 0.06 *** 0.07 *** 0.06 *** 0.08 *** 0.08 ***
(0.01)         (0.02)         (0.01)         (0.01)         (0.02)         

1/log(Population) 10.48 15.83 ** 13.79 * 13.82 * 11.33
(7.89)         (7.91)         (7.61)         (7.89)         (8.12)         

Temperature 0.01 ** 0.01 *** 0.01 *** 0.01 0.00
(0.00)         (0.00)         (0.00)         (0.01)         (0.01)         

Precipitation (logged) -0.08 -0.03 -0.08 ** 0.03 0.02
(0.05)         (0.04)         (0.03)         (0.06)         (0.07)         

Constant 2.27 *** 2.24 *** 2.16 *** 2.19 *** 2.16 ***
(0.04)         (0.05)         (0.04)         (0.06)         (0.07)         

Observations 310 310 310 310 310
Marginal R² 0.49 0.49 0.53 0.44 0.41
Conditional R² 0.51 0.52 0.55 0.54 0.53

Model 4
2016

Model 5
2017

Model 1
2013 2014

Model 2 Model 3
2015
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Appendix 3G. Regression Models Predicting Family Homelessness by Year  
(2013-2017) 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 
 
 
 
 

Eviction rate (logged) 0.00 0.01 -0.06 -0.02 0.10 **
(0.05)         (0.05)         (0.05)         (0.06)         (0.05)         

Rental market accessibility -0.24 *** -0.22 *** -0.18 *** -0.13 * -0.20 ***
(0.07)         (0.07)         (0.07)         (0.08)         (0.07)         

Renter occupancy rate 0.01 0.01 0.01 0.01 0.02 *
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Vacancy rate (logged) -0.22 * -0.30 ** -0.25 ** -0.23 * -0.05
(0.13)         (0.12)         (0.12)         (0.12)         (0.12)         

Crowded rate (logged) -0.02 -0.08 -0.13 -0.05 0.04
(0.14)         (0.15)         (0.15)         (0.16)         (0.15)         

Percent moved in last year (logged) -0.04 -0.08 -0.27 -0.30 -0.55 **
(0.23)         (0.23)         (0.24)         (0.24)         (0.23)         

Economic disadvantage 0.22 *** 0.23 *** 0.21 *** 0.15 0.14 **
(0.06)         (0.07)         (0.07)         (0.07)         (0.07)         

Percent black (logged) -0.09 -0.12 ** -0.09 -0.10 -0.15 **
(0.06)         (0.05)         (0.06)         (0.06)         (0.06)         

Percent Hispanic/Latinx (logged) 0.10 0.11 0.15 * 0.18 ** 0.15 *
(0.08)         (0.08)         (0.08)         (0.08)         (0.08)         

Median age 0.01 0.01 0.01 0.02 0.01
(0.02)         (0.02)         (0.02)         (0.02)         (0.02)         

Single occupancy rate 0.04 *** 0.04 *** 0.04 ** 0.05 *** 0.05 ***
(0.02)         (0.02)         (0.02)         (0.02)         (0.02)         

1/log(Population) 18.95 ** 17.26 * 18.79 ** 21.31 ** 26.85 ***
(9.10)         (8.84)         (8.80)         (8.93)         (9.01)         

Temperature -0.01 * -0.01 -0.01 -0.01 -0.02 ***
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Precipitation (logged) -0.04 -0.03 -0.03 0.01 -0.05
(0.06)         (0.04)         (0.04)         (0.07)         (0.08)         

Constant 1.77 *** 1.62 *** 1.56 *** 1.50 *** 1.46 ***
(0.06)         (0.06)         (0.06)         (0.07)         (0.07)         

Observations 310 310 310 310 310
Marginal R² 0.27 0.25 0.26 0.23 0.32
Conditional R² 0.33 0.33 0.37 0.39 0.41

Model 2
20142013

Model 1
2017

Model 5
2016

Model 4Model 3
2015
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Appendix 3H. Longitudinal Regression Models of Total Homelessness and Each 
Homelessness Subcategory Using a Linear Functional Form for Eviction Rate 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 
 

Eviction rate 0.03 0.03 0.06 0.04 0.01
(0.02) (0.02) (0.06) (0.03) (0.04)

Year -0.06 *** -0.06 *** -0.04 *** -0.04 *** -0.09 ***
(0.01) (0.01) (0.01) (0.01) (0.01)

Rental market accessibility -0.07 *** -0.06 ** -0.25 *** -0.08 *** -0.10 ***
(0.02) (0.03) (0.06) (0.03) (0.04)

Renter occupancy rate 0.02 *** 0.01 *** 0.02 * 0.02 ** 0.01 *
(0.01) (0.01) (0.01) (0.01) (0.01)

Vacancy rate (logged) 0.12 -0.03 0.54 *** 0.20 ** -0.04
(0.07) (0.07) (0.14) (0.08) (0.10)

Crowded rate (logged) 0.06 0.09 0.05 0.08 0.06
(0.06) (0.06) (0.14) (0.07) (0.09)

Percent moved in last year (logged) 0.08 0.02 0.36 0.25 * -0.16
(0.13) (0.12) (0.25) (0.14) (0.17)

Economic disadvantage 0.05 * 0.04 0.14 ** 0.05 * 0.06 *
(0.03) (0.02) (0.06) (0.03) (0.04)

Percent black (logged) -0.05 -0.04 -0.16 ** -0.07 -0.04
(0.04) (0.04) (0.07) (0.04) (0.05)

Percent Hispanic/Latinx (logged) 0.12 ** 0.11 ** -0.15 0.07 0.15 **
(0.05) (0.05) (0.09) (0.06) (0.07)

Median age 0.00 0.00 -0.02 0.00 0.00
(0.01) (0.01) (0.02) (0.01) (0.01)

Single occupancy rate 0.04 *** 0.05 *** 0.03 0.05 *** 0.04 ***
(0.01) (0.01) (0.02) (0.01) (0.01)

1/log(Population) 18.48 *** 20.18 *** 6.54 13.73 * 24.69 ***
(6.71) (6.54) (10.87) (7.41) (8.00)

Temperature 0.00 * -0.01 *** 0.02 *** 0.00 0.00 **
(0.00) (0.00) (0.00) (0.00) (0.00)

Precipitation (logged) 0.01 * 0.00 0.05 *** 0.02 *** 0.00
(0.01) (0.01) (0.01) (0.01) (0.01)

Constant 2.78 *** 2.47 *** 0.81 *** 2.26 *** 1.75 ***
(0.06) (0.05) (0.12) (0.07) (0.07)

Observations 1,550 1,550 1,543 1,550 1,550
Marginal R² 0.32 0.36 0.29 0.32 0.21
Conditional R² 0.74 0.89 0.72 0.81 0.73

Model 5
Homeless family 

rate
Sheltered 

homeless rate
Total 

homeless rate

Model 1 Model 2 Model 3
Unsheltered 

homeless rate

Model 4
Homeless 

individual rate



 

 99 

Appendix 3I. Longitudinal Regression Models of Total Homelessness and Each 
Homelessness Subcategory Using an Inverse Functional Form for Eviction Rate 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 
 
 

Renter housesholds per eviction -0.07 -0.12 * -0.07 -0.08 -0.07
(0.07)         (0.06)         (0.17)         (0.08)         (0.10)         

Year -0.06 *** -0.06 *** -0.04 *** -0.04 *** -0.09 ***
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Rental market accessibility -0.08 *** -0.06 ** -0.25 *** -0.08 *** -0.10 ***
(0.02)         (0.03)         (0.06)         (0.03)         (0.04)         

Renter occupancy rate 0.02 *** 0.02 *** 0.02 * 0.02 ** 0.01 *
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Vacancy rate (logged) 0.12 * -0.02 0.54 *** 0.21 ** -0.04
(0.07)         (0.07)         (0.14)         (0.08)         (0.10)         

Crowded rate (logged) 0.06 0.09 0.04 0.08 0.06
(0.06)         (0.06)         (0.14)         (0.07)         (0.09)         

Percent moved in last year (logged) 0.08 0.01 0.36 0.24 * -0.17
(0.13)         (0.12)         (0.25)         (0.14)         (0.17)         

Economic disadvantage 0.05 * 0.04 0.15 *** 0.06 * 0.06 *
(0.03)         (0.02)         (0.06)         (0.03)         (0.04)         

Percent black (logged) -0.05 -0.04 -0.15 ** -0.07 -0.05
(0.04)         (0.04)         (0.07)         (0.04)         (0.05)         

Percent Hispanic/Latinx (logged) 0.12 ** 0.10 ** -0.15 0.07 0.15 **
(0.05)         (0.05)         (0.09)         (0.06)         (0.07)         

Median age 0.00 0.00 -0.02 0.00 0.00
(0.01)         (0.01)         (0.02)         (0.01)         (0.01)         

Single occupancy rate 0.04 *** 0.05 *** 0.03 0.05 *** 0.04 ***
(0.01)         (0.01)         (0.02)         (0.01)         (0.01)         

1/log(Population) 18.75 *** 20.60 *** 6.77 14.04 * 24.93 ***
(6.71)         (6.54)         (10.90)       (7.42)         (8.01)         

Temperature 0.00 * -0.01 *** 0.02 *** 0.00 0.00 **
(0.00)         (0.00)         (0.00)         (0.00)         (0.00)         

Precipitation (logged) 0.01 * 0.00 0.05 *** 0.02 *** 0.00
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Constant 2.80 *** 2.49 *** 0.86 *** 2.29 *** 1.76 ***
(0.05)         (0.05)         (0.11)         (0.06)         (0.07)         

Observations 1,550        1,550        1,543        1,550        1,550        
Marginal R² 0.32 0.36 0.29 0.32 0.21
Conditional R² 0.74 0.89 0.72 0.81 0.73

Model 1 Model 2 Model 3 Model 4 Model 5

Total 
homeless rate

Sheltered 
homeless rate

Unsheltered 
homeless rate

Homeless 
individual rate

Homeless family 
rate
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Appendix 3J. Longitudinal Regression Models of Total Homelessness and Each 
Homelessness Subcategory Using a Cubed Root Functional Form for Eviction Rate 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 
 
 
 
 
 
 
 
 
 

Eviction rate (cubed root) 0.05 0.07 * 0.08 0.07 0.03
(0.04)         (0.04)         (0.10)         (0.04)         (0.06)         

Year -0.06 *** -0.06 *** -0.04 *** -0.04 *** -0.09 ***
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Rental market accessibility -0.08 *** -0.06 ** -0.25 *** -0.08 *** -0.10 ***
(0.02)         (0.03)         (0.06)         (0.03)         (0.04)         

Renter occupancy rate 0.02 *** 0.02 *** 0.02 * 0.02 ** 0.01 *
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Vacancy rate (logged) 0.12 * -0.03 0.54 *** 0.21 ** -0.04
(0.07)         (0.07)         (0.14)         (0.08)         (0.10)         

Crowded rate (logged) 0.06 0.09 0.04 0.08 0.06
(0.06)         (0.06)         (0.14)         (0.07)         (0.09)         

Percent moved in last year (logged) 0.08 0.01 0.35 0.24 * -0.17
(0.13)         (0.12)         (0.25)         (0.14)         (0.17)         

Economic disadvantage 0.05 * 0.04 0.14 ** 0.05 * 0.06 *
(0.03)         (0.02)         (0.06)         (0.03)         (0.04)         

Percent black (logged) -0.05 -0.04 -0.16 ** -0.07 -0.05
(0.04)         (0.04)         (0.07)         (0.04)         (0.05)         

Percent Hispanic/Latinx (logged) 0.12 ** 0.11 ** -0.15 0.07 0.15 **
(0.05)         (0.05)         (0.09)         (0.06)         (0.07)         

Median age 0.00 0.00 -0.02 0.00 0.00
(0.01)         (0.01)         (0.02)         (0.01)         (0.01)         

Single occupancy rate 0.04 *** 0.05 *** 0.03 0.05 *** 0.04 ***
(0.01)         (0.01)         (0.02)         (0.01)         (0.01)         

1/log(Population) 18.70 *** 20.45 *** 6.87 14.03 * 24.82 ***
(6.71)         (6.54)         (10.88)       (7.41)         (8.00)         

Temperature 0.00 * -0.01 *** 0.02 *** 0.00 0.00 **
(0.00)         (0.00)         (0.00)         (0.00)         (0.00)         

Precipitation (logged) 0.01 * 0.00 0.05 *** 0.02 *** 0.00
(0.01)         (0.01)         (0.01)         (0.01)         (0.01)         

Constant 2.80 *** 2.49 *** 0.86 *** 2.29 *** 1.76 ***
(0.05)         (0.05)         (0.11)         (0.06)         (0.07)         

Observations 1,550 1,550 1,543 1,550 1,550
Marginal R² 0.32 0.36 0.29 0.32 0.21
Conditional R² 0.74 0.89 0.72 0.81 0.73

Model 1 Model 2 Model 3 Model 4 Model 5
Total 

homeless rate
Sheltered 

homeless rate
Unsheltered 

homeless rate
Homeless 

individual rate
Homeless family 

rate
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Appendix 3K. Longitudinal Regression Models of Total Homelessness and Each 
Homelessness Subcategory Using Only Those Observations with Complete Tract-Level 
Evictions Data 

 
Notes: All continuous variables are mean centered. All dependent variables are log transformed. Year 
variable scaled so that 2013 has value of zero. 
Standard Errors are in parentheses. * p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2013-2017); U.S. Census Bureau - American Community Survey 5-
year estimates (2013-2017); Northwest Alliance for Computational Science and Engineering - PRISM 
Climate Group (2017); Princeton University Eviction Lab (2012-2016). 
 

Variable
Eviction rate (logged) 0.01 0.02 0.02 0.02 0.00

(0.01)         (0.01)         (0.03)       (0.02)         (0.02)         
Year -0.06 *** -0.06 *** -0.03 -0.04 *** -0.10 ***

(0.01)         (0.01)         (0.02)       (0.01)         (0.01)         
Housing market characteristics

Rental market accessibility -0.05 -0.03 -0.29 *** -0.06 -0.05
(0.03)         (0.03)         (0.08)       (0.04)         (0.05)         

Renter occupancy rate 0.01 * 0.01 0.01 0.01 0.00
(0.01)         (0.01)         (0.01)       (0.01)         (0.01)         

Vacancy rate (logged) 0.04 -0.10 0.47 *** 0.22 * -0.19
(0.10)         (0.10)         (0.18)       (0.11)         (0.12)         

Crowded rate (logged) 0.05 0.07 0.23 0.07 0.11
(0.07)         (0.07)         (0.16)       (0.08)         (0.10)         

Percent moved in last year (logged) 0.12 0.06 0.30 0.30 -0.15
(0.16)         (0.16)         (0.31)       (0.18)         (0.21)         

Economic indicators
Economic disadvantage 0.08 ** 0.08 ** 0.28 *** 0.08 ** 0.12 **

(0.03)         (0.03)         (0.08)       (0.04)         (0.05)         
Demographic factors

Percent black (logged) -0.01 0.00 -0.23 *** -0.03 0.00
(0.05)         (0.05)         (0.08)       (0.06)         (0.06)         

Percent Hispanic/Latinx (logged) 0.05 0.08 -0.34 *** 0.02 0.06
(0.06)         (0.06)         (0.11)       (0.07)         (0.08)         

Median age 0.00 0.00 -0.04 -0.01 0.00
(0.01)         (0.01)         (0.02)       (0.01)         (0.02)         

Single occupancy rate 0.03 *** 0.04 *** 0.03 0.04 *** 0.03 **
(0.01)         (0.01)         (0.02)       (0.01)         (0.01)         

1/log(Population) 18.75 ** 20.55 ** -3.13 11.92 *** 25.34 ***
(8.78)         (8.84)         (13.83)     (10.21)       (9.62)         

Climate conditions
Temperature 0.00 0.00 *** 0.03 *** 0.00 0.00

(0.00)         (0.00)         (0.00)       (0.00)         (0.00)         
Precipitation (logged) 0.00 0.00 0.04 0.01 0.00

(0.01)         (0.01)         (0.03)       (0.01)         (0.02)         

Constant 2.80 *** 2.51 *** 0.75 *** 2.23 *** 1.8 ***
(0.06)         (0.06)         (0.11)       (0.07)         (0.08)         

Observations 860 860 859 860 860
Marginal R² 0.31 0.33 0.37 0.32 0.18
Conditional R² 0.71 0.85 0.74 0.82 0.73

(1) (2) (3) (4) (5)
Total

homeless rate
Sheltered 

homeless rate
Unsheltered 

homeless rate
Homeless 

individual rate
Homeless 
family rate
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Appendix 3L. Biplots of Standardized Principal Component Loadings for Correlated 
Variable Sets 
Notes: First two principal components displayed. Only the first principal component for each set of 
predictors was used for model estimates. 
Sources: U.S. Census Bureau - American Community Survey 5-year estimates (2013-2017). 
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CHAPTER 4:  
ON THE RELATIONSHIP BETWEEN LOCAL TEMPERATURES,  

AVAILABLE SHELTER BEDS, AND OBSERVED RATES OF UNSHELTERED 
HOMELESSNESS IN U.S. METROPOLITAN AREAS 

 
Without proper context, the popular notion that local temperatures are positively 
associated with unsheltered homelessness rates across U.S. metropolitan areas masks an 
important nuance: while rates of unsheltered homelessness in cold areas of the country 
generally trend toward zero, corresponding rates in warm areas are highly variable. The 
purpose of this project is to explore a key source of this variation. Using data collected in 
January 2017, I show that the positive association between local temperatures and rates 
of unsheltered homelessness is partly explained by the number of available shelter beds 
per homeless person. Regardless of average local temperatures, persons experiencing 
homelessness tend to use shelter beds when they are available. Shelter bed inventories in 
some warm communities, however, are highly inadequate and leave a portion of 
homeless persons without shelter options. I show that the number of shelter beds per 
capita supplied by a CoC is negatively associated with average local temperatures, but 
positively associated with the accessibility of local rental markets and a community’s 
stock of social capital. 
 
 
 It is common knowledge that climate influences the spatial distribution of 

unsheltered homelessness across U.S. metropolitan areas, with average rates in places 

that are sufficiently warm year-round exceeding those in most places that have cold 

winters and/or relatively cool summers. A lesser-known fact is that the variation in rates 

of unsheltered homelessness across warm-area communities is also considerably higher 

than that which is observed in cold areas (Corinth and Lucas 2018). In the present piece, I 

explore a key source of this differential variation by temperature: the size of a 

community’s homeless shelter bed inventory relative to the size of its homeless 

population (hereafter shelter beds per capita). I show that a substantial portion of the 

relationship between local temperatures and rates of unsheltered homelessness is 

mediated by the number of homeless shelter beds per capita (which is systematically 

lower in warmer communities), problematizing accounts that homeless persons in warm 
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areas of the country are actively choosing to stay in unsheltered locations. I also show 

that a community’s supply of homeless shelter beds is positively determined by measures 

of rental market accessibility and social capital.  

I use data from the Department of Housing and Urban Development’s (HUD) 

2017 Housing Inventory Count (HIC), the 2012-2016 American Community Survey 

(ACS) Five-Year Estimates, and January 2017 weather data provided by the PRISM 

Climate Group (http://prism.oregonstate.edu) to model the community-level determinants 

of unsheltered homelessness, measured during HUD’s January 2017 Point-in-Time (PIT) 

Count of the homeless. The sample used for these models includes 312 Continuums of 

Care (CoCs) – the local planning bodies that govern homeless services – spanning 43 

states and the District of Columbia. After establishing a strong, negative association 

between available shelter beds per capita and local rates of unsheltered homelessness – a 

relationship that mediates roughly half of the bivariate association between average local 

temperatures and unsheltered homelessness – I then explore why some communities 

drastically undersupply shelter beds. Using community-level estimates of social capital 

(Rupasingha, Goetz, and Freshwater 2006, with updates) along with ACS and PRISM 

weather data, I find that the adequacy of local shelter bed inventories is meaningfully 

associated with average temperatures (-), rental market accessibility (+), and stocks of 

social capital (+).  

 The findings presented here help to define unsheltered homelessness as largely a 

political construct rooted in community-level decisions that leave certain people 

unhoused. While homeless shelters do not solve homelessness, they often provide 
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persons with a safer alternative to living on the streets. Relative to their sheltered 

counterparts, the unsheltered homeless are particularly vulnerable to, among other things, 

detrimental spatial exclusion ordinances that force them into marginal spaces with an 

elevated likelihood of environmental hazards (Beckett and Herbert 2009; Ramin and 

Svoboda 2009), morbidity due to exposure to extreme weather (Bassil and Cole 2010), 

and premature death caused largely by treatable medical conditions (Roncarati et al. 

2018). While some homeless persons choose to stay in unsheltered locations because of 

perceived unfair treatment by shelter staff (Herring 2014; Hoffman and Coffey 2008), 

unsanitary or otherwise inadequate shelter conditions (Gilderbloom, Squires, and 

Wuerstle 2013), inability or lack of desire to comply with shelter rules and guidelines 

(Davies 1989; DeWard and Moe 2010; Donley and Wright 2012), and the like, it appears 

that widespread unsheltered homelessness thrives because some localities have failed to 

provide the least well-off with even the most basic amenities. These communities tend to 

be located in warmer areas with less accessible rental markets and lower levels of 

community solidarity and public spiritedness. 

 

FRAMEWORK 

Homelessness as a policy dilemma  

Peter Marcuse (1988:69), in his framing of the political economy of 

homelessness, declared the public consensus that the condition is a permanent fixture of 

American capitalism to be “profoundly wrong, if simplistically right.” In reality, he 

argued, the perceived perpetuity of homelessness results from a conscious ideological 
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calibration initiated by the dominant culture that neutralizes the political consequences of 

the institutionalization of homelessness for those in power. Advantaged local residents, 

business leaders, government officials, and other stakeholders in the landed property of a 

community routinely employ familiar tactics such as blaming the homeless for their own 

condition or reducing the causes of homelessness to the sum of its parts (e.g., drug use or 

laziness) in order to prevent a legitimation crisis for political and economic systems that 

benefit them (Logan and Molotch 1987; Marcuse 1988).33 In reality, homelessness is not 

unavoidable, but solving the issue involves problematizing a market system that has 

historically benefitted those in – or proximate to – power.   

Homelessness presents a dilemma for policymakers: the problem can neither be 

completely solved nor entirely concealed within the bounds of American capitalism. The 

former is true because the very existence of homelessness in the U.S. stems from a 

mismatch between housing stocks and what is affordable for the poorest income earners 

under the market system (Harris 2017; Marcuse 1988; Wolch and Dear 1993). The latter 

is true because the construction of a sufficient shelter infrastructure that could obscure the 

issue is politically contentious and is often directly challenged by local (domiciled) 

residents and other community stakeholders (Brinegar 2003; Oakley 2002; Wolch and 

Dear 1993). Meaningful solutions to homelessness generally involve either (1) directly 

challenging the logic of the market or (2) ignoring or otherwise overcoming the voices of 

                                                
33 “Homelessness is … immediately shocking to the homeless, but ultimately to the system that produces 
homelessness. Homelessness is shocking to those who are not homeless because it exposes misery in the 
midst of plenty, and represents alienation from home in a home-based society … The shocking implications 
of the growing numbers of the homeless could cause people who are largely apolitical, perhaps well off, 
and who intuitively support the status quo, to question the efficacy of the American system. In effect, 
homelessness may produce, or feed, a crisis of legitimation” (Marcuse 1988:69–70). 
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community members rallying against a shelter infrastructure.  

 American homelessness is not a consequence of insufficient aggregate resources. 

Rather, the condition stems from an unequal distribution of resources. By federal 

standards, a two-bedroom apartment is affordable for a full-time, minimum wage worker 

in less than one percent of U.S. counties (National Low Income Housing Coalition 2017). 

Perhaps this affordability issue for the poor – rather than any problem concerning the 

sheer volume of resources – can help explain why unsheltered homelessness boomed on a 

scale not seen since the Great Depression in certain parts of the United States during the 

economic expansion of the 1990s and early 2000s (Herring and Lutz 2015).  

From a rational choice perspective, we might agree that – given some level of 

local housing instability – the prevalence of unsheltered homelessness has two key 

drivers: (1) the pervasiveness of shelter terms and conditions that are problematic enough 

for some people to choose to be unsheltered and (2) insufficient local inventories of 

shelter beds. While assessing the reasonability of shelter rules and physical quality is 

beyond the scope of this project, it is fair to reason that conditions would have to be 

exceedingly poor in order for masses of people to systematically choose life on the 

streets. Ethnographic work (e.g., Donley and Wright 2012; Hoffman and Coffey 2008) 

has highlighted the difficult realities that homeless persons are often forced to consider 

when deciding whether to accept shelter. These include (perceived or real) threats to 

safety, fears of inner-city locations, unwillingness to abandon animal companions, and 
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the sometimes necessary acceptance of poor and infantilizing treatment by shelter staff.34 

To the second point – that some homeless persons might be unsheltered because of 

inadequate local inventories of shelter beds – only 34.6 percent of CoCs covering 

predominantly metropolitan areas have supplies of shelter beds greater than or equal to 

the size of their homeless population.35 This lack of beds across CoCs begs the question: 

why? I argue that the determinants of unsheltered homelessness are largely political and 

stem from the struggle over the finite social and financial rewards scattered across the 

American city (Bourdieu 1979; Desmond 2018).  

 

Homeless Shelter as Politically Contentious Space 

Pathways to homelessness are littered with fragments of broken families and 

inadequate support networks (Desmond 2016; Liebow 1993), but the decision to provide 

adequate shelter coverage in a community extends beyond the control of the homeless 

and their immediate ties. When homelessness reemerged on the public agenda in the 

1980s, major U.S. city governments and private organizations responded by increasing 

local inventories of shelter beds (Brinegar 2003), but before the beginning of the 1990s, 

there emerged “…a dangerous trend that places the aesthetic concerns of select groups of 

                                                
34 This mistreatment by shelter staff, whether perceived or real, might itself be partly rooted in a general 
distrust among the homeless and service providers: “Fear in all its forms stands out. It seems to take the 
shape of a giant circle of mutuality: the shelter staff and other providers are afraid of the homeless and the 
homeless are afraid of the staff; the citizen on the street, the merchant, the householder, and whole 
communities fear the homeless, and the homeless fear the non-homeless citizens. And to complete the 
circle, the homeless are afraid of the homeless. Thus, everyone is afraid of the homeless… and what is so 
terrible and intractable about the situation is that everyone is right to be afraid” (Liebow 1993:116). 
35 Author’s own calculation using 2017 PIT and HIC data. The definition for number of beds used here 
includes year-round and overflow beds. See data and methods section. 
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business and property owners above the life-or-death needs of the homeless” (Safety 

Network 1988:2, cited in Wolch, Dear, and Akita 1988). Debates over the placement, 

management, and quality of homeless shelters remain among the most contentious topics 

on public agendas in cities across the United States. Homeless shelters are frequently 

scrutinized by both local residents and the homeless themselves (to different extents) for 

their poor physical condition, overcrowding, privacy issues, possible impacts on local 

crime rates, potentially negative consequences for property values and local businesses, 

and health concerns (Gilderbloom et al. 2013). The power in these voices, however, is 

asymmetric: in most cases, local community and professional organizations have 

considerably more influence over local governments than the poor and homeless (Kress 

1994; Logan and Molotch 1987). This is because advantaged residents tend to be more 

socially connected to those making political decisions and are more capable of organizing 

coalitions when they feel their neighborhood is under threat, even if such coalitions only 

represent a vocal minority of residents (Logan and Molotch 1987; Oakley 2002). The 

successes of these groups are partly responsible for the general insulation of non-poor 

areas from all forms of homelessness (Gilderbloom et al. 2013; Lee and Farrell 2004). 

The zoning process is a key arena where such victories are sought. 

 

Homeless shelters, the zoning process, and local opposition 

 John Logan and Harvey Molotch (1987:3) argue that “all capitalist places are the 

creations of activists who push hard to alter how markets function, how prices are set, 

and how lives are affected.” Such local battles are facilitated by the tradition of the home 
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rule mechanism in determining zoning permits, which splits the authority over land use 

into thousands of local jurisdictions, rather than centralizing power in the hands of state 

or federal bodies. While the merits of home rule in general are not under consideration in 

this paper, the spatial concentration of power over land use does politicize the placement 

of certain noxious facilities (e.g., nuclear power facilities and wastewater treatment 

plants) that are both necessary for community vitality and unwanted within the proximity 

of residents’ homes (Dear and Gleeson 1991). The uneven distribution of political power 

disproportionately drives these facilities into the poorest and least socially organized 

areas, where public opposition carries less weight, if it can be mobilized at all. As a 

result, homeless shelters tend to be located in poor areas that are obscured from 

advantaged actors. 

 The ability to generate public support for homeless shelter beds might also be 

subject to local weather conditions, particularly in areas where lower temperatures are 

observed, the logic being that extreme cold is associated with an increased health risk due 

to exposure while heat is viewed as less of a threat. While it is true that the majority of 

unsheltered homeless persons are geographically concentrated in warm areas (Corinth 

and Lucas 2018), this does not guarantee safety from low temperatures: in 2018, more 

homeless people died of hypothermia in Los Angeles than in New York City, an outcome 

directly related to differential homeless shelter access across the two cities (Holland 

2019). Some political actors in warm areas of the country push narratives about how 

providing more shelter beds will cause an influx of (undesired) homeless persons via 

migration, though empirical evidence supporting such claims is weak (Oakley 2002). In 
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areas where homeless people are generally not thought to be at high risk of illness or 

death via cold exposure, these types of fear-based narratives might sway local 

populations against homeless shelter development more than they do in areas where the 

homeless would suffer hypothermia without minimal shelter. If unsheltered homelessness 

is a local human rights issue and perceived threats to their safety and health are lower in 

communities with generally warmer temperatures, it might be easier for local residents 

and political actors to ignore the issue and work in their own best interests by keeping 

homeless shelters out of their neighborhoods. 

 In general, the local zoning process involves a set of ordinances that divide areas 

into single- or multi-family residential districts and commercial zones. If a proposed land 

use falls within the authorized parameters for a particular zone, its construction or 

acquisition is automatically permitted. If the intended land use is not specifically 

allowable, however, the granting of a use variance is required for a project to proceed 

(Oakley 2002). Because homeless shelters do not neatly qualify as commercial or single-

family units, they are often subject to such use variance hearings. Broadly speaking, the 

process requires the sponsor of a building to attend a public hearing, where a local zoning 

board must be convinced that the structure(s) and intended land use(s) will not threaten 

the welfare of the surrounding community. Standard procedures require proximate 

neighbors to be notified in advance about the proposed facility, which sets the stage for 

community opposition.   

 Local opposition to the placement of homeless shelters generally follows a 

predictable process (Hall and Yoder 2018; Oakley 2002). First, a vocal minority of local 



 

 112 

residents express seemingly benign worries about a project, e.g., over increases in traffic 

or an insufficient number of other public services to support the shelter residents that a 

new facility will attract. At the inevitable zoning hearing, however, the talking points of 

local residents opposing homeless service facilities can become much more oppositional, 

e.g., about how they will hurt the community by increasing crime rates or drug use. 

Actors representing businesses with stakes in local property values can also get involved 

and they are at an advantage because city governments often must compete to please 

capital more than they compete to please people. As a result, the level of social service 

that local governments deem appropriate generally depends more on whether that service 

fits a local growth strategy than if there is an unmet demand for basic amenities (Logan 

and Molotch 1987). While some concerns – such as those over the potentially negative 

impacts of a new shelter facility on proximate property values – are valid points for 

discussion, they often emerge in the public sphere with little or no regard for the 

homeless who will otherwise face life on the streets. 

Prior research suggests that the strength of local resistance to placing homeless 

shelters and other service locations in a neighborhood is positively associated with the 

degree of demographic difference between the homeless and the domiciled population, 

broadly indicating that this opposition is rooted in social and economic class conflict 

(Brinegar 2003; Wolch and Dear 1993). Stated differently, the struggle to prevent shelter 

placement in a community is partly about the purification of local spaces, assumed to 

facilitate a visible homophily and sense of collective identity among advantaged actors. 

When advantaged residents are sufficiently empowered and emboldened, the siting of a 



 

 113 

homeless shelter can become so thoroughly contested that it supersedes all other 

considerations for a proposed project (Dear and Gleeson 1991). When facing community 

opposition, local strategies for managing homelessness – while appearing ends-focused 

on their face – tend to employ a doctrine of “misery mitigation” for the homeless and 

general public rather than a solutions-focused perspective. The homeless are given access 

to an incomplete set of basic resources that are concentrated in disadvantaged areas and, 

resultingly, their existence is optimally, but incompletely, obscured (Harris 2017).  

Higher stocks of social capital at the community level might provide an antidote 

to the anti-homelessness sentiment that pervades some communities, which could 

facilitate the construction of larger homeless shelter bed inventories relative to 

communities with less social capital. While social capital is a broad term, Coleman 

(1988) argues that it can be defined by two criteria: (1) it consists of some aspect(s) of 

social structure and (2) it facilitates certain actions within that structure. To the extent 

that it is oriented toward socially efficient, collective action (Rupasingha et al. 2006), we 

might expect areas with higher levels of social capital to be more sensitive to the needs of 

their poor and homeless. However, social capital might not be able to combat the 

structural antecedents that constitute the foundation for homelessness, so social capital 

might only indirectly decrease unsheltered homelessness rates by affecting issues under 

the control of localities, such as the size of local shelter bed inventories. If local 

opposition to homeless shelters is rooted in social distance, we might expect certain 

community-level factors to be associated with the sufficiency of local shelter bed 

inventories. Homeless shelters might be more easily sited in increasingly accessible 
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housing markets and in lower-income areas where the poverty associated with 

homelessness does not strongly threaten the status quo of a community.  

 

The Current State of Unsheltered Homelessness 

 In the early 2000s, local anti-homelessness policies began operating within the 

framework of ten-year plans to end homelessness. By 2004, HUD altered its selection 

criteria for federal grants to favor those communities that had implemented such 

strategies. These plans – while well-intentioned – sometimes employed artificially 

narrowed definitions of homelessness that allowed communities to claim nebulous 

victories that might be rendered unimpressive upon further analysis. For example, Harris 

(2017) cites Utah, which was celebrated at the culmination of its ten-year plan in 2014 for 

being on the brink of ending chronic homelessness even though the total number of 

homeless persons remained virtually unchanged over the decade and family homelessness 

increased (see also, McCoy 2015). A similar point can be made for celebrations and 

media coverage concerning communities ending veterans’ homelessness, which is 

commendable but says little about the changing magnitude of the larger problem. Over 

the ten-year plan era, the overall size of the U.S. homelessness population only dropped 

modestly. Part of this decrease is likely due to the recovery from the Great Recession. 

 On a single night in January 2017, over one-third of the nation’s total homeless 

population was unsheltered, representing roughly 200,000 men, women, and children 

(U.S. Department of Housing and Urban Development 2017). Birch and Silver (2009) 

argue that the average life expectancy in the U.S. increased from 50 years in 1909 to 
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nearly 80 years in 2009 partly due to the widespread implementation of minimum 

housing standards. It is therefore not surprising that Roncarati et al. (2018) find that the 

unsheltered homeless in Boston face an age-adjusted risk of death nearly ten times 

greater than the general population, implying an average life expectancy of 53 years (see 

also, O’Connell 2005).  

 

Current Study 

 Existing research (e.g., Herring 2014;  Herring and Lutz 2015) notes that most 

U.S. cities with widespread unsheltered homelessness face chronic shortages of shelter 

beds and are located in warm areas, particularly in the Southeast and West Coast. 

However, scholars also note that warm areas do not always observe elevated rates of 

unsheltered homelessness relative to the average (Corinth and Lucas 2018). Given the 

contention surrounding the siting of homeless shelter beds, I explore the extent to which 

the relationship between average local temperatures and rates of unsheltered 

homelessness can be explained by the number of shelter beds per homeless person 

available across communities. Existing research has focused heavily on the reasons why 

some unsheltered homeless persons choose to forgo shelter, which includes their 

perceptions of poor treatment by shelter staff (Herring 2014; Hoffman and Coffey 2008), 

unreasonable or unsanitary shelter conditions (Gilderbloom et al. 2013), and the inability 

or unwillingness to obey shelter rules and guidelines (Davies 1989; DeWard and Moe 

2010; Donley and Wright 2012). The main heuristic move of this piece is to shift the 

focus to whether communities are choosing against housing their homeless populations in 
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some warm-area communities. After exploring the association between shelter beds per 

capita and unsheltered homelessness rates, I then turn my attention to the community-

level predictors of available shelter beds, testing whether environmental drivers (i.e., 

average temperatures) and measures of social distance between the homeless and the 

domiciled public predict the sufficiency of local inventories. 

 The rest of this paper unfolds in three sections. First, I outline the data and 

methods used for this project. I then summarize a set of statistical models indicating (1) 

that the strong, positive relationship between average local temperatures and unsheltered 

homelessness is considerably mediated by the available number of shelter beds per capita 

and (2) that the relative number of shelter beds is positively associated with measures of 

community solidarity and public spiritedness and negatively associated with rising renter 

median incomes and rent levels and local temperatures. I close with a discussion 

connecting the sufficiency of local shelter bed inventories to the degree of social distance 

between the homeless and domiciled public. 

 

DATA AND METHODS 

Constructing the Dataset 

 A summary of data used for this project can be found in Table 4.1 and descriptive 

statistics for all variables are provided in Table 4.2. The analysis takes place at the 

Continuum of Care (CoC) level. CoCs are the local or regional administrative bodies 

within which assistance providers share federal resources and collaborate to address the 

specific goal of ending local homeless episodes (U.S. Department of Housing and Urban 
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Development 2012). Conducting an analysis at the CoC-level can be challenging because 

CoCs do not necessarily align with other typical geographies (e.g., zip codes or counties) 

and they range in size from the sub-county level to covering multiple counties. 36 

Regardless, this is an appropriate level of analysis because it is the specific level upon 

which day-to-day services are administered to the homeless.  

Table 4.1. Summary of Study Variables 

 
*Indicates variables that were constructed via a principal component analysis (PCA).  
Notes: HUD PIT count = U.S. Department of Housing and Urban Development (HUD) Point in Time (PIT) 
estimate of persons experiencing homelessness, 2017. 
HUD HIC = HUD Housing Inventory Count (HIC). 
ACS = U.S. Census Bureau, American Community Survey 5-year estimates 2012-2016. 
PRISM = Parameter-Elevation Regressions on Independent Slopes Model provided by the Northwest 
Alliance for Computational Science and Engineering, Oregon State University.  
NERCRD = Northeast Regional Center for Rural Development at Pennsylvania State University, see 
Rupasingha et al. 2006, with updates.  
All variables measured at the CoC level.  

 
                                                
36 Some CoCs cover even larger geographic areas, up to entire states. These cases mainly relate to mostly 
rural areas and are excluded from this analysis. 

Variable Source Description
Dependent variable

Unsheltered homeless rate HUD PIT Count/ACS Unsheltered homeless persons per 10,000 residents
Independent variables

Average temperature PRISM Average temperature for January 2017
Shelter beds per capita HUD HIC/

HUD PIT Count
Total number of publicly or privately managed homeless shelter beds within a 

CoC, includes emergency shelters, transitional housing, and safe-havens
Housing market characteristics

Rental market accessibility* ACS Index of CoC rental characteristics: median rent and renter median income
Renter occupancy rate ACS Percent of units occupied by renters
Vacancy rate ACS Percent vacant units
Crowded rate ACS Percent of units with more than one occupant per room
Moved last year rate ACS Percent of residents in current housing unit for less than one year

Economic indicators
Economic disadvantage* ACS Index of economic characteristics: poverty rate, public assistance rate, and 

unemployment rate
Demographic factors

Percent black ACS Percent black in population
Percent Hispanic/Latinx ACS Percent Hispanic/Latinx in population
Median age ACS Median age of population
Single occupancy rate ACS Percent of housing units with single occupant
Population ACS Total population

Other environmental
Precipitation PRISM Total precipitation for January 2017

Index of social capital
Social capital NERCRD Community-level index of social capital
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Table 4.2. Descriptive Statistics 

 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); 
U.S. Census Bureau - American Community Survey 5-year estimates (2012-2016); Northwest Alliance for 
Computational Science and Engineering - PRISM Climate Group (2017); NERCRD County-level measure 
of social capital, 2014. 

 

To overcome the issue of irregular geographies, I use a publicly available 

crosswalk file created by Thomas Byrne that identifies the census tracts existing within 

the boundaries of each CoC.37 I gather tract-level demographic measures from the 2012-

2016 ACS Five-Year Estimates using the TidyCensus package in the R environment for 

                                                
37 The strategy for creating this CoC crosswalk is similar to that discussed by Thomas Byrne et al. (2013). 
The files used for this analysis can be accessed at https://github.com/tomhbyrne/HUD-CoC-Geography-
Crosswalk.  

Variable Mean Median SD Min 1st quartile 3rd quartile Max
Dependent variable

Unsheltered homeless rate 5.57 2.05 9.38 0.05 0.92 5.82 66.40
Independent variables

Average temperature 39.79 37.41 11.42 11.18 31.34 46.69 72.40
Shelter beds per capita 0.88 0.91 0.31 0.09 0.71 1.06 2.06

Housing market characteristics
Rental market accessibility 0.00 0.25 1.38 -4.38 -0.75 1.02 2.68
Renter occupancy rate 36.61 35.43 9.76 15.10 30.19 41.58 69.23
Vacancy rate 11.03 9.59 5.84 3.55 7.12 13.00 45.39
Crowded rate 2.85 2.08 2.15 0.66 1.50 3.21 12.66
Moved last year rate 15.40 15.25 3.74 6.50 12.66 17.55 28.20

Economic indicators
Economic disadvantage 0.00 0.15 1.57 -5.51 -0.85 1.06 5.53

Demographic factors
Percent black 13.34 9.30 12.85 0.50 4.12 17.93 79.66
Percent Hispanic/Latinx 13.81 8.74 13.68 0.99 4.81 17.85 82.70
Median age 38.60 38.58 3.94 25.54 35.71 41.24 56.18
Single occupancy rate 28.20 28.33 4.74 12.72 24.97 30.77 48.21
Population 71.45 47.86 94.12 6.45 27.17 80.91 924.66

Other environmental
Precipitation 4.85 3.71 3.76 0.38 2.90 5.36 25.00

Index of social capital
Social capital 0.00 -0.04 0.60 -1.93 -0.34 0.33 3.80

Continuums of Care 312
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statistical computing and aggregate these to the CoC-level. 38 Measures of average daily 

temperature and total precipitation for January 2017 (the month of the 2017 PIT count) 

are calculated for each CoC using QGIS software. To accomplish this, I superimposed a 

map of CoC boundaries on the weather stations catalogued in the PRISM database and 

computed measurements of mean temperature and total precipitation across all stations 

within the boundaries of each CoC. These weather measures, along with data from the 

2017 Housing Inventory Count (HIC) and PIT count are then merged with the 

constructed CoC-level ACS dataset. 

 I also estimate CoC-level measures of social capital using 2014 data compiled by 

Rupasingha et al. (2006, with updates). Because this index is originally calculated at the 

county-level, I re-estimate it at the CoC-level by calculating a population weighted 

average of county-level social capital indices for those CoCs that span multiple counties. 

This composite measure of social capital is constructed from four variables: (1) 

associational density, (2) percentage of voters who voted in presidential elections, (3) 

response rate to the decennial census, and (4) number of tax-exempt non-profits. The 

logic underlying this measure is that – while social capital is a multi-dimensional 

construct that is not directly measurable – social capital is a structural condition that is 

expected to impact the covariance of a set of observable variables. This premise 

facilitates the construction of a composite measure that takes into account various 

theoretical correlates of social capital (listed above). Academic interest in the concept of 

                                                
38All tract-level ACS measures are aggregated to the CoC-level using either the sum of tract-level measures 
in the case of population estimates (e.g., number of vacant units or number of persons in poverty) or 
population weighted medians for estimated tract-level averages (e.g., median age). 
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social capital stems from the belief that it is a local phenomenon with the potential to 

alleviate political tension and social problems while bolstering economic development. 

Bolstered social capital is associated with increased trust and cooperation at among the 

community, which, in turn, optimizes collective action (Rupasingha et al. 2006). It is also 

associated with the promotion of norms favoring social solidarity, cooperation, and civic 

engagement (Putnam, Leonardi, and Nanetti 1994).  

 Nearly all Americans live within the boundaries of a CoC (Fargo et al. 2013). To 

derive a set of observations that might reasonably approximate metropolitan CoCs – 

which is complicated because a CoC can span both rural and urban areas – I match CoCs 

to core based statistical areas (CBSAs) at the tract level using the July 2015 CBSA 

delineation file (U.S. Census Bureau 2015). I obtain my sample using the following 

strategy. First, I remove the set of balance of state and statewide CoCs that tend to cover 

large, rural areas. I also remove those CoCs that exist outside of the 50 US states and the 

District of Columbia (e.g., Guam). I then remove those CoCs that cover exclusively 

micropolitan and/or rural areas. Lastly, I remove any remaining CoCs with the majority 

of census tracts existing outside of a metropolitan statistical area. With this strategy, I 

arrive at a sample of 312 CoCs out of about 400 total  observations spanning span 43 

states and the District of Columbia. A map of CoCs included in this analysis can be found 

in Appendix 4A. 
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Dependent Variable (Unsheltered Homeless Persons per 10,000 in the CoC Population) 

 The key outcome of interest for this project is the number of persons experiencing 

homelessness in unsheltered locations per 10,000 residents living within the boundaries 

of a CoC. This dependent variable was constructed to mirror the strategies employed by 

Lee et al. (2003) and Byrne et al. (2013), who used the 1990 Census S-Night count and 

the 2009 PIT count, respectively, to estimate community-level drivers of homelessness. 

Due to the high right skew of the distribution of this measure, I use its natural log for all 

regression models presented here. While using a logged dependent variable complicates 

model interpretation, it is consistent with the existing literature and explicitly 

recommended by scholars who have conducted similar analyses (e.g., Byrne et al. 2013; 

Corinth and Lucas 2018). For a second set of models predicting shelter beds per capita, I 

use the untransformed variable distribution. 

 

Independent Variables (CoC-Level Characteristics) 

 Independent variables were selected to closely mirror community-level predictors 

of homelessness that have been established by prior research (e.g., Byrne et al. 2013; Lee 

et al. 2003; Snow and Anderson 1987; Snow and Mulcahy 2001). To meet certain 

statistical assumptions, some independent variables are log-transformed for regression 

analyses. The key independent variable of interest – shelter beds per homeless person 

(hereafter shelter beds per capita) – represents a CoC-level count of total permanent or 

overflow beds available in emergency homeless shelters, transitional housing units, and 

safe havens funded either by public or private entities. Due to a non-linear relationship 
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between this predictor and the outcome (see Appendix 4I), I include both an 

untransformed and squared term for shelter beds per capita in regression models. Further, 

I follow Lee et al. (2003) and Firebaugh and Gibbs (1985) by including the inverse of the 

logged CoC population as a term in the regression models used for this analysis. This 

variable serves as a statistical control and corrects for issues of dependency that arise 

when variables on both sides of a regression equation share a common denominator. I 

note all statistical transformations where appropriate. 

 

Dimension reduction  

Some of the variables that are theoretically meaningful for predicting local rates 

of unsheltered homelessness are themselves interrelated. Due to high correlations among 

some of these independent variables and correspondingly high variance inflation factors 

(VIFs) in multiple regression models including all corresponding measures, I perform 

principal component analyses (PCAs) for two sets of variables. I first conduct a PCA on 

two CoC rental market characteristics: (1) median rent and (2) median income. Both of 

these factors load negatively on the first principle component, which explains 95.5 

percent of their total variance. I refer to this principal component as rental market 

accessibility.  

Second, similarly strong correlations exist among rates of poverty, public 

assistance use, and unemployment at the CoC-level. The first principal component of the 

PCA including these three variables explains over 82 percent of their total variation and 

all variables load in the positive direction. Given that the use rate of public assistance 
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programs – defined here to include supplemental security income (SSI), cash public 

assistance, or the Supplemental Nutrition Assistance Program (SNAP) – suggests a 

prevalence of economic hardship similar to that which is measured by the poverty rate 

and unemployment rate, I refer to this principal component as a measure of economic 

disadvantage. Employing this technique allows for the preservation of information while 

explicitly addressing multicollinearity that could otherwise undermine the stability of 

model estimates. I provide biplots visualizing the first and second principal components 

for each of these PCAs in Appendix 4H. 

 

Modeling Strategy 

 CoCs nested within the same state are assumed to share more common 

characteristics (e.g., per capita expenditures on mental health services for the homeless, 

degree of religiosity) than they do with CoCs in other states. This state-level clustering 

violates the independence assumption of ordinary least squares (OLS) regression, which 

can lead to artificially narrowed standard errors and an increased likelihood of type one 

errors. To overcome this issue, I follow Byrne et al. (2013) and construct a set of linear 

mixed-effects models with CoCs nested within states. Employing this strategy allows me 

to control for statistical dependence among CoCs located within the same state by 

specifying random intercepts. Controlling for unobserved state-level heterogeneity is 

important due to the highly disproportionate concentration of unsheltered homeless 

persons in certain states (e.g., California and Florida). I regress dependent variables on a 

series of predictor variables, all of which are continuous and mean-centered at zero. 
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Including information about state-to-state variability in all regression models used for this 

analysis allows me to make broad-level statements about how the fixed effects of the 

model (e.g., temperature, beds per capita) affect the outcome. I build these models using 

the nlme package in the R environment for statistical computing. 

 

RESULTS 

Bivariate Results 

 Using 2013 PIT data, Corinth and Lucas (2018) find that the variation in local 

rates of unsheltered homelessness increases proportional to local temperatures. The 

boxplots presented in Figure 4.1 visually confirm their finding using updated data from 

2017 subdivided into three groups by monthly average temperature: (1) the bottom 25 

percent, (2) the middle 50 percent, and (3) the top 25 percent. In Figure 4.2, I provide a 

series of bivariate scatterplots indicating that this increasing variation in unsheltered 

homelessness by temperature might indeed be attributable to local differences in the 

availability of shelter beds. This figure provides clear, preliminary evidence that (1) the 

number of shelter beds per capita is negatively associated with local rates of unsheltered 

homelessness for all three temperature groups and (2) that this relationship becomes 

stronger in magnitude as local temperatures increase.39,40 While the number of shelter  

                                                
39 I exclude interaction effects from all multiple regression models used in the main analysis. In Appendix 
4G, however, I summarize results from a saturated model including interaction terms for (1) beds per capita 
* average temperature and (2) beds per capita2 * average temperature. Neither interaction effect is 
statistically significant at the p < 0.1 level, suggesting that, other things equal, the relationship between 
beds per capita and unsheltered homelessness rates does not become stronger as temperature increases. 
40 In Appendix 4B, I provide visual evidence suggesting that shelter bed use rates are not tremendously 
lower in warm areas. The median use rate in the coldest 25 percent of CoCs is 88 percent. The shelter bed 
use rate is only six percentage points lower in the warmest 25 percent of CoCs. 
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Figure 4.1. Boxplot of Unsheltered Homelessness Rates by Temperature Group 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016); Northwest Alliance for Computational Science and Engineering - PRISM Climate 
Group (2017). 
 

beds per capita explains 18 percent of the variation in unsheltered homelessness rates 

among those CoCs in the bottom quartile of the temperature distribution, it explains a full 

70 percent of the variation in rates in unsheltered homelessness in the warmest 25 percent 

of CoCs.  
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Figure 4.2. Simple Bivariate Scatterplots of Unsheltered Homelessness Rates by Beds 
per Homeless Person, Separated by Temperature Group 
Notes: Overlaid regression lines with 95% confidence intervals displayed. β and R² values are for the  
linear, bivariate model for the respective temperature group, excluding controls or random effects. 
Coefficients for each linear predictor are statistically significant at the p<0.01 level. 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
 

In Table 4.3, I provide summary output for the main regression models built for 

this analysis.41 All three of these models include random intercepts at the state-level. For 

each model, I calculate both the marginal and conditional R2, which measure the 

proportion of variance explained by (1) the fixed effects only and (2) the fixed and 

random effects, respectively. The bivariate regression model summarized in the first 

column of Table 4.3 predicts that a one standard deviation increase in the average 

January 2017 temperature of a CoC – an increase of only 11°F – is associated with a  

                                                
41 I include eight CoCs with only one observation per state in these random intercept models. I rerun these 
models excluding these eight observations in Appendix 4F. Estimates are not meaningfully different across 
models. 
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Table 4.3. Linear Mixed-Effects Models Predicting Unsheltered Homelessness per 
10,000 Residents  

 
Notes: Standard errors in parentheses. Dependent variable is log-transformed. All continuous variables are 
mean-centered.  
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
 

Average temperature 0.04 *** 0.02 *** 0.02 **
(0.01) (0.01) (0.01)

Shelter beds per capita -1.94 *** -1.95 ***
(0.19) (0.17)

Rental market accessibility -0.20 ***
(0.07)

Renter occupancy rate 0.00
(0.01)

Vacancy rate (logged) 0.16 
(0.13)

Crowded rate (logged) 0.23 
(0.16)

Percent moved in last year (logged) 0.01 
(0.02)

Economic disadvantage 0.25 ***
(0.07)

Percent black (logged) -0.23 ***
(0.07)

Percent Hispanic/Latinx (logged) -0.13
(0.10)

Median age -0.03
(0.02)

Single occupancy rate 0.07 ***
(0.02)

1/log(Population) 13.64
(9.73)

Precipitation (logged) 0.00
(0.09)

Constant 0.88 *** 0.89 *** 0.87 ***
(0.13)         (0.09)         (0.08)         

Observations 312 312 312
Marginal R² 0.13 0.39 0.60
Conditional R² 0.51 0.56 0.71

Model 1 Model 2 Model 3
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54.49% increase in unsheltered homelessness.42 The fixed effect of temperature in this 

bivariate random-effects model explains 13% of the variation in the outcome. 

 

Multiple Regression Results 

I add both a term for the number of shelter beds per capita in the second model 

presented in Table 4.3.43 While the association between average local temperatures and 

unsheltered homelessness rates remains positive and statistically significant at the p < 

0.01 level, this second model predicts that, other things equal, a one standard deviation 

increase in local temperatures is associated with a 25.78 percent increase in unsheltered 

homelessness, a decrease in effect size of about 50 percent relative to the bivariate model. 

The fixed effects of this model explain nearly half of the variation in unsheltered 

homelessness rates.  

To more firmly establish that this reduced association between temperatures and 

unsheltered homelessness is due to a mediation effect, I run a separate random intercept 

model regressing beds per capita on average temperature. In this model (not summarized 

in a table presented here), a one degree increase in average temperature is associated with 

                                                
42 Due to the logged outcome variable, percent changes for each linear predictor x were calculated using the 
formula (𝑒#$(%.'.(()) − 1) ∗ 100, where 𝑏(  represents the estimated regression coefficient and s.d.(x)	is the 
standard deviation of the distribution of x. Estimates for log-log relationships were calculated using the 
formula 01(̅3%.'.(()

(̅
4
#$
− 15 ∗ 100, where �̅� is the sample mean. This set of log-log relationships represents the net 

impact on unsheltered homelessness associated with a one standard deviation increase in x from the mean. 
Standard errors for these estimates were calculated using similar formulas that replace the value of 𝑏( with 
the model-estimated standard error.  
43  For the main analysis, I operationalize shelter beds per capita as the sum of permanent and overflow 
beds. These include emergency shelters, transitional housing units, and safe havens. Some overflow beds, 
however, might not be accessible at the time of the PIT count. In Appendix 4E, I rerun the models 
presented in Table 4.3 using only permanent beds per homeless person as the measure of shelter beds per 
capita. Results are not meaningfully different across models. 



 

 129 

a 0.01 decrease in the number of beds per capita (p < 0.01, marginal R2 = 0.12).  Having 

established that (1) average temperatures are positively associated with local rates of 

unsheltered homelessness, (2) average temperatures negatively predict shelter beds per 

capita, and (3) the association between average temperatures and unsheltered 

homelessness is noticeably reduced when including shelter beds per capita in regression 

models, I conclude that the number of shelter beds per capita is a partial mediator of the 

relationship between average temperatures and local rates of unsheltered homelessness 

(see Baron and Kenny 1986). Stated differently, the positive relationship between 

average temperatures and unsheltered homelessness rates operates partly through shelter 

beds per capita.  

For a straightforward interpretation of the output from the saturated model 

presented in the third model of Table 4.3, I provide a dot-and-whisker plot in Figure 4.3 

displaying changes in unsheltered homelessness given a one standard deviation change in 

each independent variable. In this model, the impact of temperature on unsheltered 

homelessness is remains statistically significant at p < 0.05 in this model and the effect 

remains in the expected (positive) direction, but the effect size is even smaller. A one 

standard deviation increase in shelter beds per capita – an increase of about 0.31 beds per 

person – is associated with a net 45.6 percent decrease in unsheltered homelessness. 

Other predictors generally behave as expected. Decreasing rental market accessibility and 

increasing levels of economic disadvantage are associated with sizeable increases in 

expected rates of unsheltered homelessness. Unsheltered homelessness is also strongly 

and positively associated with the percentage of units with a single occupant, which is  
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Figure 4.3. Estimated Relationships between Full Model Predictors and Rates of 
Unsheltered Homelessness 
Notes: 95% confidence intervals displayed. Estimates represent the expected change in unsheltered 
homelessness given a one standard deviation increase in each predictor variable. The model used to 
generate this plot also controls for 1/log(population) and state random effects.  
ᵃIndicates a logged predictor. For this set of log-log relationships, the displayed association represents the 
expected change in homelessness rates given an increase from the mean of the distribution of the predictor 
variable to one standard deviation above it.  
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
 

consistent with previous research (see, e.g., Byrne et al. 2013). The logic underlying this 

relationship is that single occupants are generally less financially stable than multiple 

earner households, as single occupants tend to have fewer income streams. Contrary to 

racialized views of homelessness, the percentage of a CoC’s population that is black is 

associated with a substantial and statistically significant decrease in expected rates of 

unsheltered homelessness and the point estimate for the percentage of a community 

identifying as Hispanic/Latinx is also negative (but it is not statistically significant).  
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Figure 4.4. Estimates of Community-Level Rates of Unsheltered Homelessness by 
Temperature, Predicted at Observed Values and at One Shelter Bed per Homeless Person 
for Every CoC 
Notes: Loess curves estimated for each prediction type. Plot coordinates exclude extreme values for easier 
interpretation of the general trends. All observations are included in the estimation procedures for each 
curve. 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
 

In Figure 4.4, I provide a final example demonstrating the strong, negative impact 

of shelter beds on unsheltered homelessness and how that relationship operates with 

respect to local temperatures. The black, dotted loess curve in this figure represents the 

model predicted average rate of unsheltered homelessness as a function of local 

temperature at the observed values for all predictors. The green, solid loess curve is 

predicted using the same data, except I replace the number of shelter beds per capita with 

a vector of 1s to explore predicted rates of unsheltered homelessness under the condition 

where every CoC has exactly the number of beds necessary to shelter their entire 
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homeless population.44 While the relationship is positive in both instances, the average 

trendline at the observed values increases at a much faster rate than in the counterfactual 

scenario. For the top quartile of the temperature distribution (average January 2017 

temperature > 46.69 °F), the model estimating unsheltered homelessness rates with a 

sufficient number of shelter beds predicts 3.53 unsheltered homeless persons per 10,000 

residents. The model assuming the observed number of shelter beds predicts 8.45 

unsheltered homeless persons per 10,000 residents, a rate of unsheltered homelessness 

that is over two times greater than the counterfactual scenario. The large gap between 

these curves at the high temperature (rightward) side of the figure is a strong visual aid 

illustrating the strength of the indirect association between local temperatures and 

unsheltered homelessness that operates through available shelter beds. 

 In addition to this exploration of differential access to shelter beds facilitating 

unsheltered homelessness, I also explore potential predictors of shelter beds per capita, 

such as social capital and rental market accessibility. I model shelter beds per homeless 

person as a function of four community-level drivers in Table 4.4. As expected, the 

available number of shelter beds per capita is positively associated with local stocks of 

social capital and increasingly accessible rental markets, but the positive association with 

economic disadvantage is not statistically significant. I include an interaction term 

between social capital and average temperature in this model to assess whether the 

impact of social capital on beds per capita is moderated by temperature, but this term is  

                                                
44 One-fourth of CoCs report more than one shelter bed per homeless person. For these CoCs, the 
counterfactual model predicts the unsheltered homelessness rate with less beds per capita than actually 
observed.  
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Table 4.4. Linear Mixed-Effects Models Predicting Shelter Beds per Capita 

 
Notes: Standard errors in parentheses. All continuous variables are mean-centered.  
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017); NERCRD County-level measure of social 
capital, 2014. 
 

not statistically different than zero. The fixed effects of variables included in this model 

explain a full 20 percent of the variation in shelter beds per capita. 

While controlling for a rich set of covariates, I establish that the net association 

between local temperatures and unsheltered homelessness is not statistically significant. 

In Appendix 4C, I list those CoCs in the top quartile of the January 2017 temperature 

distribution that observe (1) the 15 highest rates of unsheltered homelessness or (2) the 15 

lowest rates of unsheltered homelessness. This table suggests a state-based explanation 

for the spatial concentration of unsheltered homelessness: 13 of the 15 warm-area CoCs 

Social capital 0.06 **
(0.03)

Average temperature -0.01 **
(0.00)

Rental market accessibility 0.08 ***
(0.02)

Economic disadvantage 0.02 *
(0.01)

Social capital * Average temperature 0.00 
(0.00)

Constant 0.90 ***
(0.03)

Observations 312
Marginal R² 0.20
Conditional R² 0.43

Model 1
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with the highest unsheltered homelessness rates are located in either California or. Of 

these 13 CoCs, none provide at least one shelter bed per homeless person and only one 

(Santa Maria/Santa Barbara County) provides more than 0.5 beds per homeless person. 

To the contrary, the warm-area CoCs with the lowest rates of unsheltered homelessness 

provide a median value of 1.02 shelter beds per homeless person and are scattered 

throughout a more diverse set of states. In Appendix 4D, I illustrate the weak, bivariate 

relationship between average local temperatures and total rates of (sheltered and 

unsheltered) homelessness observed in January 2017. When controlling for unobserved 

heterogeneity at the state-level, the relationship between temperature and homelessness 

rates is null, suggesting that the prevalence of homelessness is not dependent on the 

weather. Taken together, this evidence strongly suggests that temperature does not by 

itself drive unsheltered or total homelessness rates. Rather, some warm-area communities 

are electing against supplying enough shelter beds. 

 

DISCUSSION AND CONCLUSION 

 In the present piece, I have shown that (1) the strong and positive bivariate 

relationship between local temperatures and unsheltered homelessness is partly explained 

by the number of available shelter beds per homeless person and (2) the number of 

shelter beds per homeless person supplied by a CoC is a function of a community’s stock 

of social capital and the accessibility of rental markets, in addition to local temperatures. 

In this discussion section, I make a conceptual argument connecting increasing levels of 

social distance between the homeless and domiciled public with decreasing shelter 
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support for the homeless across metropolitan areas. I identify two relevant indicators 

suggesting that the undersupply of homeless shelter beds is exacerbated as (1) civic 

engagement in a community deteriorates and (2) average rental prices and renter incomes 

increase, creating social distance between the homeless and housed.  

The index of social capital that I use in this analysis is a composite measure of 

associational densities, voter turnouts, census response rates, and number of tax-exempt 

non-profit organizations (Rupasingha et al. 2006). The logic underlying this measure 

assumes that increased access to associational activities (e.g., religious or professional 

organizations) and higher civic and volunteer engagement “instill[s] in [community] 

members habits of economic cooperation, solidarity, and public spiritedness” (Putnam et 

al. 1994:89–90, cited in Rupasingha et al. 2006). It follows that a CoC with a high social 

capital score would be more likely to view local homeless episodes as an in-group 

problem: these are our homeless community members.  

To the contrary, rising median rent levels and median renter incomes (indexed by 

the rental market accessibility composite measure) are associated with lower proportions 

of homeless shelter beds per homeless person. This finding makes sense on its face 

assuming that wealthier people are less likely to be in frequent contact with homeless 

persons. Barrett Lee, Chad Farrell, and Bruce Link (2004) argue that inter-group 

exposure improves the public attitudes of the housed towards the homeless. Decreased 

exposure, on the other hand, facilitates a tacit acceptance of the issue and a lower regard 

for the suffering of the homeless. It also likely makes it easier for vocal minorities of 

local residents attending zoning hearings to successfully thwart plans for homeless 



 

 136 

shelters in wealthier areas without facing meaningful resistance. 

The model predicting beds per capita (Table 4.4) explains 43 percent of the 

variation in the outcome using only four variables, an interaction term, and state random 

effects. I argue that the predictive power of this model is notable, but incomplete. If the 

struggle to provide homeless shelter beds is strongly contested via the zoning process, we 

should expect measures of local land use regulation to be negatively associated with the 

outcome. I also expect that the detrimental impact of land use regulation on available 

shelter beds will increase in warmer areas, i.e., as public perceptions of the threats of 

environmental harm to the homeless (e.g., via frostbite or hypothermia) decrease. I do not 

explore this topic here. 

The validity and reliability of these results are threatened in a number of ways. 

Most notably, the generalization of these findings is restricted by the January timing of 

the PIT Count. It is reasonable to assume that the relationship between local temperatures 

and unsheltered homelessness will be different if tested during summer months and that 

shelter beds per capita could become a less central predictor of homelessness assuming 

that shelter use rates decrease in all areas (especially areas with harsh winters) during 

warm periods of the year. I also do not control for differences in total funding across 

CoCs, access to programs that effectively end homeless episodes (e.g., rapid rehousing), 

and other potentially influential variables. With these limitations in mind, I still believe 

that this analysis meaningfully contributes to the academic literature on homelessness, 

with the caveat that these findings should be retested using superior data whenever it 

becomes available. 
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Local temperatures function as a distal predictor of unsheltered homelessness that 

is meaningfully explained by differential access to homeless shelter beds. The large-scale 

encampments that we mostly observe in the Southeast and on the West Coast tend to 

exist in places with weak infrastructures to support their homeless populations. In this 

view, widespread unsheltered homelessness is not a consequence of the environment, it is 

the result of social structures that do not support those least able to provide for 

themselves. On the community level, homelessness is a mainly function of the systems 

governing housing and labor (Wolch and Dear 1993). In the present piece, I extend this 

argument to include homeless shelter beds. Unsheltered homelessness thrives when 

shelter beds are not available to an area’s poorest residents. Beds tend to be available 

when communities share a strong sense of social solidarity and public spiritedness and 

when renters have lower incomes, perhaps because of an enhanced sense of homophily 

between community members and homeless themselves when income differences are less 

pronounced. 
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APPENDICES 
 

 
Appendix 4A. Map of Continuums of Care Included in Analysis 
Sources: HUD - CoC GIS Shapefiles; U.S. Census Bureau - American Community Survey 5-year estimates 
(2013-2017). 
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Appendix 4B. Estimated Distribution of Shelter Bed Use Rates 
Notes: Overall distribution on left panel. Disaggregated by temperature group on right panel. Values 
represent 2017 Point-in-Time Count values of sheltered persons for each CoC divided by the total 
number of permanent and overflow beds in the CoC inventory. 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
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Appendix 4C. Shelter Beds per Capita for the Warmest 25 Percent of CoCs with Highest 
and Lowest Unsheltered Homelessness Rates 

 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
 
 
 

State CoC name

Average 
temperature in 

January
Unsheltered 
per 10,000

Shelter beds 
per capita

CA Watsonville/Santa Cruz City & County CoC 47.64 66.40 0.21
CA Imperial County CoC 54.75 57.38 0.16
CA San Francisco CoC 50.54 51.19 0.40
FL Pasco County CoC 62.94 49.46 0.09
CA Los Angeles City & County CoC 47.75 44.57 0.28
CA San Luis Obispo County CoC 47.28 29.50 0.25
CA Marin County CoC 47.46 27.30 0.31
FL Fort Pierce/St. Lucie, Indian River, Martin Counties CoC 64.85 26.16 0.13
CA Long Beach CoC 55.77 25.41 0.32
CA Pasadena CoC 52.59 25.26 0.31
HI Honolulu City and County CoC 72.40 23.55 0.65
CA Vallejo/Solano County CoC 46.74 21.35 0.30
CA Santa Maria/Santa Barbara County CoC 48.32 20.32 0.53
CA San Diego City and County CoC 49.96 17.28 0.44
GA Atlanta CoC 49.59 15.00 1.01

Warm-area CoCs with the lowest rates of unsheltered homelessness

TX Houston, Pasadena, Conroe/Harris, Fort Bend, Montgomery Counties CoC 58.76 2.00 0.90
LA Alexandria/Central Louisiana CoC 55.37 1.98 0.98
TX Fort Worth, Arlington/Tarrant County CoC 48.67 1.90 0.99
AL Huntsville/North Alabama CoC 48.36 1.77 1.12
FL Orlando/Orange, Osceola, Seminole Counties CoC 63.99 1.69 1.07
TX Waco/McLennan County CoC 51.47 1.65 1.02
AL Montgomery City & County CoC 53.50 1.64 1.04
GA Marietta/Cobb County CoC 48.55 1.62 0.76
LA Slidell/Southeast Louisiana CoC 57.89 1.57 0.79
GA Fulton County CoC 49.03 1.56 0.90
LA Lafayette/Acadiana Regional CoC 58.50 1.47 0.79
LA Shreveport, Bossier/Northwest Louisiana CoC 52.68 0.97 1.23
AL Florence/Northwest Alabama CoC 48.10 0.83 1.53
TX Bryan, College Station/Brazos Valley CoC 54.57 0.40 1.60
LA Houma-Terrebonne, Thibodaux CoC 60.17 0.20 1.25

Warm-area CoCs with the highest rates of unsheltered homelessness
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Appendix 4D. Rates of Total Homelessness (i.e.., Sheltered and Unsheltered) by Area 
Average Temperature for January 2017 
Notes: Linear predictor is positive and statistically significant (p < 0.01) or simple bivariate model, but 
the predictor is insignificant when controlling for state random effects. 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016); Northwest Alliance for Computational Science and Engineering - PRISM Climate 
Group (2017). 
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Appendix 4E. Linear Mixed-Effects Models Predicting Unsheltered Homelessness per 
10,000 Residents Using Permanent Beds Only 

 
Notes: Standard errors in parentheses. Dependent variable is log-transformed. All continuous variables are 
mean-centered.  
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
 
 

Average temperature 0.04 *** 0.03 *** 0.02 **
(0.01) (0.01) (0.01)

Shelter beds per capita -1.74 *** -1.79 ***
(0.19) (0.17)

Rental market accessibility -0.18 **
(0.08)

Renter occupancy rate 0.00
(0.01)

Vacancy rate (logged) 0.13
(0.13)

Crowded rate (logged) 0.29 *
(0.17)

Percent moved in last year (logged) 0.01
(0.02)

Economic disadvantage 0.24 ***
(0.07)

Percent black (logged) -0.22 ***
(0.07)

Percent Hispanic/Latinx (logged) -0.16 *
(0.10)

Median age -0.02
(0.02)

Single occupancy rate 0.06 ***
(0.02)

1/log(Population) 12.99
(9.89)

Precipitation (logged) -0.02
(0.09)

Constant 0.88 *** 0.90 *** 0.87 ***
(0.13)          (0.10)          (0.08)          

Observations 312 312 312
Marginal R² 0.13 0.35 0.57
Conditional R² 0.51 0.56 0.69

Model 1 Model 2 Model 3
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Appendix 4F. Linear Mixed-Effects Models Predicting Unsheltered Homelessness per 
10,000 Residents Using Only Observations in State Groups with More Than One 
Member 

 
Notes: Standard errors in parentheses. Dependent variable is log-transformed. All continuous variables are 
mean-centered.  
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 
 

Average temperature 0.04 *** 0.02 *** 0.02 *
(0.01) (0.01) (0.01)

Shelter beds per capita -1.93 *** -1.97 ***
(0.19) (0.17)

Rental market accessibility -0.16 **
(0.08)

Renter occupancy rate 0.00
(0.01)

Vacancy rate (logged) 0.16
(0.13)

Crowded rate (logged) 0.16
(0.17)

Percent moved in last year (logged) 0.01
(0.02)

Economic disadvantage 0.23 ***
(0.07)

Percent black (logged) -0.20 ***
(0.07)

Percent Hispanic/Latinx (logged) -0.08
(0.10)

Median age -0.03
(0.02)

Single occupancy rate 0.07 ***
(0.02)

1/log(Population) 13.91
(9.78)

Precipitation (logged) -0.02
(0.09)

Constant 0.79 *** 0.83 *** 0.83 ***
(0.14) (0.10) (0.09)

Observations 304 304 304
Marginal R² 0.13 0.40 0.58
Conditional R² 0.51 0.56 0.70

Model 1 Model 2 Model 3
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Appendix 4G. Saturated Model Including Interaction Effect 

 
Notes: Standard errors in parentheses. Dependent variable is log-transformed. All continuous variables are 
mean-centered.  
* p < 0.1; ** p <0.05; *** p <0.01 (two-sided tests). 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016); Northwest Alliance for Computational 
Science and Engineering - PRISM Climate Group (2017). 

Average temperature 0.01 *
(0.01)

Shelter beds per capita -1.91 ***
(0.17)

Rental market accessibility -0.20 ***
(0.07)

Renter occupancy rate 0.00
(0.01)

Vacancy rate (logged) 0.18
(0.13)

Crowded rate (logged) 0.21
(0.16)

Percent moved in last year (logged) 0.01
(0.02)

Economic disadvantage 0.24 ***
(0.07)

Percent black (logged) -0.22 ***
(0.07)

Percent Hispanic/Latinx (logged) -0.14
(0.10)

Median age -0.03
(0.02)

Single occupancy rate 0.06 ***
(0.02)

1/log(Population) 11.61
(9.82)

Precipitation (logged) 0.02
(0.09)

Average Temperature * Shelter beds per capita -0.02
(0.02)

Constant 0.84 ***
(0.08)

Observations 312
Marginal R² 0.60
Conditional R² 0.71

Model 1
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Appendix 4H. Biplots Showing the First Two Principal Components for Variables 
Measuring Rental Market Accessibility and Economic Disadvantage 
Sources: HUD - Point in Time Count (2017); U.S. Census Bureau - American Community Survey 5-year 
estimates (2012-2016). 
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Appendix 4I. Bivariate Scatterplot of the Relationship between Unsheltered 
Homelessness and Shelter Beds per Capita 
Note: Loess curve displayed with 95% confidence band. 
Sources: HUD - Point in Time Count (2017); HUD - Housing Inventory Count (2017); U.S. Census Bureau 
- American Community Survey 5-year estimates (2012-2016). 
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CONCLUSION 

My goal for this dissertation was to analyze associations between structural and 

environmental features and homelessness rates across U.S. metropolitan areas. My 

strategy was to divide the dissertation into three distinct projects analyzing the 

relationships between (1) income segregation and homelessness rates, (2) eviction rates 

and homelessness rates, and (3) local temperatures, available shelter beds, and rates of 

unsheltered homelessness. These three projects are conceptually unified by the idea that 

homelessness in the American metropolis is partly a function of structural and 

environmental antecedents. To a large degree, the statistical analyses presented here 

strongly support this point. While the sociology of homelessness – and the sociology of 

housing more broadly – in the U.S. has explored similar issues for nearly a century, the 

projects presented in this document, with their novel questions and superior statistical 

approaches, represent the first of their kinds.  

The claims made in each of the preceding chapters are limited by finite predictor 

sets in statistical models and the potential measurement error inherent to counting hidden 

populations such as the homeless. However, these findings are generally consistent with 

the existing literature, regardless of methodological strategy or level of analysis. With 

this in mind, I am convinced that these results are sound and I believe that they will 

withstand the test of time when retested on updated (and hopefully superior) data. To 

summarize: (1) the spatial segregation of poverty is positively associated with 

homelessness rates in U.S. metropolitan areas; (2) eviction rates do not meaningfully 

predict homelessness (measured a number of ways), likely because of the high prevalence 
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of informal and invisible forced moves in the American metropolis; and (3) the positive 

association between local temperatures and rates of unsheltered homelessness is strongly 

mediated by the number of available shelter beds, which are themselves determined by 

levels of social capital and a community’s average social and economic distance from the 

poor. 

While homelessness in the American metropolis is largely predictable at the 

community level, this does not imply that individual-level decision making does not 

facilitate homelessness. Rather, the findings presented here suggest that a person’s 

likelihood of falling through the cracks varies depending on where she or he lives. To 

paraphrase Elliot Liebow (1993, p. 223): 

There are many homeless people in America and that is a shame. Shame on you, 
shame on me, shame on America. Shame because it is the result of [policy and 
market] choices we have [collectively] made; shame because it does not have to 
be. To [end] at the beginning, let me offer Proposition No. 1: Homeless people are 
homeless because they do not have a place to live. I do not offer this as a 
tautology but as a statement of cause. 

 
The projects that comprise this dissertation support this claim over twenty-five years after 

it was originally written. History might not repeat itself, but in this case it clearly has its 

patterns. The metropolitan homeless remain so because the market does not provide them 

with a place to live. 
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