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INFLECTION POINTS IN COMMUNITY-LEVEL
HOMELESS RATES

By Curis GLYNN', THOMAS H. BYRNE!, AND DENNIS P. CULHANES
Univ. of New Hampshire t, Boston Univ. ¥, and Univ. of Pennsylvania

Statistical models of community-level homeless rates typically as-
sume a linear relationship to covariates. This linear model assump-
tion precludes the possibility of inflection points in homeless rates —
thresholds in quantifiable metrics of a community that, once breached,
are associated with large increases in homelessness. In this paper, we
identify points of structural change in the relationship between home-
less rates and community-level measures of housing affordability and
extreme poverty. We utilize the Ewens-Pitman attraction (EPA) dis-
tribution to develop a Bayesian nonparametric regression model in
which clusters of communities with similar covariates share common
patterns of variation in homeless rates. A main finding of the study
is that the expected homeless rate in a community begins to quickly
increase once median rental costs exceed 30% of median income, pro-
viding a statistical link between homelessness and the U.S. govern-
ment’s definition of a housing cost burden. Our analysis also identifies
clusters of communities that exhibit distinct geographic patterns and
yield insight into the homelessness and housing affordability crisis un-
folding on both coasts of the United States.

1. Introduction. Homeless rates in the United States vary signifi-
cantly from one community to another. According to the U.S. Department
of Housing and Urban Development (HUD), roughly 1 in 1,250 people were
counted as homeless in Glendale, CA in January 2017, while 1 in 70 peo-
ple were counted as homeless in Mendocino County, CA that same month
(HUD, 2017). In these rate estimates, HUD uses a naive calculation, divid-
ing the raw counted number of homeless by a community’s total population.
Due to systematic inaccuracies in homeless count data, this is methodolog-
ically problematic and naive estimates should be used with caution (Glynn
and Fox, 2019; Hopper et al., 2008); nevertheless, the more than seventeen-
fold increase in the HUD-reported rate of homelessness within the state of
California suggests that homelessness is critically influenced by features of
individual communities.

*This work was supported by Zillow. The authors thank Kaoru Irie, Surya Tokdar,
Svenja Gudell, and Cory Hopkins for helpful discussions.
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In this study, we investigate potentially nonlinear relationships between
homeless rates and community-level predictors. Quantifying the association
between homeless rates and covariates of a community is practically useful
along two dimensions. First, it sharpens public focus on the social forces
related to homelessness — leading to improved monitoring and intervention
opportunities to help the most vulnerable citizens. Second, it provides a set
of measurable objectives to guide public policy.

A significant number of studies have investigated statistical associations
between covariates of a community and homelessness® (Corinth, 2015; Byrne
et al., 2013; Lee et al., 2003; Quigley et al., 2001); however, existing statis-
tical models of homeless rates alternate between two extreme assumptions.
At one extreme, analyses assume a single global parameter so that the rela-
tionship between homelessness and housing costs, for example, is the same
nationwide (see, e.g., Byrne et al. (2013)). Assuming a single global parame-
ter is rigid, and it ignores the possibility that local social structures mitigate
(or exacerbate) the role that housing costs play in housing vulnerability. At
the other extreme, Glynn and Fox (2019) endow each community with a
local parameter in a hierarchical statistical model. Assuming local effects
for each community is overly flexible, as there is scarce data on the size of
the homeless population in each community — leading to imprecise estimates
of model parameters. In the presence of scarce data, there is a trade-off be-
tween model flexibility and the precision of parameter estimates. Between
these extremes of model rigidity and flexibility exists a middle ground where
clusters of similar communities share model parameters; however, inferring
covariate-dependent clusters from scarce data is a challenging statistical
learning problem.

We have two primary objectives in our analysis:

(O1) Flexibly estimate the relationship between community co-
variates and homeless rates to identify points where struc-
tural changes in the relationship occur; and

(O2) Identify peer groups of communities for development and
evaluation of policy interventions.

The statistical challenge is to estimate the complex functional relation-
ship between homeless rates and community-level covariates from scarce

'In this paper, we examine inter-community variation in homeless rates based on point-
in-time counts across HUD-defined continuums of care. An alternative approach to assess-
ing the relationship between community factors and homeless rates is to look at neighbor-
hoods within a city as “communities” and measure rates of shelter admission from those
communities based on last address. See, for example, Culhane et al. (1996) and Rukmana
(2008)
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data. Because there is limited variation in the features of a community from
one year to the next, data from a single community is concentrated in a
limited region of predictor space. Estimating the complete response surface
requires pooling data across related communities and fusing together local
estimates. To estimate the response surface locally, we pool data from com-
munities with similar covariates utilizing a Bayesian nonparametric mixture
model.

The methodological contribution of the study is EPA regression, a
novel Bayesian nonparametric regression framework based on the Ewens-
Pitman attraction distribution (Dahl et al., 2017). EPA regression is de-
signed to estimate nonlinear response surfaces when observational units gen-
erate data that is both scarce and concentrated in one region of predictor
space. EPA regression offers important modeling advantages compared to ex-
isting Bayesian nonparametric regression alternatives such as BART (Chip-
man et al., 2010), Gaussian process regression (Williams and Rasmussen,
1996), and Dirichlet process mixture models (Antoniak, 1974; Escobar and
West, 1995). Further, it allows us to achieve both objectives (O;) and (O3).
EPA regression explicitly models the partition of communities, and cluster
probabilities depend on covariates. Unlike BART, which partitions predic-
tor space into rectangular boxes, EPA regression offers a more geometrically
flexible partition of predictor space. Gaussian process regression does not
explicitly model cluster structure, and Dirichlet process mixtures, which do
model cluster structure, do not model cluster dependence on covariates.

The EPA distribution is a prior distribution over the space of parti-
tions indexed by pairwise similarity between observational units (commu-
nities in our case). The applied intuition is that communities with similar
covariates have a higher prior probability of membership in the same cluster
than communities with covariates that are dissimilar (Page and Quintana,
2018). We utilize the EPA distribution rather than dependent Dirichlet pro-
cesses (MacEachern, 2000) or distance-dependent Chinese restaurant pro-
cesses (Blei and Frazier, 2011) so that we directly model the partition of
communities with covariate information. Three important aspects of our
model are (i) the number of clusters; (ii) cluster membership; and (iii) the
relationship between community covariates and homelessness within clusters
are all jointly estimated as part of the inference procedure. We compute fully
Bayesian posterior distributions with a custom Markov chain Monte Carlo
algorithm that seamlessly combines the Polya-Gamma data augmentation
strategy of Polson et al. (2013) with the Gibbs sampling algorithm of Dahl
et al. (2017) and a forward filtering backward sampling (FFBS) algorithm
to account for community-specific temporal trends.
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Our analysis focuses on three measures of a community: rental costs,
measured by Zillow’s Rent Index (ZRI), median household income, and the
percent of residents living in extreme poverty. While the cost of housing
is consistently identified as a predictor of homelessness both across (Byrne
et al., 2013) and within (Glynn and Fox, 2019) communities, housing costs in
absolute dollar amounts are an incomplete measure of housing affordability.
The combination of housing costs and household income — specifically, the
percent of income spent on housing costs — more completely reflects the
relative affordability of housing across communities. By focusing on median
housing costs as a share of median income, we more directly compare housing
affordability in communities with different housing markets and economies.
While median housing affordability measures account for varying housing
markets and income levels, they do not reflect the size of the population
in a community whose income is inadequate to meet the cost of housing.
To control for the size of the population in each community that is most
vulnerable to homelessness, we also include in our model the percent of a
community living in extreme poverty.

We identify a period or structural change in homeless rates when hous-
ing costs in a community are between 30-34% of median income, with the
most likely inflection point occuring at 32%. Once housing costs enter the
30-34% of median income region, the expected homeless rate in a commu-
nity increases sharply. We also find three dominant modes of variation in
homeless rates, with 373 of 381 total communities in our analysis falling into
one of three clusters: communities in the first cluster — primarily located in
the midwest, mid-Atlantic, and southeast — tend to have very low homeless
rates and modest housing costs; communities in the second cluster — includ-
ing most of New England, Florida, the mountain west and central United
States — have intermediate homeless rates and housing costs on par with the
national average; communities in cluster three, which span much of the west
coast and include large metropolitan areas on the east coast, have very high
homeless rates and high costs of housing.

The paper proceeds as follows: in Section 2, we describe the data used in
our analysis; in Section 3, we present our EPA regression model for homeless
populations and describe choices for prior distributions; in Section 4, we
detail our Markov chain Monte Carlo inference procedure; in Section 5, we
present posterior predictive distributions for homeless rates over a range
of housing affordability and extreme poverty levels, and we also identify
clusters of communities sharing similar associations; in Section 6, we discuss
the applied contribution of our findings and how they can be effectively
utilized for policy prescriptions.
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2. Data. The data used in our analysis spans the years 2011 to 2017
and comes from three sources: HUD, the American Community Survey
(ACS), and the real estate analytics firm Zillow.

Each year, HUD produces a nationwide estimate of the number of peo-
ple experiencing homelessness on a single night. The national estimate is
based on local enumeration efforts called point-in-time (PIT) counts. While
the PIT counts are conducted in January, the data is typically released the
following November. At the local level, counts are conducted in roughly 4002
continuums of care (CoCs), geographic units that coordinate support ser-
vices for homeless and whose boundaries are typically coterminous with a
single city, a single county, or a group of counties. In 2017, PIT estimates
were produced for 399 CoCs across all 50 states, the District of Columbia,
Puerto Rico, the U.S. Virgin Islands, and Guam.

To estimate homeless rates, it is essential to know the relative size of
CoCs; however, the total population of a CoC is not reported by HUD.
Discrepancies between geographic boundaries of CoCs and boundaries of
geographic units for which total population estimates are made available
by the U.S. Census Bureau mean that total population estimates for some
CoCs are not readily available. To overcome this mismatch, we develop a
crosswalk between HUD CoCs — the most granular geographic unit for which
homeless data is available nationally — and census tracts. To match census
tracts with CoCs, we utilize a process conceptually similar to that described
by Byrne et al. (2013). Specifically, we use geospatial data from HUD on the
boundaries of each CoC and compute the geographic centroid of each census
tract. If the tract centroid falls within the boundaries of a CoC, we match
the whole tract to the CoC. Based on this assignment of tracts to CoCs and
tract-level ACS 5-year population estimates, we construct approximate total
population measures for each CoC. For example, to construct the CoC total
populations in 2011, we use the 2007-2011 ACS 5-year estimates. These CoC
total population estimates and PIT counts facilitate comparisons of homeless
rates across communities of various sizes. We have made the code used to
conduct the geospatial matching and construct the CoC total population
estimates publicly available on the GitHub page of one of the authors (Byrne,
2018).

We focus our analysis on three particular covariates of a community:
rental costs, measured by Zillow’s rent index (ZRI), median household in-
come, and the percent of residents living in extreme poverty. Median house-

2The exact number of CoCs varies from year to year due to the creation or dissolution
of CoCs or the merger of two or more existing CoCs. In 2007, there were 461 CoCs; in
2017 there were 399.
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hold income data and the percent of residents living in extreme poverty
are also reported in ACS. We weight tract-level measures of median income
and extreme poverty by the tract-level populations and aggregate to con-
struct CoC-level measures of median household income and rates of extreme
poverty. To measure rental costs, we follow Glynn and Fox (2019) and utilize
a custom-computed ZRI. The critical difference in the rental data for this
analysis and that used by Glynn and Fox (2019) is that in the present study,
Zillow directly computed a rent index for each CoC based on geospatial data
provided by HUD. The rent index methodology is identical to Zillow’s ex-
isting ZRI methodology (Bun, 2012), but it is brought to the non-standard
CoC geographies — providing a measure of rent not previously available to
researchers utilizing PIT count data. Table 1 presents a snapshot of the data
for the New York City CoC (NY-600). While countless measures of a com-
munity are potentially associated with homelessness — including apartment
vacancy rates, unemployment rates, demographics, etc. — most are highly
correlated with the covariates that we include in our analysis.

Count Population  ZRI ($) Income ($) Poverty (%)

2011 51,123 7,944,958 1,738.62 54,974.00 8.60
2012 56,672 8,009,322 1,768.21 55,510.05 8.82
2013 64,060 8,074,863 1,843.62 56,036.71 9.03
2014 67,810 8,159,782  2,010.27 57,029.83 9.08
2015 75,323 8,231,358 2,175.81 57,758.77 8.95
2016 73,523 8,268,601  2,322.79 59,552.74 8.79
2017 76,501 8,305,844  2,354.98 62,552.42 8.46
TABLE 1

Homeless count and community covariates of New York City CoC (NY-600), including
all five burroughs of New York City.

Observe in Figure 1 that as both ZRI (as a percentage of median in-
come) and the rate of extreme poverty increase, the estimated log odds of
homelessness generally increases as well; however, this is not universally true.
In Figure la, observe that the data strands for the Cook County (IL) CoC
and the Cambridge (MA) CoC exhibit very different associations with ZRI
/ Median Income. A single linear model is too rigid to realistically explain
the disparate associations; however, the CoC-level data sequences are only 7
years long, and inference on local model parameters characterizing the indi-
vidual relationships visualized in Figure 1a may not be robust. To overcome
this data scarcity at the CoC-level and facilitate robust inference, we pool
observations in a cluster of CoCs sharing a similar relationship. The GAM-
smoothings of the log odds ratios in Figures la and 1b illustrate nonlinear
increases in homeless rates associated with increases in ZRI/median income
and rates of extreme poverty.
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Fig 1: Imputed log odds of homelessness plotted against ZRI as a percentage
of income (left) and rates of extreme poverty (right). The highlighted data
are from the Cambridge (MA) CoC and the Cook County (IL) CoC, and the
line segments through the MA-509 and IL-511 highlighted data correspond
to ordinary least squares model fits. The solid lines spanning the full range
of the x-axes in both figures present Generalized Additive Model (GAM)-
smoothings of the CoC-level log odds.

3. A Bayesian nonparametric model for homeless counts. The
novel modeling contribution of the study is a Bayesian nonparametric regres-
sion framework based on the Ewens-Pitman attraction (EPA) distribution
(Dahl et al., 2017), which we call EPA regression. The EPA distribution is
a prior over the space of CoC-partitions, and it is indexed by pairwise sim-
ilarity of CoCs themselves. Unlike the partition distribution implied by the
Dirichlet process prior (Ferguson, 1973) where data is modeled as exchange-
able, the EPA distribution models dependence in cluster assignments based
on covariates of CoCs. It assigns higher probability to partitions where CoCs
with similar levels of housing affordability and extreme poverty belong to
the same cluster. Before introducing the modeling innovation in Section 3.2,
we first discuss our strategy for modeling the unobserved homeless rate in a
community given the HUD-reported PIT counts and our noisy estimates of
CoC-level total populations.

3.1. Modeling homeless rates as latent varitables. Modeling homeless
rates requires some care, as several data quality challenges prevent simply
dividing PIT counts in a given year by the total CoC population. Hopper
et al. (2008) provide evidence that street counts do not fully reflect the size
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of the homeless population in a community. This systematic undercount
of homeless populations artificially lowers homeless rates and necessitates
modeling the mechanism by which individuals are excluded from PIT counts.
Uncertainty in the size of the homeless population is one aspect of the data
quality challenge. Uncertainty in the total population of each CoC is a second
aspect. While we observe the ACS 5-year estimates of total population at
the tract level, tract populations are aggregated to form a noisy estimate
at the CoC level. At both the tract and CoC level, the total population is
not exactly known. Modeling noise in the numerator and denominator of
a rate calculation allows for a more complete accounting of uncertainty in
homeless rates.

To address these data quality challenges, we adopt the modeling frame-
work proposed by Glynn and Fox (2019) and treat unobserved homeless rates
as latent variables in a hierarchical Bayesian statistical model. The hierar-
chical model has three levels: (i) a component model for the total population
of CoC i in year ¢, denoted N;y; (ii) a component model for the unobserved
total homeless population, denoted H;¢; and (iii) a component model for
the counted number of homeless, denoted C;;. In this hierarchical model,
uncertainty in N;; and H;; propagate to estimates of the latent homeless
rate, denoted p; ;. We summarize critical components of the Glynn and Fox
framework here.

Total Population. The total population of CoC i in year t is modeled
with a Poisson random variable,

(3]_) Ni,tp‘i,t ~ POZ'SSOH()\Z',t).

The expected total population in year ¢, A; ¢, is further modeled over time in
a way that admits a forward filtering backward sampling algorithm to infer
Ait from the ACS 5-year estimates from 2011-2017. We refer the reader to
Glynn and Fox (2019) for a discussion of prior distributions for \;;, which
are not the core focus of the current study.

Total homeless population. The total number of homeless H; ; is a small
subpopulation of the CoC'’s total population. To model the size of the home-
less subpopulation conditional on the total population of the CoC, a bino-
mial thinning step is employed,

(3.2) Hi4|Ni, pit ~ Binomial(Njz, pit).

While H;; is modeled as a latent variable given N; 4, it is important to note
that H;; itself is not directly observed. We treat H;; as missing data and
impute it as part of our model fitting procedure. The homeless rate, p;;, is
the focus of Section 3.2.
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Homeless count. The counted number of homeless, a quantity less than
or equal to H; ¢, is modeled as a conditionally binomial random variable

(3.3) Cit|Hiz, miy ~ Binomial(H;y, ;).

The parameter 7;; € [0, 1] is the probability that a person who is homeless
will be counted as homeless. We adopt priors for m;; utilized by Glynn
and Fox (2019) to carry out our analysis. As H;; is not observed, it is not
possible to learn m; ;. We view m;; as a nuisance parameter and integrate
over it so that the marginal model C; ;|H;; is beta-binomial distributed. The
methodological novelty is presented in Section 3.2.

3.2. EPA regression model for p;;. The primary modeling innovation
of the study is a mixture model for p; ; based on the EPA distribution. As
outlined in 3.2, homeless rate p; ; is the unobserved probability of homeless-
ness in a Bayesian logistic regression. We transform p; ; to the real line with
a logit transformation

Pit

— Digt

(3.4) it =log <1 ) = F/Bit + X ,10i + €z, eir ~ N(0,07,).
The log odds of homelessness in CoC i in year ¢, denoted 1); ¢, is modeled as
the composition of a dynamic latent factor F}3;; and the regression X{7t¢i.
We discuss each in turn.

EPA Regression X z(,tﬁbi- The p x 1 vector X;; is a set of community-level
predictors and ¢; is a p x 1 vector of regression coefficients. Our modeling
objective is to induce a shared parameter vector across all CoCs in the same
cluster. To achieve this objective, we reparameterize the collection ¢1, ..., ¢,
by the partition m, = {S1,...,S5;,} and shared cluster-level coefficients
é = (¢,... , &g, ). The partition 7, splits the CoC index set {1,...,n}
into ¢, mutually exclusive and non-empty subsets S1,...,S5,,. When index
1 € Sk, we say that CoC 7 belongs to cluster k and define cluster membership
variable Z; = k. The regression vector ¢; is then constructed from the set of
unique p x 1 vectors ¢ = {f1,... ,(;;qn} so that

qn
(3.5) oi = Z Skliz,=ky
k=1

where each b is independently drawn from a p-dimensional Normal distri-
bution, ¢ ~ N (o, Xo). Hyperparameter choices for 1y and ¥ are discussed
in Section 3.3.
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In this study, we include a leading one in covariate vector X;; (e.g.,
Xit = [1 ZRI; /MedianIncome; ¢ E:):tPovertyi,t]/). The leading one re-
sults in a shared cluster-level intercept or expected rate of homelessness. One
way of interpreting the cluster-level intercept is as the baseline homeless rate
in a particular group of communities, an important metric for policymakers.

The model for inducing shared parameters in clusters of CoCs is com-
pleted by an EPA prior distribution over all possible partitions of CoCs. The
EPA prior distribution for the partition of CoCs, p(m,|«, d, f,w), is indexed
by a concentration parameter « (similar to the Dirichlet process), a discount
parameter § € [0, 1), and similarity function f. The EPA distribution, which
depends on the sequence in which CoCs are assigned to clusters and thus
not exchangable, is also indexed by a permutation of CoC indices denoted
w = (wi,...,wn).

Cluster assignment probabilities depend on CoC covariates through
similarity function f. The similarity function f : R® — (0,1] maps dis-
tance between CoCs in covariate space to the unit interval, quantifying the
pairwise similarity between two CoCs,

(3'6) f(ij,Ta Xwi,T) = eXp{_THij,T - Xwi,TH2}‘

CoCs w; and w; with identical covariates will have a similarity of one. If
their covariates are far apart in R3, the similarity will be closer to zero.
Decay in similarity is governed by temperature 7, a hyperparameter chosen
by the modeler. In this analysis, we let 7 = 0.35 so that two CoCs w;
and w; with || Xy, 7 — X, 7ll2 = 10 are quite different, with similarity of
f(Xw,; 1, Xw, 1) = 0.03. For example, two CoCs that have the same level of
extreme poverty but housing affordability measures that differ by 10% have
very little similarity between them and a higher prior probability of being
in different clusters. As 7 increases, the probability that all members of a
cluster are located near each other in predictor space increases as well. We
find that our results are robust to the choice of 7.

The probability mass function p(m,|a, d, f,w) is constructed from the
sequential product of conditional probabilities

(37) p(7rn|a, 57 f7 UJ) = pr(av 57 f7 7'r((*‘)lv cee ,CUg_l),
/=1

where pi(a, 9, f, o) = 1. For £ > 1, py(a, 0, f, w(w1,...,we—1)) is the prob-
ability that CoC wy is assigned to cluster k given the previous assignments
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of CoCs w1, ...,ws_1, parameters « and §, and similarity function f.
(3.8)  pe(e,0, f,w(wi,...,we—1)) = Pr(Z,, = kl|a, 6, f,mw(wi,...,we—1))
> fXepriXes,T)

K—l—éq — {ws: Zws—k}
( a+£fll) yfork=1,...,q1
Z f( wp, Ty ws, T)

(3.9) =

a+68ge—1
a+l—1

for k =0 (e.g., a new cluster)

where ¢y_1 is the number of clusters (subsets) in the partition of the first
¢ —1 CoCs, m(wi,...,wpr—1). Note that the probability of assignment de-
pends on the order in which the CoCs are assigned. We address this non-
exchangeability issue by utilizing a prior distribution for permutations and
numerically integrating over all possible permutations in our MCMC al-
gorithm (see Section 4), resulting in a joint posterior distribution that is
invariant to the ordering of the CoCs. Following Dahl et al. (2017), we use
a uniform prior distribution so that p(w) = % for all permutations.
The EPA distribution depends on the ratio of similarities

{ Z } f(XWg,Ta XwS7T)
wé'ZwS:k;

Z f( we, T ws,T)

The numerator is the sum of similarity between CoC wy and all other CoCs
assigned to cluster k. The denominator is the total sum of similarity across all
previously assigned £ —1 CoCs. Taken together, the ratio is the proportional
attraction of CoC wy to cluster k. By fixing § = 0, the cluster assignment
process is a modified Chinese Restaurant Process. In fact, if the similarity
function is constant (e.g., f(Xu, 7, Xw,7) =1 ) and § = 0, then the EPA
distribution simplifies to the partition distribution implied by the Dirichlet
process. See Section 4.1 of Dahl et al. (2017). For this reason, we fix § = 0
and interpret the induced prior distribution for the collection (¢1, ..., ¢,) as
a stochastic process prior that is similar to the Dirichlet process but — due
to the EPA distribution over m,, — tilts a CoC’s random cluster assignment
towards a cluster where other members share similar covariates.

Innovation variance ai The number of clusters g, is significantly im-

pacted by the choice of innovation variance 02 in 3.4. If the innovation

variance is small, the variation of log odds around a particular regression
line is tight, and many clusters are needed to explain variation in the n = 381
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CoCs. As the innovation variance O'i, increases, larger deviations in homeless

rates from the cluster-level regressioﬁ fit are expected, and fewer clusters are
needed. We model each O'ii with an inverse gamma (IG) distribution, allow-
ing the data to appropriately inform the innovation variance and number of
clusters.

(3.10) o3, ~ IG(ay, by)

A consequence of this model choice for U2Z_ is that conditional on the
latent factor f;; and ¢;, the log odds of homelessness p(1;|Bis, ¢i) =
fooo P(Vitl Bit, Pis O’ii )p(aii)daii is t-distributed. The heavy tails of 1; ¢|5; ¢, ¢i
allow for CoC-specific variation in homeless rates and a regression model that
is robust to outlier homeless counts driven by idiosyncratic local events.

Dynamic latent factor B;;. The EPA regression coefficient ¢; models
variation in 1;; associated with predictors X;;; however, there are many
covariates of a community that are either excluded from X;; or not directly
observed. To account for these unobserved local covariates, we include a
CoC-level dynamic latent factor F}f;;, allowing for small departures from
the cluster-level regression that may be due to local policies, cultural atti-
tudes toward homelessness, affordable housing initiatives, and many other
difficult to observe local factors. The F3;; term reflects whether the envi-
ronment in CoC 4 contributes to or reduces homelessness beyond the level
associated with predictors X;; in a specific cluster. To account for tempo-
ral trends in these latent factors at the CoC-level, we model §;; with a
two-dimensional state-space model

(3.11) Bit = ABit—1 + wig, wj g ~ N (0, W).

The dynamic latent factor model in 3.11 makes two important contributions:
first, the 2 x 1 f3;; vector provides a mechanism to include (in aggregate)
the unobserved community features that are excluded from X;;; second, it
allows for temporal trends in homeless rates that are not well explained by
predictors X; ;. The locally linear trend model for 3; ; is achieved by choosing
11

A= [O J and F] = [1 0]. See West and Harrison (1997) for more detail
on dynamic model structures.

3.3. Prior choices. Prior distributions for (@70,04,03%) and hyperpa-
rameters pg and g in the base measure for ¢; are chosen by matching the
first two moments of the implied prior distribution of ;9 to the empiri-
cal distribution for the log odds of homelessness computed from 2010 data.
Since the data used in our analysis begins in 2011, we use data from 2010 to
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inform priors. The empirical distribution of log odds of homelessness in 2010
is unimodal and symmetric with sample mean —6.24 and sample variance
0.69 (see Figure 2a). The expectation of v; g, computed by taking the expec-
tation of 3.4, is E[1h; 0] = F} oE[Bi0]+ X{ o E[¢:]. We choose E[B; 0] = [0 0]’
to encode our prior belief that the expected homeless rate in a community
is the cluster-level contribution from CoC-predictors, E[y);o] = X| (E[d].
The choice of E[¢;] is akin to choosing mean pg. In Section 3.2, we noted
that the cluster-level intercept may be interpreted as the baseline rate of
homelessness in a community. Thus, we utilize PIT counts from 2010 on
chronic homelessness to inform the first element u(()l) = —8.28. Remaining
elements of pg are chosen so that the difference between the sample mean in
2010 and uél) is divided evenly across coefficients for housing affordability

_ _, @
and extreme poverty, and ,u((]Z) = ué3) = 0.2~ 4y . When we include

FE(G )
CoC data on housing affordability, X(?), and the rate of extreme poverty,
X®), we compute pf, = [-8.28 0.061 0.061].

With the means of prior distributions chosen so that E[t); ] matches
the sample mean in the 2010 data, we follow a similar strategy in choosing
prior variances. The objective is to compose Var(;) from contributions
that are consistent with the modeler’s uncertainty in each parameter. The
variance Var(1;0) may be decomposed with an application of the law of
total variance,

(3.12)  Var(¢io) = E[Var(iiolBio, di,05,)] + Var(Ebiol Bio, ¢i,00,])
(3.13) = E[Uii] + F oVar(Bio)Fio + X oVar(¢:) Xio.

We begin by fixing the latent factor covariance matrix Var(Bio) =
diag(0.1,1 x 1079), which allows for meaningful systematic (as opposed to
idiosyncratic) deviations in a community’s homeless rate from the homeless
rate of the cluster. The variance of ¢;, denoted by Y, is chosen to encode the
belief that our most uncertain component is the intercept, the baseline rate of
homelessness. We fix ¥ = diag(0.4,0.0002,0.0002). The choice of 0.0002 for
the variance of coeflicients associated with housing affordability and poverty
encodes a strong prior belief that these parameters are positive, but it does
not rule out a negative association, as illustrated in Figure 2b, where the
posterior for the housing affordability coefficient concentrates on negative
values in one of the clusters. The remaining variance component is aii ~
IG(3,0.1), which puts a diffuse prior on observational noise in homeless
rates — encoding a belief that in some CoCs, the homeless rate is close to
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Fig 2: Left: The empirical distribution of log odds of homelessness in 2010
and the implied prior distribution for ;¢. Right: the prior and posterior

distributions for &l(f), the parameter associated with housing affordability.

the regression fit, while in other CoCs, the rate fluctuates significantly due
to random local factors. Dahl et al. (2017) note the relationship between
« and the concentration parameter in the Dirichlet process, and we follow
Escobar and West (1995) in utilizing the conventional oo ~ Ga(1,1) prior
distribution. We note that prior choices for Var(f;0), o and Ufbi impact
the inferred number of clusters. By choosing relatively diffuse priors for
each, we give the data a significant role in informing the number of clusters.
The marginal prior for ;o is illustrated in Figure 2a. Observe that the
induced prior for 1; ¢ is slightly more diffuse than the empirical distribution
of log odds in 2010, providing for the possibility that homeless rates in CoCs
nationwide are actually more variable than was observed in 2010 alone.

4. Markov Chain Monte Carlo. Our objective is to sample from
the posterior distribution

(4.1) (@, Z1ny Brn 1w Nin1:r, Cron17)-

Our computational strategy is to condition on observations N;; and C;;
while numerically integrating each Jii, latent variables H;; and 1); ¢, and
concentration parameter « from the joint posterior. Importantly, we also in-
tegrate over the permutation w so that the posterior distribution is invariant
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to the order in which we assign CoCs in the EPA partitioning.

(@, Z1ns Brna:r| Nimaor, Cronir)
= /p(wlzn,lcTa Hl:ml:T; O"?z;,l;nv a,w,. ..
ve (57 Zl:ny 61:n71:T7 ‘len,lzTa Cl:n,l:T)dHl:n7lszwlzn,lszo—?/;’l;ndadw-

The computational scheme is a parameter expanded Gibbs sampler:
to integrate over v;; in the logistic model, we utilize Pélya-Gamma data
augmentation (Polson et al., 2013); to draw latent factor sequence S, 1.1, we
rely on forward filtering and backward sampling (FFBS); to sample w, ¢
and Z, we use the Gibbs steps of Dahl et al. (2017). The MCMC algorithm
is initialized by sampling from the posterior when (¢1,...,¢,) is modeled
with a Dirichlet process mixture model (e.g., when f(X;, X;) = 1) using the
standard MCMC algorithms of Neal (2000). We run our MCMC algorithm
for 20,000 iterations and discard the first 10,000 as a burn-in.

4.1. Sampling steps. There are nine different sampling steps required
in the MCMC algorithm. Step 1 is for latent variable H; ;. Step 2 samples a
Pélya-Gamma auxiliary variable ¢ (Polson et al., 2013). Conditional on ¢; ¢,
we sample the log odds of homelessness 1); ; in Step 3. Given the sequence of
log odds draws v; 1.7 and draws ér and Z; = k, we sample the latent factor
sequence ;1.7 utilizing FFBS. Step 5 updates the innovation variance aii
by sampling from an inverse gamma full conditional distribution. Step 6 up-
dates the concentration parameter o by sampling from a mixture of Gamma
distributions (Escobar and West, 1995). Step 7, Step 8, and Step 9 are from

the EPA sampling algorithm of Dahl et al. (2017).

1. For each i,t, sample the total number of people experiencing home-
lessness in metro ¢ and year t, H;;, from a discrete distribution with
support [C; ¢, N;+]. The probability mass for each possible value is

P(H;t|Nit, City ity ity big) o<
I'(Hix+1) I'(Cit+ai)T(Hip — Cig + biy)
F(C@t + 1)F(Hz‘,t — Ci,t + 1) F(Hm + a; + bi,t)

P(aiz + biy) <Nit> H; (Nie—Hi )
X —2 ) i, 1_ ; it i)
P(aivt)r(bi,t) H’i,t Z7t ( p ’t)

Sampling H;; depends on prior beliefs about count accuracy m;; ~
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Beta(a;t, b;t) in 3.3. We follow Glynn and Fox (2019) and specify

0.95 x ngleltered +0.6 x C}%nsheltered

E it] = )
i Cio

Var(m ;) = 0.0015,

and compute

i (A= Blmig) Elmig]

02 =g (U DB ),
- Var(miy) a; .

(4.3) bz,t— E[ﬂ'i,tP (E[Wi,t] +az,t> .

. For each i,t, sample the auxiliary Pdlya-Gamma random variates to

augment the total homeless variable, (; | N;+, Vi ~ PG(Nj¢,it).

. For each i,t, sample the normally distributed

VialCity Nig, Hig, Zi = k, o, 03,

—1 —1
1 N; 1 ~ 1
~N (Ci,t + 2) (Hi,t - ;’t + poy (5i,t + X{,td’k)) ; <<i,t + 02>

Ty b v;

. For each i, conditional on ;;, Z; = k, and bk, construct Dynamic

Linear Model

(4.4) y;:t = Filﬁi,t + €t
Bii = ABit—1 + wiy,

where y;t = T,bi,t_Xl{7t§5k- Then jointly sample sample 5; 1.7|¢i 1.7, Zi =
k, qgk, aii from a multivariate normal distribution using standard FFBS

computations for Dynamic Linear Models. See West and Harrison
(1997); Carter and Kohn (1994); Fruhwirth-Schnatter (1994).

. For each i, sample the inverse gamma distributed O'?pi |\Z; =k, qz;k, Bi1T, Vi

- \2
~ IG(ay + %, by, + % Zthl <¢i,t = Bit — X{,t%) .

. Sample a|q5 from a mixture of Gamma distributions as in Escobar and

West (1995).

e First, sample gla ~ Be(1,a + 1).

Pg — dn
—pg — n(l-log(g))"

e Compute p,, where 5
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e Sample alg, ¢ ~ p,Ga(l + gn, 1 —log(g)) + (1 — py)Galgn,1 —
log(g))-

7. Update permutation w following the Metropolis-Hastings step of Dahl
et al. (2017). First, propose a new permutation w* by updataing r
randomly chosen elements of the current permutation w. The remain-
ing n — r elements of w* are identical to w. The updated elements
of w* are randomly shuffled, and w* is accepted with probability

min{l, %}. The integer r is chosen so that the accep-

tance probability is &~ 40%, which in our simulations is achieved when
r = 90.

8. For each w;, sample Z,, from the the discrete full conditional distri-
bution over k =0,1,..., ¢y,

p(sz = k‘Z(fwiﬁ a, W, wwi,l:T7 (127)7 U’Z’wi ) ﬁwi,lsT) X

Zw, —k ~
p(ﬂ'n i ‘Oé, (5 = O7w7 f)p(¢wi,1:T|Zwi = k) ¢k7 6Wi715K7O-12/Jwi)'

Note that p(m%wi_%\oz, 0 = 0,w, f) is computed using equation 3.8 for
the partition m{wi%k, which is constructed by assigning CoC w; to
cluster k in the current partition 7,. If k£ = 0 (corresponding to a new
cluster), sample ¢ ~ N(uo,¥0).

9. For each k = 1,...,qy, sample ¢k|lena¢1:n,1:T751:n,1:Ta{O'ii}?zl ~
N(a*, A*), where

-1
o A* = (Eol + Z{i;Zi:k} é Zthl Xi,tX;J)

i

o a" = (A" <261N0 + 2 (i zi=k) % >t X (i — 5z,t))-

4.2. Posterior predictive distributions of homeless rates. Inferred rela-
tionships between homeless rates and CoC-predictors are best summarized
by the posterior predictive distribution of the log odds of homelessness in
a new community with predictor-vector X, ;17 when there are no latent
factors, p(¢n+l,T|ﬁn+1,T = O7Xn+l,T7 Cl:n,l:T7£Vl:n,1:T)- The pOStel"iOI“ pre-
dictive is computed by integrating over Z,.1, ¢, and ainH in the joint dis-
tribution

4.6)  p(Yni1.1s Znt1, P, Uinﬂ |Bni1,r =0, Xnt1,7, Crin, 175 Niim1:7).

We perform this integration numerically and construct samples of the pos-
terior predictive homeless rate in a new CoC according to the following four
step procedure.
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1. For the m** MCMC iteration, sample cluster assignment ZT(JZ)I for a

new CoC according to the model implied probability mass function

47) Pr(ZU = ko™ 5 =0, f,w(@{™, ... ,wi™))

n

> F(Xng1,7:Xws,1)
s Zwg =k
(ss) 5 o= 1
21 f(Xng1,17.Xw,,1)

(4.8) =

alm)
a(m)+n

for k =0 (e.g., a new cluster) .
(m)
2. Sample (O‘w > ~ IG(ay, by).
3. 2" = kfork=1,...,q™, sample ) ~ N (X’HTgb : (Uim) )
If Z1(1+)1 = 0, first draw <Z~>gm) ~ N(po,%p) and then sample zp

N( Xty (%n+1>(m)>'
(m)

4. Transform to the homeless rate with the logistic transformation, p,, ,; =
1

n-l—l

(
1de ¥n+l

While the functional form ¢,417 = X/

nH’Tqu + €p+1,7 is locally linear
in predictor space conditional on Z,41 = k, X,,11 7, and gZ;k, the marginal
predictive distribution of 1,1 7 is not necessarily linear as X,, 1 7 changes.
Since cluster assignment prior probabilities depend on covariates, Z, 41 may
also change as X, 41 7 changes, and 1,417 may exhibit nonlinear form as
a function of X, ;7. This flexible functional form allows us to to iden-
tify structural changes in the relationship between homeless rates and CoC
covariates, a main objective of the analysis.

The temperature 7 in 3.6 controls the degree to which information is
borrowed across predictor space when computing the posterior predictive.
When predicting the homeless rate in a new metropolitan area, it makes
sense to rely heavily on data from other big metropolitan areas rather than
giving equal weight to data from rural CoCs. This common sense objective
requires that pairwise similarity between CoCs rapidly decay in X, neces-
sitating larger values of 7. A consequence of choosing 7 = 0.35 is that the
posterior predictive distribution of the homeless rate in a new community

pn+1,T|/8n+1,T = 07 Xn—l—l,Ta C'1:n,1:T7 Nl:n,l:T

is heavily informed by data from CoCs that are close neighbors in predictor
space. We believe this an important feature of our model.
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5. Results. There are three main findings of our study: (i) there is
a sequence of inflection points when ZRI is between 30-34% of median in-
come — during which the expected homeless rate in a community sharply
increases; (ii) we identify six different clusters of CoC’s that exhibit distinct
geographic patterns; and (iii) unobserved factors in a CoC beyond poverty
and housing affordability contribute meaningfully to increases (decreases) in
homeless rates over time. In Section 5.1, we illustrate the complex associa-
tions between homeless rates, housing affordability, and extreme poverty. In
Section 5.2, we present findings from our cluster analysis. In Section 5.3, we
examine the net contribution of additional unobserved factors to the overall
homeless rate — allowing us to identify temporal trends in homeless rates
that are not explained by housing affordability or poverty.

5.1. Inflection points in CoC-predictors. A primary objective of this
analysis is to identify levels of housing affordability and extreme poverty
which, once exceeded, predict significant increases in homeless rates. Identi-
fying these inflection points can help communities prepare for rapid growth
in homeless populations. In Figure 3, we summarize the relationship between
homeless rates, housing affordability, and extreme poverty with the posterior
predictive distribution computed in Section 4.2. The posterior predictive is a
two-dimensional surface for the homeless rate over housing affordability and
extreme poverty values. Observe in Figure 3a that the 2-dimensional surface
is nonlinear as a function of housing affordability and exhibits a roughly lin-
ear increase with extreme poverty. The EPA prior distribution is critical to
our local regression framework in which communities with similar covariates
share regression parameters, and it naturally includes interactions between
housing affordability and extreme poverty through covariate-dependent clus-
tering. This local learning is clear in Figure 3b, which presents estimated
homeless rates from each of the 381 communities from 2011-2017 and their
respective cluster assignments. Observe that (i) three major clusters occupy
distinct regions of predictor space and (ii) the surface is composed of esti-
mates that are local in predictor space. We will discuss the cluster structure
in greater detail in Section 5.2.

In Figure 4, we present cross sections of the surface in Figure 3 at the
sample average of both predictors. In Figure 4a, we predict the homeless
rate as a function of housing affordability when extreme poverty is 7%,
approximately the sample average. For example, we expect a homeless rate
of ~ 0.40% (y-axis) in a community where rental costs consume 40% (x-axis)
of median income and extreme poverty is on par with the national average.
San Diego is an example of a community with these characteristics. In 2017,
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Fig 3: Left: The expected homeless rate from the posterior predictive distri-
bution, E[pn+1,7|Cim 1.7, Ni:n,1.7]. Right: The estimated homeless rates for
each of the 381 communities from 2011-2017 communities superimposed on
the expected homeless rate surface. The cluster assignments illustrate local
learning in predictor space.

the extreme poverty rate in San Diego was 6.25% and ZRI consumed 39.28%
of median income. The estimated homeless rate in San Diego in 2017 was
0.36% — right in the middle of the predicted range.

To identify inflection points in housing affordability, we numerically
evaluate the second derivative of p(z«) := E[pn+1,7/Cin 1.7, Nim,1:7) for co-
variate vector X/, = [1 Ty 7] . To estimate the location of inflection points,
we compute the posterior probability that the second derivative p”(x,) ex-
ceeds threshold «, corresponding to structural changes in the slope of p(x.).
This probability is computed with posterior samples in equation 5.1.

M
1
1 ~
(51) P (p (ﬂj*) > K/) ~ M Z :H-{ﬁ(nL)(w*Jrh)iQﬁ(m)(x*)Jrﬁ(m)(x*,h) >I€}

m=1 h2

We classify z, as an inflection point if the probability that (p”(z.) > k)
exceeds 0.5. When we apply this procedure with £ > 0.00125 and h = 10,
a series of likely inflection points emerge from 30-34%, with 32% being the
most likely (see Figure 4b). In Figure 4a, we have marked the 30-34% region
with a shaded orange uncertainty interval. Observe that when ZRI as a
percent of median income is between 18-30%, the rate of increase in the
expected homeless rate is not nearly as sharp as the rate of increase from
34 - 50%. A clear structural change occurs in this 30-34% range, which is
particularly noteworthy because the U.S. government defines a housing cost
burden when a family spends more than 30% of its household income on
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Fig 4: Cross-sections from the homeless rate surface. Left: Posterior predic-
tive distribution for homeless rates as ZRI/median income increases when
extreme poverty is 7%. The shaded intervals illustrate the 90% predictive
uncertainty intervals, and the dashed line represents the benchmark case in
which the naive homeless rate (p%“we = C;1/N;y) is used for the analysis.
The shaded orange region denotes the 30-34% region where inflection points
are likely. Middle: Posterior probability of inflection points in the expected
homeless rate as a function of housing affordability. Right: Posterior pre-
dictive distribution for the homeless rate as a function of extreme poverty
when housing affordability is 28%. The shaded intervals illustrate the 90%
predictive uncertainty intervals, and the dashed line represents the bench-
mark case in which the naive homeless rate (pf-\ft‘“'”e = Cjt/N;y) is used for
the analysis.

housing costs (HUD, 2018). When families become acutely cost burdened,
we find that the expected homeless rate sharply increases.

In Figure 4c, we present the cross section of the predicted homeless
rate as a function of extreme poverty for a community where ZRI is 28% of
income, the sample average. The predictor vector is X, = [1 28 x*] We
interpret Figure 4c as following: the expected homeless rate is 0.20% (y-axis)
in a community where 8% (x-axis) of the population lives in extreme poverty
and relative housing costs are on par with the national average. The 90%
predictive interval ranges from 0.07% to more than 0.6%. In Albuquerque,
NM (8.1% in extreme poverty, 28.1% for ZRI/median income) we estimate
that in 2017 the homeless rate was 0.32% — again within the predicted
range. Observe in Figure 4c that the relationship between homeless rates
and extreme poverty is characterized by a single line. There are no estimated
inflection points in the rate of extreme poverty, as the slope of the line is
uniform.
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To benchmark the homeless rate model in Section 3 against the stan-
dard method for calculating homeless rates, we computed the posterior pre-
dictive distribution in Figures 4a and 4c using the naive homeless rate,
pﬁawe = C;+/N;+. The naive homeless rate is the current standard in both
academic research (see e.g. Byrne et al. (2013)) and policy analysis, and it is

currently used by HUD in its Annual Homeless Assessment Report (AHAR)

Naive

. N pZ
to Congress. In equation 3.4, we let 1/}%‘””6 = log NW . Our com-

—p¥;
parison analysis ignores the underlying count data and two-stage binomial
thinning model in equations 3.2 and 3.3 and assumes that the homeless rates
are directly observed. The dashed lines in Figures 4a and 4c illustrate the
naive homeless rate as a function of both housing affordability and extreme
poverty. Observe that the functional form in the naive estimates is nearly
identical to the homeless rates estimated in our full model, with the dif-
ference being the naive homeless rates are less than the implied rates from
our model. This is expected since our full model accounts for the imperfect
accuracy in HUD’s point-in-time count data, following the method of Glynn
and Fox (2019).

5.2. Clusters of CoCs. There is significant interest from a policy per-
spective in identifying a peer group of CoCs likely to benefit from the same
type of intervention. To form these peer groups, we identify frequent co-
occurences of CoCs ¢ and j in the same cluster and compute a pairwise
similarity matrix from MCMC samples of Z; and Z;. Based on the poste-
rior probability of CoCs i and j sharing a cluster, we utilize the adjusted
Rand index of Fritsch and Ickstadt (2009) to compute a point estimate of
the partition 7r3gi.

We find six different clusters; however, most CoCs (373 of 381) are
assigned to clusters one, two, and three. Observe in Table 2 that, of the first
three clusters, cluster one has (on average) the lowest homeless rate (0.09%),
the most affordable housing (25.51%) and the lowest rate of extreme poverty
(5.91%). Of clusters one through three, cluster three has (on average) the
highest homeless rate (0.65%), the least affordable housing (37.41%), and
the highest rate of extreme poverty (7.30%). The largest cluster — both by
number of CoCs and by population — is cluster two, which is home to 50.16%
of the U.S. population. While only 13.85% of the total U.S. population lives
in cluster three, it contains 45.76% of the homeless included in the 2017 PIT
counts.

Although the model contains no specific mechanism for spatial pat-
terns in homeless rates, there is clear spatial structure in our cluster as-
signments. Observe in Figure 5 that cluster one is common in the Mid-
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Cluster 1 2 3 4 5 6
Size (# of CoCs 135 190 48 6 1 1
Share of Total Pop (%) 3443 50.16 13.85 1.10 0.32 0.14
Share of PIT Count (%) 13.46 40.20 45.76 0.19 0.16  0.23
Homeless Rate (% 0.09 019 065 004 0.09 0.36

(

(

25.51 28.41 37.41 26.78 22.71 32.17

5.91 6.76 7.30 7.11 4.38 5.22

TABLE 2

Cluster characteristics in EPA partitioning: The Share of Total Pop (%) and Share of
PIT Count (%) are the percentage of the total US population and HUD counted number
of homeless in each cluster in 2017. Homeless Rate (%) is the mean estimated homeless
rate. Affordability is the cluster-level mean of ZRI as a percentage of median income, and

poverty is the cluster-level mean of the extreme poverty rate.

NN N AN AN

west, Mid-Atlantic, and parts of the South. Most of New England, Georgia,
Florida, the mountain west and southwest United States are assigned to
cluster two. Cluster three occupies much of the west coast — including San
Francisco, Portland (OR), and Seattle — as well as eastern metropolitan areas
in Boston, New York City, Washington, D.C., and Atlanta. The communities
in cluster three, with ZRI at 37.4% of median income on average, are well
above the inflection point range of 30-34% identified in Section 5.1. Figure 5
is a data-driven confirmation of observations made by homeless coordinators
and policy makers around the country: while homeless counts are generally
falling in most parts of the United States, there are pockets on both coast
where states of emergency have been declared to combat homeless crises.

Clusters
I
2
I
e
(-] 5
s

Fig 5: Map of clusters in the continental United States (left) and the north-
east corridor (right) from Washington, D.C. to Boston, MA. Clusters exhibit
strong spatial structure.

Clusters four through six correspond to CoCs that are relatively unique.
Cluster four has six members in the south, midwest, and upstate New York
— the Southeast Arkansas, Central Tennessee, South Central Illinois, Dear-
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born/Wayne County (Michigan), Frankin County (New York), and Bing-
hamtom (New York) CoCs (see Figure 5). In these communities, the average
homeless rate is very low (0.04%) considering the average rate of extreme
poverty (7.11%). The sole member of cluster five is Raleigh/Wake County,
North Carolina, which has a low homeless rate, very affordable housing,
and low poverty rates (see Table 2). The sole member of cluster six is the
Vallejo/Solano County CoC in the San Francisco Bay area, which stands out
for its relatively high homeless rate despite low poverty rates. The Vallejo /
Solano County CoC has a particularly strong association between the home-
less rate and worsening housing affordability.

5.3. CoC-level latent factors. There are many dimensions of a commu-
nity. Poverty and housing affordability, while important covariates of a CoC,
may not adequately explain variation in homeless rates — particularly in the
presence of policy interventions aimed at reducing homelessness. To account
for the many unobserved contributors to homelessness in a community, we in-
clude community-level dynamic latent factors 3; 1.7 in our statistical model.
We interpret F}B3; +|C1.n.1:7, Nim1:7, as the deviation of the homeless rate in
CoC i from the rate expected of CoCs with similar covariates in the same
cluster. Recall from Section 3.2 that F] = [1 O].

The Atlanta Continuum of Care provides an illustrative example of the
role that latent factors play in our analysis. Atlanta, a member of cluster
three in Section 5.2, has a particularly high homeless rate (0.94%) for a
CoC with housing costs at 31% of median income in 2017. Relative to peer
CoCs in cluster three with similar housing costs, the homeless rate in At-
lanta is significantly higher than expected (see Figure 6a). While the high
homeless rate in Atlanta is partly explained by the fact that 11.5% of the
population lives in extreme poverty, poverty and housing costs are an in-
complete accounting of the factors at play. Observe in Figure 6a that the
estimated homeless rates in 2011-2017 (squares) are significantly higher than
the homeless rates predicted by housing affordability and extreme poverty
alone (diamonds). The underprediction indicates that other factors are con-
tributing to homelessness, which we model with the latent factor ; ;. Since
latent factors in Atlanta are adding to the homeless rate beyond the rate
expected of peers in cluster three with similar covariates, the posterior distri-
bution F}S; 7|Cim 1.1, Nimm,1.7 concentrates on positive values (Figure 6b).
We interpret Figure 6b as the percent increase in the predicted homeless

rate from a model that includes F3; ; compared to the predicted rate when
1+exp{—X§yt¢i} B 1)

1t+exp{—F]Bi,:—X] ;#:} )

The negative trend observed in Figure 6b also helps explain why the home-

F!Bi+ = 0, expressed mathematically as 100 x (
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Fig 6: Atlanta Continuum of Care (GA-500). Left: Model fit for the homeless
rate including latent factors (squares); the model fit for the homeless rate
excluding latent factors (diamonds); and the homeless rates of other CoCs
in cluster three (circles). Right: Posterior distribution for the percentage
increase in the homeless rate associated with latent factors in Atlanta from
2011-2017.

less rate in Atlanta has fallen over the years 2011 to 2017, despite the fact
that housing affordability has deteriorated from 27% of income in 2011 to
31% in 2017. The important takeaway is that some combination of factors
in Atlanta beyond housing affordability and poverty are contributing to this
lowered homeless rate, and we estimate this net factor for each CoC with
the the posterior F}S; |C1.n.1.7, Nim,1:7- The latent factor distribution over
time provides a mechanism to evaluate the CoC’s changing environment for
homelessness — including policy interventions.

6. Discussion. In this paper, we present a Bayesian nonparametric
model of community-level homeless rates. The EPA regression model shares
information across CoCs where homeless rates are similarly related to co-
variates of a community, and we utilize posterior predictive distributions to
identify structural changes in homeless rates as a function of housing af-
fordability and extreme poverty. A main finding of the analysis is that the
expected homeless rate in a community exhibits a structural change when
ZRI as a percentage of median income is in the 30-34% range, a finding that
statistically connects community-level homelessness and the federal defini-
tion of affordable housing (HUD, 2018). We identify three dominant clusters
of CoCs that exhibit common relationships between homelessness and com-
munity features. Among the three main clusters, the lowest homeless rate,
most affordable housing, and lowest extreme poverty rate are found in clus-
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ter one. Cluster three communities have, on average, the highest homeless
rate, the least affordable housing, and the most poverty.

Our findings extend prior research that examined the overall relation-
ship between community-level factors and homelessness in an important way.
We show that the relationship between homeless rates, housing affordability,
and extreme poverty follow a nonlinear functional form. This stands in con-
trast to prior studies that have almost exclusively assumed the relationship
between such factors and homelessness to be linear. Our relaxation of this
assumption reveals important policy-relevant findings. For example, we find
that maintaining a rent-to-income ratio less than 30% may be an important
target for communities in order to avoid sharp increases in homelessness.

The study also provides new insight into geographic patterns of home-
lessness in the United States. A relatively small number of cities with large
populations (cluster 3) are experiencing surges in homelessness related to
unaffordable housing and extreme poverty. The average housing affordabil-
ity metric is higher in cluster three (37.41%) than the 30-34% region we
identify, which partly explains rapid growth in the homeless populations of
many of these CoCs. Communities in clusters one and two are not nearly
as cost burdened, with average housing affordability measures of 25.5% and
28.4%, respectively. The majority of the United States is less sensitive to
increases in housing costs than the 48 communities in cluster 3. This may
explain why, despite increased homelessness in cluster 3 cities like Los An-
geles, New York, and Seattle, homelessness in the United States as a whole
has declined since the recession of 2008.

Prior research on community-level determinants of homelessness was
motivated by policy considerations, and our study has a number of im-
plications for designing more effective community-level policy and practice
responses to homelessness. First, as noted above, our findings statistically
link homelessness and the HUD guideline of using a rent-to-income ratio
of 30% as a standard measure of affordability. This 30% rule-which has
its origins in the so-called ”Brooke Amendment” to the 1968 Fair Housing
Act—has been criticized as being essentially arbitrary in nature and for its
failure to account for other factors that affect affordability, such as family
size and composition and geographic variation in the cost of other goods and
services besides housing (U.S. Department of Housing and Urban Develop-
ment, 2014). Despite these criticisms, our results suggest broad increases
in housing vulnerability in communities where the rent-to-income ratio ex-
ceeds 30%. While we are unable to assert causality, and it is possible that
the 30-34% finding reflects rather than validates the current HUD guideline,
statistical evidence for wide-spread housing vulnerability as renters become
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increasingly cost burdened is meaningful from a policy perspective.

Second, by identifying inflection points in the relationship between
housing affordability and rates of homelessness, our results serve as an im-
portant first step in developing improved early warning systems for monitor-
ing housing market conditions and forecasting their impact on the demand
for homeless services. The sharp increase in homelessness associated with the
30-34% rent-to-income ratio could be a valuable input into the design and
implementation of such services, and communities (or the federal govern-
ment) could ramp up funding for homelessness prevention initiatives when
communities approach or exceed this 30% threshold in order to help avoid
a sharp increase in homelessness.

Third, by identifying distinct clusters of communities, our findings point
to the potential value of implementing strategically differentiated policy in-
terventions based on community characteristics, which would be a departure
from current approaches. In prior research on the relationship between com-
munity characteristics and rates of homelessness, factors identified as key
drivers of higher (or lower) rates of homelessness may have been subse-
quently used by communities as policy levers to be pulled in their efforts
to address homelessness. However, prior research in this vein operated un-
der the implicit assumption that pulling the same levers with the same
strength and in the same direction will have an identical effect regardless
of the community in question. Our findings suggest that such an assump-
tion is likely to be incorrect, and that communities would be wise to take
a more nuanced approach in how they contend with structural factors in
seeking to reduce homelessness. More concretely, our identification of six
clusters of communities points to the potential need for at least six distinct
approaches for offsetting the respective impact of these factors on home-
lessness in a community. There is recent precedent for implementing policy
responses to homelessness that are tailored to a community’s characteristics.
The U.S. Department of Veterans Affairs operates a homelessness prevention
and rapid re-housing program known as the Supportive Services for Veteran
Families (SSVF) program that, in October 2019, introduced a new shallow-
housing subsidy benefit that would only be available in certain communities
with particularly serious problems of housing affordability (Federal Register,
2019).

Finally, there are widespread problems related to housing affordabil-
ity in the United States. Recent evidence shows that (i) more than 70% of
renter households with incomes under $30,000 per year pay greater than
30% of their income towards rent, and (ii) the share of higher income house-
holds paying greater than 30% of their income towards rent has markedly
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increased over the past decade (Joint Center for Housing Studies of Har-
vard University, 2019). In this context, our findings underscore the broader
need for policy responses to deal with housing affordability challenges, and
point to the potential negative ramifications—in the form of increased rates of
homelessness—of not doing so. New policy ideas to address widespread issues
of affordable housing, such as fully refundable renter tax credits and incen-
tives for communities to change zoning laws to allow for the construction
of more affordable housing, have become key issues in the 2020 Democratic
presidential campaign (Badger, 2019). To the extent that such ideas trans-
late into improved housing affordability at the community-level, our results
suggest that they may have a positive collateral benefit of avoiding sharp
upticks in homelessness.

A limitation of the current study is our use of the CoC as the primary
observational unit. Many CoCs are geographically large, with Rhode Island,
North Dakota, South Dakota, and Wyoming each representing statewide
CoCs. Housing affordability and extreme poverty measures at the CoC-level
may conceal dynamics of local markets, adding to the inference challenge
in some larger CoCs. While we do not know of better nationwide data on
homeless populations, we recognize the challenge of working with PIT counts
to investigate the relationship between homelessness and community covari-
ates. This research augments but is not a substitute for the invaluable local
knowledge of CoC-coordinators and service organizations in addressing the
needs of homeless populations in individual communities.

While the development of EPA regression is motivated by modeling
homeless rates, we believe it may be a useful method in other application
areas, particularly those challenged by data that is sparse in both time and
space. For example, crime, real estate transactions, and onset of rare disease
occur infrequently, and data is scarce at the community level. To estimate
the response surface, it is often necessary to pool data across communi-
ties with starkly different characteristics. EPA regression offers a principled
statistical framework for sharing information across related communities in
many applications, including crime, real estate, and public health.
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