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Efforts to prevent people from becoming
homeless have increased dramatically since
2009, when the federal government distrib-
uted $1.5 billion for the Homeless Prevention
and Rapid Rehousing Program as part of the
American Recovery and Reinvestment Act.1

The National Alliance to End Homelessness
credits this spending with reducing homeless-
ness by 1% between 2009 and 2011,2 when
the economic downturn might otherwise have
led to its burgeoning. Even earlier, 24 of 25
cities surveyed by the US Conference of
Mayors3 had programs to prevent homeless-
ness among families facing eviction. However,
evidence that particular prevention efforts re-
duce homelessness remains sparse.

Burt et al.4 suggested that prevention strat-
egies must be both effective (i.e., they must stop
people from becoming homeless) and efficient
(i.e., they must target help to people who would
become homeless without it). Efficiency—
getting services to the right people—may be
the harder problem. Analysis of the American
Community Survey by the Joint Center for
Housing Studies has shown that 20.2 million
households (18% of all US households) were
severely cost burdened in 2010, paying more
than half of their income for housing. This
figure increased by 6.4 million households in
the decade from 2001 to 2010.5(p27) The
number and percentage of households who
doubled up (shared a housing unit with another
household) increased over the course of the
recession, with 21.8 million households, or
18.3%, doubling up in 2011.6 Yet despite
widespread risk, most households avoid enter-
ing shelter. In this article, we develop a method
for predicting which family households are
most likely to become homeless in the absence
of preventive services.

Practitioners frequently confound good ser-
vices with bad targeting, deeming prevention
successful if participants do not later come to
shelter3; by this criterion, services could be
made to appear even more effective by giving

them only to millionaires. Existing targeting
models are based on the accumulated wisdom
of service providers but often lack empirical
foundation. Many cities use a 1-factor model:
eviction.3 Hennepin County, Minnesota, whose
more sophisticated targeting model for pre-
venting family homelessness has been widely
copied, recently returned to the drawing board
after finding that families given prevention
services differed sharply from families who
became homeless. For example, 40% of pre-
vention recipients, but 94% of homeless fam-
ilies, had incomes less than $1000 per month;
1% versus 33% had a household head aged
younger than 22 years.7

Ensuring that families who receive preven-
tion services resemble families in shelter is also
insufficient. For example, many families in
shelter are headed by single mothers, both
because single-parent families tend to be poor
and because shelters in many jurisdictions
exclude men. Among poor families, however,
those who are single are no more likely to
become homeless8---10 or have repeat epi-
sodes.11,12 Prior case-control studies have
examined predictors of shelter entry for

particular groups,10,13---17 but only a few re-
searchers9,18,19 have examined the adequacy of
the resulting models.

In other fields, a large literature spanning
more than 50 years has suggested that actuar-
ial predictions based on statistical models are
more accurate than professional or clinical
judgments.20,21 More recent reviews have
confirmed the superiority of mechanical
models for prediction in the majority of cases
across medicine, mental health, personality,
and education22,23 but have suggested some-
what more variability. In particular, logically
rather than empirically derived rules are not
necessarily better than clinical judgment,23

which in the domain of homelessness means
that rules for distributing service on the basis of
judgments and experience, rather than empir-
ical models, may not be better than caseworker
judgments in individual cases.

With this study, we helped New York City
develop an empirical targeting model to en-
hance the efficiency of its HomeBase preven-
tion program for families. The program, which
was shown to be effective in experimental and
quasi-experimental evaluations,24,25 provides
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customized services including case manage-
ment, eviction prevention, landlord mediation,
short-term emergency funding, and assistance
in obtaining employment and public benefits to
families at imminent risk of homelessness.

We evaluated the relationship of risk factors
collected from applicants to later shelter entry,
whether some families are too risky to be
helped (so that a triage model might work
better than one that gives services to families at
highest risk), and whether some risk factors are
particularly amenable to services. We devel-
oped a screening instrument the city has begun
to use to target services and evaluated the
efficiency of different models.

METHODS

Our report is based on city records of 11 105
families with incomes less than 200% of the
federal poverty level26 who applied for Home-
Base prevention services from the New York
City Department of Homeless Services between
October 1, 2004, and June 30, 2008. We
followed families through city records for 3
years to determine whether they entered the
family shelter system. Applicants were defined
as families if the household included at least 1
adult and at least 1 child or a pregnant woman.
Workers interviewed applicants about potential
risk factors for homelessness based on previous
studies of risk9,12 and then used their judgment
to determine eligibility for services.

Measures

Predictors of shelter entry came from both
Department of Homeless Services administra-
tive records of past contact with the shelter
system and from intake interviews conducted
by HomeBase workers. Predictors in the do-
mains of demographic variables, human capi-
tal, housing conditions, disability, interpersonal
discord, childhood experiences, and shelter
history by both self-report and administrative
records are shown in Table 1.

Analyses

Variables considered here had an average of
34.7% of values missing. To complete missing
data regarding pregnancy and presence of
young children, the city matched nearly 80%
of applicants in welfare case records. Following
the literature, we imputed the remaining

TABLE 1—Descriptive Data, Adjusted Hazard Ratios, and Confidence Intervals for

Variables Predicting Shelter Entry in Cox Regression (n = 11 105): New York City;

October 1, 2004–June 30, 2008

Predictora
No Shelter (n = 9686),

% or Meanc
Shelter (n = 1149),

% or Meanc HR (95% CI)

Demographics

Female 90.2 93.3 1.281* (1.005, 1.633)

African American 51.9 56.3 1.351 (0.895, 2.040)

Hispanicb 45.5 41.3 1.074 (0.713, 1.619)

English speaker 77.7 86.3 1.099 (0.893, 1.354)

Age, yc 33.7 30.1 0.983*** (0.975, 0.990)

Child aged < 2 y 29.3 37.4 1.138* (1.008, 1.286)

No. of childrenc 1.91 1.97 1.043 (0.995, 1.092)

Pregnant 13.7 19.8 1.242** (1.078, 1.431)

Married or partner 13.7 13.5 1.090 (0.906, 1.311)

Veteran 0.7 0.6 1.119 (0.536, 2.338)

Human capital

High school or GED 55.7 44.7 0.849* (0.749, 0.963)

Currently employed 51.6 43.6 0.812** (0.712, . 926)

Currently receiving public assistance 26.9 37.5 1.297*** (1.131, 1.488)

Lost benefits in past y 14.3 19.9 1.140 (0.964, 1.349)

Housing conditions

Name on lease 38.3 30.0 0.816* (0.677, 0.983)

Overcrowding or discordd 39.2 54.0 1.021 (0.871, 1.196)

Doubled up 47.2 63.6 1.137 (0.934, 1.384)

Eviction threate 55.3 66.1 1.196* (1.039, 1.376)

Rent > 50% income 33.5 28.6 0.925 (0.789, 1.084)

Arrears, $c 1507 1163 1.000 (1.000, 1.000)

Unsafe conditions 9.1 11.3 0.880 (0.714, 1.084)

Level of disrepairc 2.22 2.36 1.020 (0.991, 1.051)

Moves in past yc 0.95 1.27 1.156*** (1.076, 1.241)

Currently receiving subsidy 10.3 8.5 0.851 (0.676, 1.072)

Disability and criminal justice

Chronic health problem or hospitalization 42.2 44.9 1.100 (0.958, 1.262)

Mental illness or hospitalization 12.4 13.9 0.823 (0.665, 1.018)

Substance problem or treatment 7.0 11.2 1.219 (0.953, 1.558)

Criminal justice involvementf 11.9 17.4 1.112 (0.924, 1.338)

Interpersonal discord

Domestic violenceg 24.7 29.3 0.869 (0.729, 1.036)

Legal involvementh 4.9 7.8 0.977 (0.747, 1.277)

Protective services involvementi 8.7 16.1 1.367*** (1.128, 1.658)

Discord ratingc,j 2.26 2.70 1.089*** (1.046, 1.134)

Childhood experiences

Adolescent mother 22.3 33.6 0.947 (0.814, 1.102)

Adversity indexc, k 0.63 1.00 1.147*** (1.077, 1.221)

Shelter history by self-report

Shelter history as adult 24.4 47.0 1.425*** (1.221, 1.664)

Shelter application last 3 mo 3.1 11.0 1.628*** (1.309, 2.024)

Reintegrating into community 6.2 11.5 1.294* (1.056, 1.585)

Continued
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missing data using Stata’s imputation by
chained equations multiple imputation pro-
gram,27,28 including auxiliary variables. We
estimated a predictive model using Cox re-
gression, including all families who did and did
not receive services, as recommended in the
forecasting literature.29 Analyses are based on
50 imputed data sets, with robust standard
errors corrected by Stata version 12 (StataCorp
LP, College Station, TX).

RESULTS

Workers deemed 66.5% of families eligible
for service (excluding those in the wrong
community district or who refused services);
12.8% of families entered shelter over the next
3 years. Table 1 shows the demographic
characteristics and risk factors for families who
did and did not enter shelter for all variables
considered in the Cox regression (before impu-
tation). It also shows the adjusted hazard ratio
and 95% confidence interval (CI) for each pre-
dictor, controlling for all others. The hazard ratio
is the amount by which the rate of shelter entry
is multiplied for people having a characteristic
or the amount by which it is multiplied for each
increment in continuous variables. Analyses
controlled for community of residence.

Consistent with the literature, several vari-
ables were associated with elevated risk of
shelter entry (or reentry), including young age,

being pregnant or having a child aged younger
than 2 years, facing an eviction threat, frequent
moves in the past year, not holding a lease,
childhood adversity or disruptions, current
protective services involvement, and shelter
history.9,12 Self-reported shelter history or re-
cent application was a stronger predictor than
administrative data. Also consistent with the
literature, a number of factors were shown to
have no statistically significant effect, including
self-reported poor building conditions, adoles-
cent motherhood, indicators for mental illness,
substance abuse and health problems, and
history of criminal justice involvement.9,12

Some results diverged from those of past
studies, notably the finding of no effect for
doubling up and receipt of housing subsidies.
Doubling up was positively associated with
interpersonal discord (averaged across the
landlord, leaseholder, and household), which
was a risk factor, and negatively associated with
being a leaseholder, which was protective. The
result for housing subsidies may be a result
of measurement, as a subsidy was recorded only
if the applicant reported the amount as income.
Domestic violence, which did not predict shel-
ter entry here, has had inconsistent relation-
ships to homelessness in past studies.8,9,12,30-36

Alternative Models

The model just described predicts overall
risk of shelter entry among all families who

applied for HomeBase services. If HomeBase is
more effective in combating some risk factors
than others, however, it might make sense to
direct services to families with particular risks.
If some families are at such high risk that
services make no difference, a triage model
might be more efficient. To explore the first
possibility, we reestimated predictive models
separately for families deemed eligible for
services and for families deemed ineligible.
Overall, the 2 models were similar. We con-
ducted post hoc tests for statistical interactions
between eligibility and each of 5 variables for
which services seemed to make the most
difference, that is, for which hazard ratios were
lower for individuals who received services
than for those who did not. These variables
were pregnancy, (lack of) a high school diploma
or general equivalency diploma, eviction,
mental illness, and child protective services.
None of the interactions made significant con-
tributions to the model (P< .05).

To evaluate the possibility that some families
were too vulnerable to help, we examined
shelter entry by risk level for families who were
deemed eligible and ineligible for services.
(We calculated a risk score for each family by
averaging predicted values from the model in
Table 1 across the 50 imputed data sets.)
Figure 1 shows that, ignoring eligibility status,
the probability of shelter entry increased from
1% for families in the lowest decile of risk to
37% for families in the highest decile. Un-
surprisingly, workers were more likely to give
services to families deemed by the model to be
at high rather than low risk; nevertheless,
approximately 50% of families in the bottom
half of the risk distribution were served. It does
not appear that services helped low-risk fami-
lies. Rates of shelter entry in deciles 1 through
5 were no lower for those who received
services than for those who did not. Services
did matter for families in the top half of the risk
distribution, and the spread between rates of
shelter entry for eligible and ineligible families
increased with risk decile. No level of risk was
too high for families to benefit from services
and, indeed, even in the highest decile of
measured risk, a majority of families avoided
shelter.

Although eligibility did not interact with
particular risk factors in the prediction of
shelter entry, Figure 1 suggests that eligibility

TABLE 1—Continued

Shelter history by administrative data

Previous shelter 10.8 25.0 1.153 (0.888, 1.498)

No. of previous shelter applicationsc 0.26 0.69 1.184*** (1.082, 1.296)

Found eligible previously 2.4 8.0 1.099 (0.846, 1.427)

Exit to subsidy 2.9 5.7 0.955 (0.734, 1.243)

Note. 95% CI = confidence interval; GED = general equivalency diploma; HR = hazard ratio.
aCommunity district also controlled.
bOmitted race/ethnicity category is “all other.”
cContinuous variable.
dOvercrowding and discord were combined in the original data set.
eIncludes being evicted or told to leave by the landlord or leaseholder.
fAny family member ever incarcerated or respondent on probation or parole.
gEver experience domestic violence or violence in past year.
hPolice called, charges filed, or order of protection received.
iAdministration for Children and Families investigation in past year, open case, child ever in foster care, currently in protective
care.
jDiscord rating (9-point scale) with landlord, leaseholder, or household members.
kCount of 5 experiences in childhood: family receipt of public assistance, abuse, shelter, foster care, 4 or more residential
moves.
*P £ .05; **P £ .01; ***P £ .001.
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did interact with overall risk level. When risk
(scored as 1 for the top 5 deciles and 0 for the
bottom 5 deciles), eligibility, and a risk ·
eligibility interaction were added to the
equation with all variables in Table 1, the
parameter estimates and 95% CIs were as
follows: eligibility, 1.257 (95% CI = 0.953,
1.66); risk dichotomy, 2.904 (95% CI =
2.242, 3.760); risk · eligibility interaction,
0.636 (95% CI = 0.472, 0.857); all with P
values of less than .003.

Screening Instrument

The length of the HomeBase intake inter-
view probably contributed to the amount of
missing data, and the model derived from it is
overfitted: variable weights capitalize on spe-
cific sample characteristics. Thus, we created
a screening model that required less data
collection and did not depend on the precise
variable weights. We pruned the model by
means of backward elimination of nonsignifi-
cant predictors, checking that no eliminated
variable made a contribution to the final model,
and assigned from 1 to 3 points to each vari-
able on the basis of regression weights and
examination of shelter entry at different levels
of continuous predictors. The resulting
screening model is shown in Table 2. It has
15 variables, and families can theoretically
receive from 0 to 25 points. The empirical

distribution ranged from 0 to 23 points, with
higher scores indicating greater risk.

Evaluation of Model Efficiency

Figure 2 shows receiver operating charac-
teristic plots of hit rates (sensitivity, or correct
predictions of shelter entry among families
entering shelter) versus false alarm rates
(1 --- specificity, or false predictions among
families who did not enter shelter) for the full
model and the screening model (based on
a single imputed data set). Any score on these
models can be chosen as a cutoff, with families
scoring higher than that cutoff predicted to
enter shelter. As the risk level required for
a positive prediction decreases, both hit rates
and false alarm rates increase; administrators
can attain higher hit rates if they are willing
to tolerate high false alarm rates. The figure
also shows point estimates for worker eligibility
decisions (worker), a model based on any form
of eviction by landlord or leaseholder (evic-
tion), a model based on administrative records
of any prior contact with the shelter system
(prior contact), and the screening model serving
the same percentage of families as the worker
model (constant percent).

Several conclusions are evident. The
screening model was nearly as efficient as the
full model. The prior contact model had the
lowest rates of hits and false alarms (25.5%

and 11.4%, respectively); it did about as well as
the screening model at the same false alarm
rate but provided no information for the 87%
of families with no prior contact with the
shelter system. The eviction model had higher
rates (67.4% hits; 57.4% false alarms). The
worker model had the highest rates (71.6%
hits; 65.7% false alarms). At an equivalent false
alarm rate, the screening model (with a cutoff
of 5 or more points) had a hit rate of 91.9%.
If the proportion of families served was held
constant rather than the proportion of false
alarms (constant percent), the screening model
increased hits by 26% and reduced misses
(among families who later entered shelter)
by almost two thirds. Alternatively, the
screening model (with a cutoff of 7 or more
points) could yield a higher hit rate (74.7%)
with a much lower false alarm rate (36.6%).

To check the validity of the screening model,
we evaluated how well it predicted shelter
entry across reasons for ineligibility. Using the
model to target 66.5% of families who applied
for HomeBase services (constant percent), we
correctly identified 89% of the 427 families
who entered shelter despite being classified
as ineligible for services. This percentage in-
cludes 88% of 49 families thought to have
insufficient housing risk, 87% of 125 families
deemed eligible for a more appropriate pro-
gram, 88% of 134 families who did not comply
with the intake process, 100% of 9 families
who refused services, 92% of 48 families who
lived outside of the community district, and
89% of 62 families deemed ineligible for other
or unspecified reasons.

DISCUSSION

Our analyses show that adoption of an
empirical model for deciding which families to
serve can make homelessness prevention more
efficient. Because eligibility did not interact
with particular risk factors in the prediction of
shelter entry, and because services mattered
most for those at highest risk, we conclude that
the most efficient approach to prevention is to
offer services to families at highest empirical
risk.

The model permits choices about cutoff
scores that represent trade-offs between cor-
rect identification of families entering shelter
and false alarm rates. However, the optimal
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FIGURE 1—Proportion of HomeBase family applicants entering shelter by risk level and

eligibility (n = 11 044), excluding families with eligibility pending: New York City; October 1,

2004–June 30, 2008.
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cutoff is not simply an empirical decision. It
depends on the costs of homelessness—to the
families as well as to the city, the effectiveness
of prevention and the savings that accrue,
and competing uses for public funds. That is,
political and moral as well as empirical con-
siderations can and should affect decisions.

This study has a number of limitations, even
in its geographical and temporal contexts.
Although the HomeBase intake form was
based on prior research and included variables
from a variety of domains, omitted-variable
bias is likely. For example, we did not have
an accurate income figure, which might add
to the predictive power of the model. We also
did not have a pure measure of crowding, only
a dichotomous variable, crowding or discord,

rated by intake workers without further defi-
nition. A housing subsidy was recorded only if
the applicant reported the amount as income.
Crowding and subsidies have both been found
to be predictive in earlier work in the same
city.9

Data are based on self-reports, which may be
biased. For example, we cannot assert that
substance problems have no influence on
homelessness, simply that self-reported sub-
stance problems did not predict shelter entry
for families in the context of other predictors.
However, future data collected in the same way
should have equivalent predictive power.

Missing data required imputation. Inaccura-
cies in data or imputations would attenuate
prediction for all models, but especially the

empirical ones. The extent to which services
were effective further attenuated prediction for
all models, but especially the implicit worker
model. It is notable that a model based on
people who applied for services but who were
deemed ineligible was very similar to our full
model (no evidence of interactions was found).
Nonetheless, ineligible families may differ from
eligible families in their probability of shelter
entry, based on unobserved characteristics.

In the face of these limitations, we are
encouraged by how well the model did in
predicting shelter entry both in the overall data
and the subsamples, who were ineligible for
various reasons. The model is far from perfect—
only 47.8% of families in the highest decile
of risk who were not served entered shelter—
but, consistent with the forecasting literature,
it is better than worker judgments.

The superiority of statistical models depends
on a stable state for prediction, and our model
might not hold if we went beyond the period
in which the data were collected. The people
who applied for HomeBase services depended
on both the communities served and the nature
of outreach—they were not a random sample
of poor New Yorkers. If the sample were to
change, as it no doubt has as services have been
extended to new communities and different
outreach strategies have been adopted, risk
factors would be likely to change somewhat.
The policy environment has also changed, with
the ending of a subsidy program for families
exiting shelter (because of withdrawal of state
funds), which is likely to change the character-
istics of families applying for services going
forward. It is thus important to continually test
and revise models as circumstances change.
The screening model is likely more robust to
such changes than that based on precise re-
gression weights, so it is encouraging that it did
almost as well, even for the current sample
for whom regression weights were optimal.
Many of the variables found important in this
study were also important predictors in earlier
studies of initial shelter entry9 and returns to
shelter12 in the same city, suggesting some
degree of temporal stability.

A final criticism of this approach is that it
only works for people who apply for preven-
tion services. In the study period, 13% of all
shelter entrants from the 6 largest HomeBase
service areas first applied for preventive

TABLE 2—Screening Model for Receipt of HomeBase Services: New York City; October 1,

2004–June 30, 2008

Variables Points Assigneda

Pregnancy 1

Child aged < 2 y 1

No high school or GED 1

Not currently employed 1

Not leaseholder 1

Reintegrating into community from any placementb 1

Currently receiving public assistance 2

Any involvement with protective servicesc 2

Reports being evicted or asked to leave by landlord or leaseholder 2

Reports applying for shelter in past 3 mo 2

Reports having been in shelter as an adult 3

Age, y

23–28 1

£ 22 2

Moves in past y

1–3 1

‡ 4 2

Disruptive experiences in childhoodd

1–2 1

‡ 3 2

Discord with landlord, leaseholder, or within household

Moderatee 1

Severef 2

Note. GED = graduate equivalency degree.
aPoints were assigned on the basis of regression rates and examination of shelter entry at different levels of continuous
predictors. Families could theoretically receive from 0 to 25 points on the 15 variables.
bShelter, jail, or treatment program.
cIncluding investigation in past year, protective care, an open case, or a child in foster care.
dFoster care, shelter, reported abuse, family received public assistance, or family moved 4 or more times.
eOperationalized as 4.0–5.59 on a 9-point scale.
fOperationalized as 5.6–9.0 on a 9-point scale.
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services; this percentage would have been
higher had services not reduced entries.24,25

Prevention services that reach only a small
proportion of families at risk may be worth-
while if they reduce homelessness among
those families. Shelter is costly, and home-
lessness among families has other disruptive
effects on children’s schooling37 and in-
volvement with child protective services.38,39

Although good reason exists to expand
a successful program if feasible, little reason
exists to abandon it because it does not reach
everyone.

On the basis of these analyses showing that
the HomeBase program can be made more
efficient by using an empirical model to de-
cide which families to serve, New York City
has adopted the model. It is allowing workers
to override model decisions with explana-
tions and approval in a limited number of
cases. Allowing overrides permits workers to
adapt to changing populations and conditions
and to react to unique circumstances; it may
also reduce workers’ resistance to empirical
approaches. Analysis of reasons for overrides

will allow evaluation of factors that the model
might miss.

Should this model or method be adopted
elsewhere? Models are quite likely to depend
on the populations served, the services offered,
and the local homeless service system. Thus,
we advocate our approach rather than our
model, at least until it can be compared with
other models. Such models could be derived in
jurisdictions that adopted formal assessments
to determine eligibility for homelessness pre-
vention services funded under the American
Recovery and Reinvestment Act1 and can link
these to records of shelter entry in Homeless
Management Information Systems. The fore-
casting literature has suggested that optimal
approaches for estimation depend on the
number of observations per predictor variable
and the multiple correlation of the predictors
and the outcome.29 However, the precise
method is not critical because models based on
the same predictors will be highly correlated
and offer nearly the same predictions.40

Jurisdictions without data on homelessness may
be able to model workers’ decision-making

process. Models of expert (worker) decisions
are likely to be superior to the actual decisions
of the experts.41 For jurisdictions with no data
at all, our model might be a reasonable starting
point.

Data from New York City’s HomeBase pre-
vention program suggest that formal models of
risk can offer a substantial bonus in efficiency
in homelessness prevention services, getting
services to people most likely to benefit from
them. Continuing to serve the same percentage
of families but selecting them via a model
rather than caseworker judgment would have
increased the correct targeting of families
entering shelter by 26% and reduced misses
of those families by almost two thirds during
the study period. If services remain equally
effective for higher risk families, improving
efficiency is as important as improving effec-
tiveness in preventing homelessness. If services
are even more effective for higher-risk families,
as our data suggest, the gains from better
targeting would be even greater. Similar strat-
egies could enhance the efficiency of preven-
tion services elsewhere. j
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York City; October 1, 2004–June 30, 2008.

RESEARCH AND PRACTICE

Supplement 2, 2013, Vol 103, No. S2 | American Journal of Public Health Shinn et al. | Peer Reviewed | Research and Practice | S329

mailto:beth.shinn@vanderbilt.edu
mailto:beth.shinn@vanderbilt.edu


We thank Ellen Howard Cooper and Eileen Lynch for
facilitating the study and Dan O’Flaherty and Peter Messeri
for helpful comments on an earlier version of the article.

Human Participant Protection
The study was approved by the Vanderbilt University
institutional review board.

References
1. American Recovery and Reinvestment Act of 2009,
Pub. L. No. 111---5, 123 Stat. 115.

2. Witte P. The State of Homelessness in America.
Washington, DC: National Alliance to End Home-
lessness; 2012.

3. US Conference of Mayors. Hunger and homelessness
survey: a status report on hunger and homelessness in
America’s cities: a 25-city survey. Available at: http://
usmayors.org/pressreleases/documents/
hungerhomelessnessreport_121208.pdf. Accessed
October 30, 2013.

4. Burt MR, Pearson CL, Montgomery AE. Homeless-
ness: Prevention, Strategies and Effectiveness. New York,
NY: Nova Science Publishers, Inc.; 2007.

5. Joint Center for Housing Studies of Harvard Univer-
sity. The State of the Nation’s Housing. Cambridge, MA: Joint
Center for Housing Studies of Harvard University; 2012.

6. Johnson D. Households doubling up. 2011. Avail-
able at: http://blogs.census.gov/2011/09/13/households-
doubling-up. Accessed August 16, 2012.

7. ten Broeke C. Targeting prevention in Hennepin
County, MN. Paper presented at: National Alliance to End
Homelessness Conference on Ending Family Homeless-
ness; Oakland, CA; February 10---11, 2011.

8. Wood D, Valdez B, Hayashi T, Shen A. Homeless
and housed families in Los Angeles: a study comparing
demographic, economic, and family function character-
istics. Am J Public Health. 1990;80(9):1049---1052.

9. Shinn M, Weitzman B, Stojanovic D, et al. Predictors
of homelessness among families in New York City: from
shelter request to housing stability. Am J Public Health.
1998;88(11):1651---1657.

10. Bassuk EL, Buckner JC, Weinreb LF, et al. Home-
lessness in female-headed families: childhood and adult
risk and protective factors. Am J Public Health. 1997;
87(2):241---248.

11. Wong Y-LI, Culhane DP, Kuhn R. Predictors of exit
and reentry among family shelter users in New York City.
Soc Serv Rev. 1997;71(3):441---462.

12. Smith N, Flores ZD, Lin J, Markovic J. Understanding
Family Homelessness in New York City: An In-Depth Study
of Families’ Experiences Before and After Shelter. New
York, NY: Vera Institute of Justice; 2005.

13. Caton CL, Shrout PE, Eagle PF, Opler LA, Felix A,
Dominguez B. Risk factors for homelessness among
schizophrenic men: a case-control study. Am J Public
Health. 1994;84(2):265---270.

14. Caton CL, Shrout PE, Dominguez B, Eagle PF, Opler
LA, Cournos F. Risk factors for homelessness among
women with schizophrenia. Am J Public Health. 1995;85
(8 pt 1):1153---1156.

15. Caton CL, Hasin D, Shrout PE, et al. Risk factors for
homelessness among indigent urban adults with no
history of psychotic illness: a case-control study. Am J
Public Health. 2000;90(2):258---263.

16. Edens EL, Kasprow W, Tsai J, Rosenheck RA.
Association of substance use and VA service-connected
disability benefits with risk of homelessness among
veterans. Am J Addict. 2011;20(5):412---419.

17. Lehmann ER, Drake CM, Kass PH, Nichols SB. Risk
factors for first-time homelessness in low-income women.
Am J Orthopsychiatry. 2007;77(1):20---28.

18. Greenberg GA, Hoblyn J, Seibyl C, Rosenheck RA.
Housing outcomes for hospitalized homeless veterans.
J Health Care Poor Underserved. 2006;17(2):425---440.

19. Hudson CG, Vissing YM. The geography of adult
homelessness in the US: validation of state and county
estimates. Health Place. 2010;16(5):828---837.

20. Meehl RE. Clinical Versus Statistical Prediction: A
Theoretical Analysis and Review of the Literature. Minne-
apolis, MN: University of Minnesota Press, 1954.

21. Dawes RM, Faust D, Meehl PE. Clinical versus
actuarial judgment. Science. 1989;243(4899):1668---1674.

22. Ægisdóttir S, White MJ, Spengler PM, et al. The
meta-analysis of clinical judgment project: fifty-six years
of accumulated research on clinical versus statistical
prediction. Couns Psychol. 2006;34(3):410---419.

23. GroveWM, Zald DH, Lebow BS, Snitz BE, Nelson C.
Clinical versus mechanical prediction: a meta-analysis.
Psychol Assess. 2000;12(1):19---30.

24. Rolston H, Geyer J, Locke, G. Evaluation of the
Homebase Community Prevention Program: final report.
Available at: http://www.abtassociates.com/Reports/2013/
Evaluation-of-the-Homebase-Community-Prevention-Pr.aspx.
Accessed September 22, 2013.

25. Messeri P, O’Flaherty D, Goodman S. Can home-
lessness be prevented? Evidence from New York City's
HomeBase program. Unpublished paper, 2011, Colum-
bia University. Available at: http://jagiellonia.econ.
columbia.edu/~bo2/research/homebase.pdf. Accessed
October 16, 2013.

26. Office of the Assistant Secretary for Planning and
Evaluation, US Department of Health and Human Ser-
vices. Poverty guidelines, research, and measurement.
Available at: http://aspe.hhs.gov/poverty/index.cfm.
Accessed September 22, 2013.

27. Graham JW, Olchowski AE, Gilreath TD. How many
imputations are really needed? Some practical clarifications of
multiple imputation theory. Prev Sci. 2007; 8(3):206---213.

28. Sinharay S, Stern HS, Russell D. The use of multiple
imputation for the analysis of missing data. Psychol
Methods. 2001;6(4):317---329.

29. Dana J, Dawes RM. The superiority of simple
alternatives to regression for social science predictions.
J Educ Behav Stat. 2004;29(3):317---331.

30. Bassuk EL, Rosenberg L. Why does family home-
lessness occur? A case-control study. Am J Public Health.
1988;78(7):783---788.

31. Bassuk EL, Weinreb LF, Buckner JC, Browne A,
Salomon A, Bassuk SS. The characteristics and needs of
sheltered homeless and low-income housed mothers.
JAMA. 1996;276(8):640---646.

32. Browne A, Bassuk SS. Intimate violence in the lives
of homeless and poor housed women: prevalence and
patterns in an ethnically diverse sample. Am J Orthopsy-
chiatry. 1997;67(2):261---278.

33. Goodman LA. The prevalence of abuse among
homeless and housed poor mothers: a comparison study.
Am J Orthopsychiatry. 1991;61(4):489---500.

34. Ingram KM, Corning AF, Schmidt LD. The re-
lationship of victimization experiences to psychological
well-being among homeless women and low-income
housed women. J Couns Psychol. 1996;43(2):218---227.

35. Jasinski JL, Wesely JK, Wright JD, Mustaine EE.
Hard Lives, Mean Streets: Violence in the Lives of Homeless
Women. Boston, MA: Northeastern University Press;
2010.

36. Shinn M, Knickman JR, Weitzman BC. Social re-
lationships and vulnerability to becoming homeless among
poor families. American Psychologist. 1991;46(11):
1180---1187.

37. Rafferty Y, Shinn M, Weitzman BC. Academic
achievement among formerly homeless adolescents and
their continuously housed peers. J Sch Psychol. 2004;
42(3):179---199.

38. Cowal K, Shinn M, Weitzman BC, Stojanovic D,
Labay L. Mother-child separations among homeless and
housed families receiving public assistance in New York
City. Am J Community Psychol. 2002;30(5):711---730.

39. Park JM, Metraux S, Brodbar G, Culhane DP. Child
welfare involvement among children in homeless fami-
lies. Child Welfare. 2004;83(5):423---436.

40. Dawes RM. The robust beauty of improper linear
models in decision making. Am Psychol. 1979;34
(7):571---582.

41. Dawes RM, Corrigan B. Linear models in decision
making. Psychol Bull. 1974;81(2):95---106.

RESEARCH AND PRACTICE

S330 | Research and Practice | Peer Reviewed | Shinn et al. American Journal of Public Health | Supplement 2, 2013, Vol 103, No. S2

http://usmayors.org/pressreleases/documents/hungerhomelessnessreport_121208.pdf
http://usmayors.org/pressreleases/documents/hungerhomelessnessreport_121208.pdf
http://usmayors.org/pressreleases/documents/hungerhomelessnessreport_121208.pdf
http://blogs.census.gov/2011/09/13/households-doubling-up
http://blogs.census.gov/2011/09/13/households-doubling-up
http://www.abtassociates.com/Reports/2013/Evaluation-of-the-Homebase-Community-Prevention-Pr.aspx
http://www.abtassociates.com/Reports/2013/Evaluation-of-the-Homebase-Community-Prevention-Pr.aspx
http://jagiellonia.econ.columbia.edu/~bo2/research/homebase.pdf
http://jagiellonia.econ.columbia.edu/~bo2/research/homebase.pdf
http://aspe.hhs.gov/poverty/index.cfm

