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Abstract

This paper estimates the effect of having a shelter in a small to mid-
size county on intimate partner homicide rates. Results from state-of-
the-art difference-in-differences models exploiting county-by-year changes
on the extensive margin of shelter availability suggest that opening a
shelter where there were no shelters previously can reduce the rate of
intimate partner homicides with female victims by about one homi-
cide per 100,000 people every three to four years. Emergency shelter
services are often treated as the bare minimum standard of care for
housing-insecure families at high risk for intimate partner violence, but
33% of counties in the sample did not have a shelter at any point be-
tween 1998 and 2016.
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1 Introduction

The CDC estimates that about 1 in 4 women in the United States experiences
intimate partner violence (IPV), including physical, sexual, or stalking violence
at the hands of an intimate partner during her lifetime (Smith et al), 2018§).
Approximately one third of homicides with female victims are perpetrated by
intimate partners, and most of these female intimate partner homicides are
preceded by prior intimate parter violence (Campbell et al), 2007). Domestic
violence, in addition to the trauma and physical injury it causes, is known
to be associated with lower employment rates and higher rates of housing
insecurity among women (Lindhorst et al), 2007; Baker et al), 2010). Infants
exposed to domestic violence in utero experience higher rates of adverse birth
outcomes (Currie et alf, 2018) and children who witness domestic violence are
at_higher risk for cognitive, behavioral, and mental health problems (Stiles,
2002), which may even spill over to create adverse outcomes for their peers
(Carrell and Hoekstra, 2010).

Outside of criminal justice system interventions, which focus primarily on
arresting or incarcerating the offender, shelters are one of the few resources
targeted towards combating domestic violence. Domestic violence hotlines of-
ten serve the function of referring callers to shelters in their local area, which
may provide in-house assistance with other services such as counseling, legal
advocacy, and assistance with paperwork to apply for government benefits.
Despite being one of the few services commonly available to domestic vio-
lence survivors and being regarded as the bare minimum standard of care for
housing-insecure families at high risk for domestiﬁ violence, little is known
about shelters’ effectiveness in preventing violence.

In this paper, I estimate the causal effect of the availability of a temporary
shelter on intimate partner homicides using a difference-in-differences design,
which exploits variation from shelter openings in counties that previously had
no shelters and total closures of all shelters in counties that previously had at
least one shelter. Data on shelter availability come from the Census Bureau’s
County Business Patterns data, and reliably report whether a county has a
shelter but do not differentiate between designated domestic violence shelters
and other types of homeless shelters. The sample is limited to counties small
enough to be plausibly at risk of not having a shelter, and hand-collected data
for a subset of these counties show that a lar% proportion of shelters in these
small counties are domestic violence shelters.2 In addition to the supplemen-

Domestic violence advocates and service providers often prefer the use of the term “survivor” rather than “victim”
when referring to individuals who have experienced domestic violence. I alternate between the two terms in this paper due
to the use of homicide as an outcome variable.

See Section 7.1 in the Appendix for details.



tary services they provide, domestic violence shelters are often required by law
to keep their locations confidential to increase resident safety and are likely to
prioritize bed space to severe domestic violence cases (Koppa, 2020; Messing
et al), 2015).

Regardless, any shelter has the potential to mitigate domestic violence.
Family violence is highly correlated with poverty (Harrell et alj, 2014) and
homeless families experience even higher rates of domestic violence than other
low-income families (Wood et al), 1990). The consensus in the literature on
homelessness is that homeless individuals experience higher rates of violence
in general, and that many domestic violence survivors cycle in and out of
homelessness throughout their lives (Diette and Ribar, 2018; O’Flaherty, 2019).
However, most existing work linking homelessness and domestic violence has
focused on large urban areas and has therefore operated in a context where
some type of emergency shelter is always available, making it difficult to study
the effects of shelters directly.

For those already living with a violent partner, the availability of a shelter
may reduce the cost of permanently leaving the abusive relationship or of
creating a temporary physical separation from the abuser, which may allow for
de-escalation of conflict, changes in bargaining power within the relationship,
or at least a temporary reprieve from continued violence (Chanley et all, 2001}
Farmer and Tiefenthaler, 1997). While many domestic violence survivors leave
abusive relationships temporarily and eventually return, the availability of
a shelter that provides a safe place to stay, often along with other services,
may increase the probability of permanently leaving the relationship (Sims,
2021)). Alternatively, the availability of a shelter may prevent those at risk
of homelessness who are considering moving in with a violent or potentially
violent partner or ex-partner from doing so.

Data on intimate partner homicides come from the FBI Uniform Crime
Reporting Program’s Supplementary Homicide Reports, which identify the
relationship between the offender and the victim. I use intimate partner homi-
cides as the outcome variable because other measures of domestic violence
often have embedded selection bias due to underreporting, while nearly all
homicides are reported. Stigma, shame, mistrust of police, or fear of retalia-
tion from the abuser are all unobserved factors that may influence a victim’s
decision of whether or not to self-select into reporting domestic assaults. If the
services afforded by a shelter embolden survivors and make them more likely
to report their abuse to the authorities, using reported domestic assaults as an
outcome could bias any negative effects of shelters on domestic and intimate
partner violence towards zero.

To estimate this relationship, I use state-of-the-art difference-in-differences



estimators, both the DID-M estimator relying on first differences developed by
De Chaisemartin and d’Haultfoeuille (2020) and the staggered implementation
estimator allowing for long-term effects developed by Callaway and Sant’ Anna
(2020). I find that small and mid-size counties that that open their first shel-
ter see a decline of approximately one female intimate partner homicide per
100,000 people every three to four years compared to other counties where
shelter availability has not changed. As long as changes in intimate partner
homicide rates in counties with shelter openings and closings would have been
similar to those in comparison counties in the absence of those openings/clos-
ings, this decrease can be interpreted as a causal effect of shelter availability
on intimate partner violence. This finding would not have been possible us-
ing the traditional OLS two-way fixed effects (TWFE) and first-differences
(FD) estimators despite relatively constant treatment effects over time, as the
weighting problems with these estimators documented by Goodman-Bacon
(2021), De Chaisemartin and d’Haultfoeuille (2020), Baker et al, (2021), and
others attenuate the effect to the point that it is not clearly detectable. To my
knowledge, this is the first paper to present causal evidence that shelters can
reduce the incidence of intimate partner violence; older studies were unable to
detect an effect, likely due to the use of the TWFE estimator (Dugan et al,,
1999, 2003).

This paper contributes to a growing literature on the causal effects of tar-
geted policy interventions to combat domestic violence. Most papers in this
literature have evaluated criminal justice interventjons focused on convicting
or incarcerating offenders, such as no-drop policies? (Aizer and Dal Bo, 2009),
discgetionary arrest policies? (Chin_and Cunningham, 2019), sanctuary poli-
cies? (Amuedo-Dorantes and Deza, 2020), or restrictions on gun purchases for
those convicted of domestic violence misdemeanors (Raissian, 2016). Koppa
(2020) and Messing et al| (2015), on the other hand, evaluate a victim-focused
intervention called a “lethality assessment” in which police use a series of ques-
tions to estimate a complainant’s indicated risk for intimate partner homicide
and find that this intervention can reduce both fatal and non-fatal future vic-
timization. While these policy levers are important in protecting survivors who
are willing to call the police, work by Ellsberg et al, (2001) finds that not all
survivors are willing to self-report assaults to law enforcement. The findings in
this paper build on this existing body of work by evaluating a victim-focused
intervention that can be administered with or without the involvement of law

No drop policies prevent a victim from requesting that domestic violence charges be dropped once they have been filed.

Discretionary arrest policies allow police to arrest a perpetrator without a warrant during domestic violence calls for
service.

Sanctuary policies prohibit police from sharing information with immigration enforcement authorities when crimes are
reported.



enforcement and criminal justice authorities.

This paper also contributes to a broader literature on the economic condi-
tions surrounding domestic violence. Past findings indicate that domestic vio-
lence responds to the timing of food and cash assistance benefits (Hsu, 2017
Carr and Packham|, 2021), the gender wage gap (Aizer, 2010), and gender-
specific unemployment rates (Anderberg et al;, 2016). Additionally, domestic
violence 911 calls increased sharply during the COVID-19 pandemic (Leslie
and Wilson, 2020; Bullinger et al), 2021)), a time of heightened economic stress
and increased time at home with domestic partners. The paper contributes to
the literature on domestic violence and economic conditions as well by evalu-
ating the effects of an intervention that provides victims with a non-fungible
and non-transferable economic resource that can help them separate from or
avoid moving in with abusive partners.

Lastly, another emerging literature studies the relationship between hous-
ing assistance and domestic violence, but this paper makes an important con-
tribution by focusing on whether or not there is any local shelter available.
While the HUD-funded Family Options Study finds that subsidies for perma-
nent housing reduce intimate partner violence more than access to shelters
alone (Gubits et all, 2016), it does not provide evidence on the effectivenesg
of shelters themselves because all cities in the study had emergency shelters.
The most_closely related paper is a contemporaneously developed working
paper by Sims (2021)), which models survivors’ stay/leave decision and empiri-
cally estimates the effects of existing shelters’ capacity expansions on intimate
partner homicides, finding no effect. This finding is surprising, as data from
the National Network to End Domestic Violence (2008-2017) suggests that
shelters are highly utilized and often face capacity constraints (see Table [19).
In Section 5, I posit that law enforcement, hotline workers, and shelter staff
may successfully prioritize bed space for domestic violence victims who are at
the highest risk of intimate partner homicide. The results in this paper are
complementary to those of Simg (2021), and suggest that funding for shelters
may be more effective in reducing intimate partner homicides when targeted
toward the opening of new shelters in areas where none exist rather than to-
ward capacity expansions for existing shelters. Over the course of the panel
used in this paper, spanning from 1998-2016, 62% of counties in the sample
experienced at least one year with no shelters and 33% never had a shelter,
differentiating the paper from past studies that take the existence of some
type of emergency shelter services as a baseline level of homeless services and
suggesting scope for new shelters to prevent additional homicides.

In fact, participants in the study were recruited from the existing clientele of emergency shelters in each city, explicitly
excluding domestic violence shelters.



Section 2 describes the data sources used in the analysis, including details
on how intimate partner homicide rates are constructed and why focusing on
the extensive margin is best suited to the data and question. Section 3 de-
tails the identifying assumptions required for these estimates to be considered
causal, describes the difference-in-differences estimators used to obtain both
on-impact and long-term effects of shelters on intimate partner homicide rates,
and explains their advantages over the classic OLS first differences (FD) and
two-way fixed effects (TWFE) estimators. Section 4 presents main results
on the effect of shelters on intimate partner homicides, as well as robustness
tests and secondary results exploring effects on divorce, marriage, and child
maltreatment. Section 5 puts the results in context, discusses their policy
implications, and estimates the number of homicides averted by shelters for
counties in the sample over the 18-year analysis period.

2  Data

I focus exclusively on the extensive margin: whether a county has any shel-
ters at all. Data on shelters are available from the Census Bureau’s County
Business Patterns data from 1998-2016.Y The NAICS code “624221” covers all
temporary shelters, including domestic violence shelters, general homeless shel-
ters, and youth shelters. One limitation of the data is that I cannot distinguish
how many shelters in each county are domestic violence shelters. Although
domestic violence shelters often provide additional services such as location
confidentiality, legal and social services assistance, counseling, and comfort-
able accommodations for children, general homeless shelters may serve as an
imperfect substitute where domestic violence shelters are not available. Hand-
collected data on shelters from 2016 that appear to still be open as of 2021
suggest that, in small to mid-size counties with only one shelter, about 73%
are domestic violence shelters; in those with multiple shelters, about 90% have
at least one domestic violence shelter.# Another limitation is that the actual
size of each shelter is not observed. In theory, the CBP data reports employ-
ment counts for each industry and establishment; however, in practice, the
employment counts are censored to the extent that they are not useful for
determining whether a shelter that opens or closes is small or large relative
to other shelters in the county, or whether a county experiences a change in
shelter capacity without changing the number of shelterst. For these reasons,

7See Appendix for details on the time horizon of the panel.
More details on these rough estimates of shelter types are presented in Appendix Tables E, @, and E

9For details on employment censoring in the County Business Patterns data, see Eckert et al| (2020) They impute
employment for county-industry cells from 1975 to 2016; however, Temporary Shelters did not have their own code under



and because of the potential for the allocation of shelter services to clients with
the most severe need after screening by law enforcement and service providers,
the extensive margin is best suited to the context and data availability.

Figure 1: Trends in IPV Homicide Rates: Main Sample vs. Larger Counties

T T
1995 2000 2005 2010 2015
Year

—— Female IPV Homicide Rate - Main Sample
—— Female IPV Homicide Rate - Outside Sample

Notes: Figure shows average female intimate partner homicide rate (homicides per 100,000 people per year) in police
departments in the main sample vs. in police departments excluded from the main sample due to large population and no
variation in whether the county has a shelter.

Many large, urban counties have multiple shelters in every year in the
panel and do not provide any useful variation in shelter availability. However,
limiting the sample based on observed treatment status throughout the panel
could introduce selection bias. To mitigate these concerns, I limit the sample
to counties whose populations are less than or equal to that of the largest
county that begins the panel with zero shelters in 1998, the first year that the
number of shelters is observed.= Figure EI shows that counties excluded from
the sample by this population threshold do in fact have different trends in
intimate partner homicide rates than counties in the main sample, so they are
unlikely to provide a useful counterfactual for counties at risk of not having any
shelters. Counties in the main sample of small counties have higher intimate
partner homicide rates in general, and the divergence in trends between the
main sample and the large counties is particularly notable during the time
period of the Great Recession.

the SIC system, instead falling under code “8322” which covers Individual and Family social services more generally, so they
are excluded from this imputed dataset.

As discussed in Section 4.3, results are robust to the manipulation of this threshold.



Table EI reports descriptive statistics on shelters for this main sample. i

Table 1: Descriptive Statistics: Shelters

Mean Std. Dev. N Min Max

Zero shelters in 1998 0.536 0.499 1344 0 1.0
Minimum number of shelters 0.632 1.075 1344 0 12.0
Maximum number of shelters 1.885 2.342 1344 0 20.0
Ever had Zero Shelters 0.619 0.486 1344 0 1.0
Ever had Any Shelters 0.670 0.470 1344 0 1.0

Ever Change Whether County has Any Shelters 0.289 0.454 1344 0 1.0

Sample includes all counties whose population is less than or equal to that of the largest county that begins the panel with
zero shelters in 1998. Observations are at the county level. Appendix Table ﬁ presents the same measures for the portion
of this sample that starts with zero shelters, and Appendix Table @ presents the same for the portion that starts with at
least one shelter.

Outcome data come from the FBI Uniform Crime Reporting Program’s
Supplementary Homicide Reports (Kaplan, 2021). Domestic violence is un-
derreported and victims may self-select into reporting based on unobserved
factors such as cultural values, religious beliefs, trust in police, or fear of re-
taliation from the abuser; using intimate partner homicides as an outcome
measure mitigates this potential selection bias, since virtually all homicides
are reported to the authorities. The Supplementary Homicide Reports have
the unique advantage of reporting the relationship between the victim and the
offender(s), allowing the direct identification of domestic violence and intimate
partner homicides. This relationship, however, is only reported for the first
victim listed. Because most domestic violence homicides are intimate part-
ner homicides, I limit the scope of the main analysis to homi@des where any
offender is a current or former intimate partner of the victim.

The Uniform Crime Reports are a voluntary program for police agencies.
While most agencies participate in the Uniform Crime Reports at some point
during the analysis period from 1998 to 2016, many report to the UCR in-
consistently. Because the Supplementary Homicide Reports are incident-level
data, it is not possible to directly distinguish between no homicides and no
reporting. However, since the Supplementary Homicide Reports are part of
the broader Uniform Crime Reporting program, I assume an agency reports
to the Supplementary Homicide Reports in a given year if it appears in the
other UCR datasets at least 10 months out of the year, since there are prob-
ably no true zeroes on all other types of crime in the UCR. The sample is
limited to a balanced panel of agencies that report to the UCR consistently

11Appendix Tables E and E report the same for the portions of the main sample that start the panel with no shelters
and with at least one shelter, respectively. Approximately 29% of counties in the main sample experience at least one change
on the extensive margin of shelter availability.

12

Section 4.2 presents results for homicides where the relationship between the victim and perpetrator is unknown.



from 1998-2016, and because most consistently reportin@agencies are local
police departments, other types of agencies are dropped.=2 This means that
in most cases, the population served by the reporting police agency is that of
a single city.

In addition to intimate partner homicide rates, I use the UCR Supplemen-
tary Homicide Reports to construct rates of homicides with unknown victim-
offender relationship and of of other homicides where the relationship between
the victim and the offender is known and is not intimate in nature.=2 Rela-
tionships identified in the Supplementary Homicide Reports are those known
to police at the time the homicide is recorded. Homicides do not need to re-
sult in a conviction of the listed offender for the relationship to appear in the
Supplementary Homicide Reports.

I construct overall intimate partner homicide rates, gender-specific intimate
Homicides,;
AgencyPopulationgt |’
100,000 )

using the total population served by the reporting police agency regardless of
whether the rate is gender-specifictd.

Although the number of shelters and most control variables are observed at
the county level, homicides are observed at the reporting agency level, so the
unit of observation will be the agency-year. Identifying the effect using within-
agency variation controls for variation in policing and police data reporting
behavior between agencies within the same county, such as that arising from
agencies that have different rates of identifying an offender in the Supplemen-
tary Homicide Reports.

Table P shows descriptive statistics on the rate of intimate partner homi-
cides for the main sample. Most intimate partner homicides have female vic-
tims, and about 7% of agencies report at least one intimate partner homicide
each year.

Additional county-level controls come from SEER county-level population
estimates and Local Area Unemployment Statistics. Descriptive statistics for
county—lﬁel demographics are reported in Appendix Table for the main
sample. &4 The main sample includes local police departments located counties

partner homicide rates, and other homicide rates as HomRate,; =

3Othcr types of agencies include, for example, university police departments and county sheriff’s departments. Very
few of these types of agencies would have been included in the balanced panel, and the populations they serve may have
overlapped with those of local police departments in the panel.

14

Includes homicides committed by strangers, friends, co-workers, neighbors, parents, step-parents, siblings, or other
family members besides partners and children. Results for other homicides, decomposed by relationship, are presented in
Section 4.2

15

Although gender balance is available at the county level, it is not available at the agency level. Therefore, at the
agency level, all homicide rates use the same denominator and TotallPVHomRateyt = Female] PVHomRategt + Malel PV HomRateg; .

16Table E in the Appendix shows the same measures for counties that begin the panel with no shelters, and Appendix

Table for those that begin with at least one shelter. Those that begin with at least one shelter are on average more
populated and have a slightly lower intimate partner homicide rate.
17

The same measures are reported in Appendix Table a for counties that start with no shelters, and in Appendix Table
E for counties that start with at least one shelter.



Table 2: Descriptive Statistics: Homicides, Main Small-County Sample

Mean Std. Dev. N Min Max

Intimate Partner Homicides/100,000 People 0.473 3.674 56297 0 237.5
Female Intimate Partner Homicides/100,000 People 0.362 3.151 56297 0 237.5
Male Intimate Partner Homicides/100,000 People 0.111 1.892 56297 0 193.4
Other Homicides/100,000 People 0.659 4.266 56297 0 406.5
Any Intimate Partner Homicides (Agency-Year) 0.070 0.256 56297 0 1.0
Any Female Intimate Partner Homicides 0.058 0.233 56297 0 1.0
Any Male Intimate Partner Homicides 0.020 0.139 56297 0 1.0
Population served by reporting police agency 18331.6568 35375.861 56297 63  453017.0

Sample includes all counties whose population is less than or equal to that of the largest county that begins the panel with
zero shelters in 1998. Observations are at the agency-year level, and populations u in homicide rates are the total
population served by the reporting agency according to the UCR. Appendj Tableﬁjpresents the same measures for the
portion of this sample that starts with zero shelters, and Appendix Table presents the same for the portion that starts
with at least one shelter.

with populations up to 943,742 people. This means police departments in the
sample serve cities of up to 453,017 people. As noted in Section 4.3, results
are not sensitive to this threshold.

3 Methodology

This paper employs a difference-in-differences research design, exploiting vari-
ation that comes from counties that previously had no shelters opening their
first shelter and counties that previously had at least one shelter closing their
last shelter. The fundamental comparisons of interest in this design are 1)
changes in intimate partner homicide rates in counties with a shelter open-
ing versus those that continue to have no shelters and 2) changes in intimate
partner homicide rates in counties with a total closure of all shelters versus
those that continue to have at least one shelter. For estimates arising from
these comparisons to yield the causal effect of shelter availability on intimate
partner homicides, I must assume that trends in intimate partner homicides in
counties with and without shelter openings and closings would have been simi-
lar in the absence of those changes. Results in Figure gand Figure B in Section
4.1 show estimated placebo effects leading up to shelter openings and closings,
respectively. These placebo effects show that there is little evidence of a clear
difference in trends prior to shelter openings. Placebo effects leading up to
shelter closings are a bit more noisy and show more of a difference in trends,
but, as noted throughout Section 4, results appear to be driven primarily by
openings.

Figure P shows placebo effects in the years leading up to openings and
closings, with little evidence of pre-treatment differences in trends on aver-
age between counties with openings/closings and comparison counties. On

10



Figure 2: Pre-Treatment Placebo Effects: DID-M Estimator, Female Intimate
Partner Homicide Rate

DID, from period t-1 to t

5 4 3 2 1
Relative time to period where treatment changes (1=0)

Notes: Outcome variable is the female intimate partner (IPV) homicide rate, the number of intimate partner homicides
with female victims per 100,000 people served by the reporting police agency per year. Time variable is years relative to
the change in whether the county has any shelters. Sample includes all counties whose population is less than or equal to
that of the largest county that begins the panel with zero shelters in 1998. The level of observation is the agency-year.

the whole, pre-trends appear to be noisy but similar in counties with shel-
ter openings to those in counties with no openings or no openings yet; this
suggests that, for the equal counterfactual trends assumption to be violated,
some other shock would have had to systematically change the trends in inti-
mate partner homicide rates in counties with shelter openings and not in those
without, or vice versa. One potential threat to identification would be if
counties endogenously opened shelters in response to recent spikes in intimate
partner homicide rates, but these rates do not appear to increase in the years
immediately prior to a shelter opening.

Recently, a growing literature has documented the heterogeneity bias and
weighting problems present in the two-way fixed effects (TWFE) and first dif-
ferences (FD) estimators commonly used in difference-in-differences designs
with more than two time periods. This paper uses state-of-the-art difference-
in-differences estimators developed by De Chaisemartin and d’Haultfoeuille
(2020) and Callaway and Sant’Anna (2020) and compares them with the con-
ventional TWFE and FD estimators.

The “DID-M” estimator by De Chaisemartin and d’Haultfoeuille (2020) is
most readily suited to this setting, as it allows for a county’ shelter availability

18

This assumption is more questionable for analyses relying exclusively on shelter closings; this concern will be discussed
in more detail in Section 4.1.

11



to change more than once and in both directions. County Business Patterns
data measure the number of shelters per county from 1998-2016, and over that
time period, many counties experience both an opening of their first shelter
and a closing of their last one. This estimator computes effects based on
first differences for “joiners” (counties in the first year a shelter opens) and
“leavers” (counties that previously had a shelter in their first year without
one) and computes an average that weights all changes in treatment status
equally. In a given period f, when no controls are used, the average DID-M
treatment effect for openings (where Shelt, ; takes a value of 0 for local police
departments that have a shelter in their county and a value of 1 for those who
do not) is:

ATEOpen; =
N,
—“’t(IPVHomRatea —IPVHomRate, ;1)
NOpen ' '
a:Shelt, ;=1,Shelt,, ;=0 t
> Nas IPVHomR IPVHomR
- NStayatZerot( omRateq: - omRateq-),

a:Shelt, ;,=0,Shelt,; ;=0
(1)

or the difference in the changes intimate partner homicide rates from ¢t —1
to t between counties that open a shelter in year t and counties that have
no shelters in year f —1 or year t. This component is the effect of opening a
new shelter where there was none in year t. The average treatment effect for
closings in a given period f is:

ATEStayOpen; =
W(IPVHomRateu,t —IPVHomRate, ;1)
a:Shelt, ;=1,Shelt,; ;=1 yepen
Z Nat  1pvHomR IPVHomR P
— W( omRate, ; — omRate,; 1), (2)

a:shelta’t:(),shelta’t_l =1

or the difference in the changes in intimate partner homicide rates from
t —1 to t between counties that have at least one shelter in both year t —1
and year t and counties that experience a total closure of all shelters in year t.
This is the effect of at least one shelter continuing to remain open as opposed
to all local shelters closing in year t.

12



This estimator then estimates an overall average treatment effect by sim-
ply taking the differences-in-differences for openings (ATEOpen;) and closings
(ATEStayOpeny) for each year t after the first year and averaging them to-
gether as follows:

e NOpenings NClosings
DID-M = — PR ATEO 0SSt AT EStayOpeny),
t=;9'9( NChanges, Pt N Changes; ayOpen)

(3)

essentially taking the average effect estimated using openings and closings
in each year and then averaging those annual effects into an overall treat-
ment effect parameter. The preferred specification includes controls for the
percentage of the county’s population in their twenties, thirties, and forties,
county-level percentage Black and Hispanic, county-level unemployment rates,
and an agency-level linear trend; in this case, the estimator first regresses the
outcome on the controls and then uses the residual intimate partner homicide
rate, rather than the simple intimate partner homicide rate, in the calculations
in equations [l and P. Agency-level linear trends are particularly important,
as intimate partner homicide rates for many agencies in the sample take the
form of one or two homicides every few years, with the majority of agency-year
observations having no intimate partner homicides. Thus, because this estima-
tion relies on first differences, it is important to allow for an agency-level trend
to account for recent fluctuations in the agency’s intimate partner homicide
rate since it @a relatively rare outcome. Standard errors are clustered at the
county level.

The DID-M estimates are robust to heterogeneity across counties in ways
that the traditional first-differences estimator is not, and do not suffer from
the same weighting issues that can change the magnitude of the estimated
first differences parameter /§FD, or even cause it to be the opposite sign of all
the average treatment effects of which it is comprised. However, if effects are
asymmetric for openings and closings or if they grow over time, this estimator
could suffer from attenuation bias.

To mitigate this concern, I also estimate the effects of openings and closings
separately using the Callaway and Sant’Anna (2020) estimator, developed for
staggered implementation designs. Results using this estimator will split the
main small-county sample into two sub-samples: a staggered openings sample
made up of counties within the main sample that start with zero shelters in

19

The DID-M estimator requires that standard errors be bootstrapped. All standard errors for this estimator use 500
replications unless otherwise specified.

13



1998, and a staggered closings sample made up of counties that start with at
least one shelter in 1998. In addition to being necessary for the use of the
Callaway and Sant’Anna (2020) estimator, these sub-samples are informative
in their own right due to the fact that the path of treatment status prior
to 1998 is not known. This estimator does not accommodate post-treatment
covariates, so no controls are used. This estimator estimates group-specific
average treatment effects on the treated, denoted as ATT,; for groups of
counties treated in year g, estimated in year t. These group-time average
treatment effects are numerically identified in a manner similar to ATEOpen;
and ATEClose; in Equations [lj and P}, but include long differences in all periods
after the treatment occurs in addition to the first-differences that the DID-M
estimator uses to compute the instantaneous effect. 1 use both never-treated
and not-yet-treated counties as comparison units in computing the AT T ;.

I aggregate all of the ATT,; obtained by the Callaway and Sant’Anna
(2020) estimator in two ways: in a balanced event study showing the evolution
of dynamic effects over time among groups treated for at least 5 periods before
the end of the panel, and in a simple summary parameter that gives a point
estimate for the overall effect. The event study aggregation takes the estimated
ATTyg; for each group treated in year ¢ measured in year t and aggregates them
such that the time-specific effect e periods after the treatment, 6,4(e), is:

N(g,t):G=
Ops(e)= ) %ATTWW (4)
g:9+5<2016 &

where N(g,t) is the number of group-time pairs for which there is an esti-
mated AT T ;.

The overall treatment effect parameter 6 is merely a group-size-weighted
average of the group effects AT Ty, which are themselves simple averages of
the group-time effects AT T, ;:

2016 2016
B N(a:G=g) 1
0o = > N E N(t)ATTg’t (5)
§=1999 t=1999

where N(t) is the number of time periods for which there are estimated
ATT,, and N(a) is the number of units (in this case, reporting police agencies
in the UCR).

Although the actual path of shelter openings and closings is not exactly a
staggered implementation design since counties can have a shelter open and
then close, or have all shelters close and then have a new one open again,
the use of this estimator allows for long-term treatment effects. Allowing for
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effects after the first year of treatment may be important for two reasons. First,
it allows time for the survivor to have left an abusive relationship before the
violence would have escalated to the level of a homicide. Second, in the sample
of small counties that start off the panel with no shelters, IPV homicides
are a rare outcome - only about 4% of city-year observations have at least
one intimate partner homicide, so it may take a few years for a homicide
that otherwise would have occurred to be prevented. The limitation of this
approach is that once a shelter opens (closes), I am forced to assume that it
remains open (closed) for the rest of the panel, regardless of true changes in
treatment status. If anything, this limitation should bias effects toward zero.
I also present results dropping counties where this assumption does not hold,
but this requires selecting the sample based on the path of future treatment
status, which may be endogenous.

Although treatment status is not observed prior to 1998, pre-trends are
estimated using homicide data starting in 1993. Although a county can open
its first shelter or close its last one and have further changes in treatment status
later on in the panel, Figure B indicates that about 93% of shelter openings
persist beyond the first year and 80% of counties that open their first shelter
continue to have at least one shelter for at least the next five years.

Appendix Figure § shows an event study in the number of shelters in a
county after the first opening, and point estimates greater than one in years
2-5 suggest that, on average, counties tend to open more shelters after opening
the first one.

The sample for analysis of shelter openings using this estimator includes
all counties that begin the panel with at least one shelter in 1998. However,
the analysis for closings using this estimator is less straightforward. As noted
in Appendix Figure gshowing the time path of a county’s total number of
shelters relative to the year of the first total closure of all shelters, some coun-
ties begin closing shelters a few years prior to closing their last one. For this
reason, estimates for closings using this estimator allow for two years of pos-
sible anticipatory effects. Additionally, Figure @ indicates that only about
75% of total closures of all shelters last more than one year (as opposed to
93% of openings), and only about 60% of total closures (as opposed to 80% of
openings) persist for at least the next five years

Because total shelter closures are far less “sticky” than shelter openings,
and the staggered implementation estimator estimates long term effects, these
effects may be biased downwards. In fact, in Section 4.1, I find negative
effects for both openings and closings, although the effects for closings are
much noisier and not statistically significant. When dropping counties that
open a shelter and then later have a total closure, results for openings remain
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Figure 3: Event Study: Any Shelters After First Opening
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Notes: Outcome variable is an indicator for any shelter in county, time variable is years since first shelter opening.
Treatment Sample includes all counties that begin the panel with zero shelters in 1998. The level of observation is the
agency-year. Counties are considered treated the first time in the panel that they have any shelters.

largely unchanged. However, when dropping counties that have a total closure
and then later have an opening, results change drastically, producing a fairly
precise null result. This suggests that results relying solely on closings are
likely quite unreliable due to the high rate of reversals in treatment status
overpowering any true effect.
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Figure 4: Event Study: Any Shelters After First Total Closure
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Notes: Outcome variable is number of shelters in county, time variable is years since first total closure. Treatment Sample
includes all counties that begin the panel with at least one shelter in 1998 and have at least 5 years of follow-up after the
first total closure. The level of observation is the agency-year. Counties are considered treated the first time in the panel

that they have zero shelters.

Lastly, I compare the results of these estimators with the problematic
but familiar two-way fixed effects and first differences estimators. Work by

Fioodman—Baco; (2021)), Baker et al. (2021|), bakiela (2021|), and others estab-

lishes the properties of the two-way fixed effects estimator both within and out-
side of staggered implementation settings. Although the two-way fixed effects
estimator nearly always suffers from negative weighting problems, the two-way
fixed effects treatment parameter /§TWFE is less biased when treatment effects
do not grow over time, or, in other words, when /§TWFE and ﬁpD are similar to
each other. The staggered implementation estimator produces little evidence
of within-unit treatment effect heterogeneity over time, as noted in Figure fj in

Section 4.1. Since

e Chaisemartin and d’Haultfoeuille

(2020

) estimates rely

primarily on first differences but allow treatment status to change multiple
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times and in both directions, and Callaway and Sant’Anna (2020) estimates
include both first differences and long differences but allow treatment status
to change only once, I report TWFE estimates from the following regression
despite their problems in an attempt to capture all the useful variation in the
panel,

IPVHomRate,; = Bo+ PrwreAnyShelt; + Xy + oy + ap + €464 (6)

where X_; includes county-level age, race, ethnicity and unemployment
controls. The FD estimates from the following regression are also reported,

AIPVHomRate,.; = Bo+ BrpAAnyShelt, + AXyy + ap + €44 (7)

where AIPV HomRate,.;, AAnyShelt;, and AX,; (which includes the same
controls as the TWFE specification) are differences between years t and t — 1.
These estimates provide a useful comparison with the TWFE estimates as
a heuristic for within-unit treatment effect heterogeneity over time, which is
often the largest source of bias in the TWFE estimator. The FD estimator
is also the closest OLS relative of the DID-M estimator, and produces similar
point estimates in this case.

4 Results

4.1 Main Results: Intimate Partner Homicides

Results in Columns (1) and (2) of Table B imply that the existence of a shelter
prevents one female intimate partner homicide per 100,000 people every three
to four years, about a 68% reduction. Results in Columns (3) and (4) show
no effect for men, suggesting the point estimates for overall intimate partner
homicide rates in Table ¥ are driven entirely by intimate partner homicides
with female victims. B This is unsurprising for a few reasons: female intimate
partner homicide rates in the sample are about 3.5 times those of men, and
domestic violence sﬁelters are often marketed as “women’s shelters” even if
they also serve men&. Furthermore, work by Campbell et al| (2007) notes that

20

Recall that gender-specific intimate partner homicide rates each use the total population served by the local police
department; they therefore add to the overall intimate partner homicide rate and it is unsurprising that the point estimate
for overall intimate partner homicide rates is nearly identical to that for women.

21

The NAICS code used to identify shelters in the County Business Patterns data includes both domestic violence shelters
and general homeless shelters. Although homeless shelters may serve as an imperfect substitute when there are no local
domestic violence shelters or they are full, there are key differences: homeless shelters do have confidential locations, and
often do not provide comfortable accomodations for children. For these reasons, it’s likely that most domestic violence
survivors would prefer domestic violence shelters, which cater primarily to women.
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the majority of intimate partner homicides with both female and male victims
are preceded by intimate partner violence against the female partner. Thus,
in the months leading up to a potential homicide, it’s likely that the woman is
more likely to flee and seek a safe place to stay outside of the relationship; in
other words, she has more reason to take protective measures that may save
her life. E3 Figure P shows pre-treatment placebo effects for the specification in
Column (2) of Table E, and none are significant at the 10% level. This suggests
that the equal counterfactual trends assumption should be satisfied provided
there were no shocks systematically affecting intimate partner homicides in
either treated counties or comparison counties but not both.

Table 3: DID-M Estimator, Effect of Openings and Closings by Victim Gender

1) ) ®) 4)
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate)

(Women) (Women) (Men) (Men)
Any shelters in county -0.2969+ -0.2954+ 0.0185 0.0232

(0.1726) (0.1739) (0.0554) (0.0595)
County-level age distribution controls No Yes No Yes
County-level race/ethnicity controls No Yes No Yes
County-level unemployment rate No Yes No Yes
Agency-level linear trend Yes Yes Yes Yes
Mean 0.362 0.362 0.111 0.111
Agencies 2693 2693 2693 2693
Counties 1344 1344 1344 1344

Standard errors in parentheses

* p<0.10,* p<0.05,* p<0.01,™ p<0.001
Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homicides with female (male) victims per
100,000 people served by the reporting police agency per year. Sample includes all counties with population less than or
equal to that of the largest county that begins the panel with zero shelters in 8. The level of observation is the
agency-year. Results weighted by population_ are presented in Appendix Table and pre-trends for the specification
shown in column (2)are presented in FigurerE

Table @ shows results obtained using the DID-M estimator, which relies
on first differences in whether a county has any shelters and in the intimate
partner homicide rate (De Chaisemartin and d’Haultfoeuillg, 2020). Results in
Column (2), including the full set of controls and a linear trend for the police
agency reporting homicides to the UCR, suggest an average treatment effect on
treated counties of -.27 intimate partner homicides per 100,000 people in the
first year a county has a shelter (or 427 per 100,000 in the first year it does not
have a shelter). This effect is noisily estimated and not statistically significant;
in magnitude, it translates to about a 65% decrease in a city’s intimate partner
homicide rate when it has a shelter in its county. This is equivalent a reduction
on the order of one intimate partner homicide per 100,000 people every four
years.

22

More work is needed on intimate partner homicides and intimate partner violence in same-sex relationships. Same-sex
IPV homicides are included in the analysis and disaggregated by victim gender in the same way as those in heterosexual
relationships, as there is insufficient statistical power to evaluate same-sex IPV homicides separately.
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Table 4: DID-M Estimator, Effect of Openings and Closings

(1) (2) (3)
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate
(All) (ALl (All)

Any shelters in county -0.2783 -0.2720 -0.1637
(0.1987) (0.1947) (0.1609)
County-level age distribution controls No Yes Yes
County-level race/ethnicity controls No Yes Yes
County-level unemployment rate No Yes Yes
Agency-level linear trend Yes Yes None
Mean 0.473 0.473 0.473
Agencies 2693 2693 2693
Counties 1344 1344 1344

Standard errors clustered at the county level
* p<0.10, * p<0.05,* p<0.01, ™ p<0.001

Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homcides per 100,000 people served by
the reporting police agency per year. Sample includes all counties with population less than or equal to that of the largest
county that begins the panel with zero shelters in 1998. The level of observation is the agency-year. Analogous results for
counties who begin the panel with zero shelters in 1998 are presented in Appendix Tableﬁ

Importantly, results from shelter openings and shelter closings may not be
symmetric. The DID-M estimator simply averages opening and closing effects
together without accounting for this potential asymmetry. To account for
this, effects of openings and closings are estimated separately using the stag-
gered difference-in-differences estimator developed by Callaway and Sant’ Anna
(2020). Aggregated staggered opening results are presented in Table H and
event study results are presented in Figure ff. Column (2) of Table B suggests
that the existence of a shelter prevents about .28 female intimate partner homi-
cides per 100,000 people per year (about a 68% reduction, again equating to
one homicide per 100,000 people every three to four years), and the effect is
again statistically significant at the 10% level. Figure H,suggests that the effect
remains relatively stable over time and that there is little evidence of a clear
difference in trends in the years leading up to the shelter openings, suggesting
that counties with and without shelters would have likely had similar trends
in intimate partner homicides in the absence of the shelter. Column (4) of
Table f estimates a placebo effect on other homicides where the relationship
between the victim and offender is known and is not intimate or domestic in
nature, and finds a noisy null effect.
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Table 5: Staggered Implementation Estimator, First Opening

1) [6) ®3) (4)
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate Other Homicide Placebo
(ALl) (Female) (Male) (All)
Any Shelters in County -0.2396 -0.2861* 0.0463 -0.1092
(0.1872) (0.1651) (0.0883) (0.2907)
Mean 0.596 0.419 0.177 0.838
Agencies 1145 1145 1145 1145
Counties 720 720 720 720

Standard errors in parentheses

* p<0.10,* p<0.05, ™ p<0.01, ™ p<0.001
Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homicides per 100,000 people served by
the reporting police agency per year. Sample includes all counties that begin the panel with zero shelters in 1998. The level
of observation is the agency-year. Counties are considered treated the first time in the panel that they have any shelters,
and remain so for the rest of the panel regardless of actual changes in treatment status. Figure Etshows the dynamics for
the number of shelters after the first shelter opening, which indicate that on average, counties tend to continue opening
more shelters after opening the first. The comparison group includes both never-treated and not-yet-treated counties.

Figure 5: First Opening Event Study: Female Intimate Partner Homicide Rate
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Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homicides with female victims per
100,000 people served by the reporting police agency per year. Treatment Sample includes all counties that begin the panel
with zero shelters in 1998. The level of observation is the agency-year. Counties are considered treated the first time in the
panel that they have any shelters, and remain so for the rest of the panel regardless of further actual changes in treatment
status. Event study is balanced among units that have at least 5 years of follow-up after their first shelter opening.

Results for total shelter closures are presented in Figure B and Table B A
county is considered to have experienced a total closure the first time it moves
from having at least one shelter to having no shelters. Appendix Figure
shows the dynamics of the number of shelters leading up to and following the
first total closure. Counties appear to close shelters in the years leading up
to the first total closure of all shelters, and some appear to bounce back and
open shelters again after a total closure. To account for other closings leading
up to a total closure, these effects are estimated with an allowance for up to
two years of anticipatory effects.

Figure § shows an event study of female intimate partner homicide rates
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Figure 6: First Total Closure Event Study: Female Intimate Partner Homicide
Rate

5 4 3 2 1 0 1 2 3 4 5
Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homicides with female victims per
100,000 people served by the reporting police agency per year. Sample includes all counties that begin the panel with at
least one shelter in 1998. The level of observation is the agency-year. Counties are considered treated the first time in the
panel that they have zero, and remain so for the rest of the panel regardless of further actual changes in treatment status.
Event study is balanced among units that have at least 5 years of follow-up after their first total closure of all shelters.

after the first total closure, and Columns (1) and (2) of Table B show aggregated
effects on counties experiencing a total closure. Pre-closure placebo effects
are noisier than those for openings, and dynamics in the number of shelters
indicate that total closures may be a less “sticky” change in treatment status
than openings, resulting in the possibility that treatment effects may be biased
downward by future shelter openings. Furthermore, as noted in Equations U
and P, effects are estimated at the group level, and the Callaway and Sant’Anna
(2020) R package for this estimator indicated a warning that some of the
treatment timing groups may be too small to produce reliable estimates. These
issues indicate that results relying solely on closings should be interpreted with
caution. This is of more concern for the use of the staggered implementation
estimator than for the DID-M estimator, as the DID-M estimator estimates
instantaneous or “on-impact” effects.

Nonetheless, the large negative point estimates are puzzling. These esti-
mates appear to be driven by subsequent shelter openings after the first total
closure. Figure [] and Column (3) of Table fj present estimates for the effect
of total closures, limiting the sample to counties that have a total closure of
all shelters and no subsequent shelter openings in the treatment group and
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counties that never have or have not yet had a total closure in the comparison
group. These results, though they still have noisy pre-trends and even smaller
treatment timing groups, yield a fairly precise null result, so it is unsurprising
that including counties that experience subsequent shelter openings produces
spurious negative point estimates. In contrast, results in Appendix Figure
@ show that results for openings, dropping counties with subsequent total
closures, are qualitatively similar to the main results in Figure ff and Table

Figure 7: Event Study: Female Intimate Partner Homicide Rates, Permanent
Total Closures

NENN

5 4 3 2 1 0 1 2 3 4 5
Notes: Outcome variable is the female intimate partner (IPV) homicide rate, the number of intimate partner homicides
with female victims per 100,000 people served by the reporting police agency per year. Time variable is years relative to
the permanent total closure of all shelters in the county. Sample includes all counties whose population is less than or
equal to that of the largest county that begins the panel with zero shelters in 1998, who begin the panel with at least one
shelter in 1998, and who do not experience a total closure of all shelters and then a subsequent shelter opening. The level
of observation is the agency-year.
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Table 6: Staggered Implementation Estimator, Total Closure

0 @ ®
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate
(AlD) (Female) (Female)
Any Closure Any Closure Permanent Closure
Any Shelters in County -0.6563 -0.5819 0.0032
( 0.5426) (0.5522) 0.257
Mean 0.487 0.329 0.376
Agencies 1818 1818 1503
Counties 624 624 540

Standard errors in parentheses
*p<0.10,* p<0.05,* p<0.01, " p<0.001

Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homicides per 100,000 people served by
the reporting police agency per year. Sample includes all counties that begin the panel with zero shelters in 1998. The
level of observation is the agency-year. Counties are considered treated the first time in the panel that they do not have
any shelters, and in Columns (1) and (2) they remain so for the rest of the panel regardless of actual changes in treatment
status. Appendix Figure [ shows the dynamics for the number of shelters after the first shelter opening, which indicate
that some counties may open shelters again after a total closure. The comparison group includes both never-treated and
not-yet-treated counties.

Table H presents results using two-way-fixed effects and first-differences
estimators. Columns (1) and (2) present results for_the same sample used in
the DID-M estimation presented in Tables @ and . Results from the first
differences estimator in Column (2) are similar to those produced by the DID-
M estimator. Columns (3) and (4) present results for the same sample as the
staggered openings analysis in Table ff and Figure p, meaning that they rely
primarily on variation from shelter openings, and are qualitatively similar to
those produced by the other estimators. Columns (5) and (6) present results
using the same sample as the staggered closings analysis in Appendix Table
and Figures fi. Point estimates are uniformly negative in Columns (1) through
(4), corresponding to the samples used in the DID-M and staggered openings
analysis. The TWFE coefficient in Column (4) is statistically significant at
the 10% level, but is smaller than those produced by the other estimators;
it appears to be attenuated by the weighting issues in the TWFE estimator
despite little evidence of within-unit treatment effect heterogeneity over time.
However, since openings appear to have more of an effect than closings, the
TWFE estimates may be attenuated by the heterogeneity bias and weighting
issues documented in Goodman-Bacon (2021) and elsewhere. The TWFE
and FD estimates in Columns (5) and (6) produce opposite-signed noisy null
effects, again suggesting no effect in a sample where the identifying variation
comes primarily from closings. However, in general, results for these estimators
should be interpreted with caution and are provided primarily for completeness.
Further TWFE and FD estimates are provided in the Appendix.

24



Table 7: TWFE vs. FD: Female Intimate Partner Homicide Rate

() (2) ®3) 4) ) (6)

Small Counties Small Counties Start at 0 Start at 0 Start at >0 Start at > 0

Any Shelters in County -0.0733 -0.164* 0.136
(0.0628) (0.0842) (0.0892)

First Difference: Any Shelters in County -0.257 -0.346 -0.144

(0.164) (0.238) (0.189)
Observations 56283 53313 21755 20610 34528 32703
Mean 0.362 -0.00743 0.414 -0.0101 0.329 -0.00577
Agencies 2963 2963 1145 1145 1818 1818
Counties 1344 1344 720 720 624 624

Standard errors in parentheses

+ p<0.10,* p<0.05,* p<0.01,™ p<0.001
Notes: Outcome is intimate partner (IPV) homicide rates: the number of intimate partner homicides with female victims
per 100,000 people served by the reporting police agency per year. ”"Small Counties” sample in columns (1) and (2) includes
all counties that begin the panel with zero shelters in 1998. Columns (3) and (4) include all counties within the “Small
Counties” sample that start with zero shelters in 1998 and columns (5) and (6) include all counties within the “Small
Counties” sample that start with at least one shelter at the beginning of the panel in 1998. All specifications include year
fixed effects, and columns (1), (3), and (5) include agency fixed effects. All specifications include controls for county-level
age and race/ethnicity demographics, county-level unemployment rates, and agency-level rates of other homicides where the
relationship between the victim and the perpetrator is known and is not intimate or domestic in nature. Appendix Tables

and show TWFE and FD results for overall intimate partner homicide rates and male intimate partner homicide

rates. Appendix Table @ shows TWFE and FD results weighted by population for female intimate partner homicide rates.

Overall, the results presented here suggest that the opening of a new shel-
ter can reduce intimate partner homicide rates by approximately one homi-
cide per 100,000 people every four years, about a 65% effect, concentrated
almost entirely among female victims. In interpreting this effect size, it is
worth noting that intimate partner homicide rates are a rare outcome, so any
detectable effect is likely to be quite large in magnitude. Furthermore, as
noted in De Chaisemartin and d’Haultfoeuillg (2020), these new difference-in-
differences estimators are far less efficient than the TWFE estimator they are
intended to replace. It may be prudent to account for efficiency differences
between these estimators and the traditional TWFE estimator when inter-
preting results of marginal significance; the standard errors produced by the
DID-M and staggered implementation estimators for female intimate partner
homicides are about twice the size of those produced by the TWFE estimator.

It is not obvious ex ante why the effects for openings and closings should be
so asymmetric. One possible explanation is that the availability of a shelter
gives a domestic violence survivor the courage and support to leave a rela-
tionship for the first time, and though she may eventually return, she may
be emboldened to leave again in the future if she has left before. Another
candidate mechanism could be collaborations with local police departments,
especially in light of the findings by Koppa (2020) and Messing et al. (2015).
If the existence of a shelter and the expertise of its staff facilitate the adoption
new practices in the local police department that are more likely to protect
domestic violence survivors, these changes could persist after the shelter has
closed. Alternatively, the asymmetry could be driven purely by power and mea-
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surement issues. There are fewer closings than openings, openings are more
persistent than closings, and the path of treatment status after a county’s first
shelter opening in the panel is likely more accurately measured. Because treat-
ment status is not observed prior to 1998, it is not known whether a shelter
that already exists in 1998 (as is the case for all shelters in the staggered clos-
ings sample) has just opened in the prior year or has been open for decades,
and whether other shelters have recently opened or closed in the same county.
Given the asymmetry in the staggered implementation estimates and the fact
that the point estimates for closings (though quite noisy) are negative, the
fact that the DID-M estimate for openings and closings and the staggered im-
plementation estimate for openings are nearly identical may be a bit puzzling.
However, it is worth remembering that the DID-M estimator estimates only
the effect on impact when a shelter first opens or closes, whereas the staggered
implementation estimator assumes that a county experiencing a total closure
of all shelters continues to have no shelters throughout the panel, which is not
true given the results in Figure E Because of this measurement limitation,
the DID-M estimator is far more suited to handle the inclusion of shelter clos-
ings than the staggered implementation estimator. Taken together, the results
from both estimators suggest that the effect is driven primarily by openings
rather than closings and appears fairly stable over time.

4.2 Additional Measures of Homicide

The main analysis relies on police departments to accurately identify the rela-
tionship between the victim and the offender in the Supplementary Homicide
Reports. In practice, this may be easier said that done. In the main sam-
ple, 32% of all homicides with female victims and 45% of female homicides
with known offenders are indicated to be intimate partner homicides. Table
presents results for additional measures of homicide. “Other homicides” refers
to homicides where the relationship between the victim and the offender(s) is
known, and none of the offenders have been identified as an intimate partner.
This includes friends, neighbors, and other family members, so some of these
may be domestic violence homicides; however, because these family members
may or may not be members of the victim’s household, they are not included
in the main analysis, as a domestic violence survivor is likely to flee to a shelter
only if the violence is occurring inside their home.

Results in Column (1) of Table g suggest that shelters can prevent an ad-
ditional -.13 female homicides per 100,000 people per year in cases where the
relationship between the victim and the perpetrator is not identified in the
Supplementary Homicide Reports. This effect is statistically significant at the
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Table 8 DID-M: Additional Homicide Measures

(1) 2 (3) (4)
Unknown Offender Homicide Rate  Unknown Offender Homicide Rate  Other Homicide Rate TPV Homicide Rate
(Women) (Men) (All) (Women, Future Shelters)

Any shelters in county -0.1281+ 0.1556 -0.2506 0.2098

(0.0676) (0.1435) (0.1712) (0.1427)
County-level age distribution controls Yes Yes Yes Yes
County-level race/ethnicity controls Yes Yes Yes Yes
County-level unemployment rate Yes Yes Yes Yes
Agency-level linear trend Yes Yes Yes Yes

Mean 0.129 0.590 0.700 0.370

Standard errors in parentheses
p<0.10,* p<0.05,* p<0.01, ™ p<0.001

10% level and equates to the prevention of one homicide per 100,000 people
every seven to eight years. This result is informative for a few reasons. If the
analysis produced a significant negative effect on intimate partner homicides
and a positive effect on homicides with an unknown relationship between the
victim and the offender, it would be possible that the results were driven by
changes in the propensity of police departments to identify an offender as an in-
timate partner. The fact that shelters appear to reduce female homicide rates
when this relationship is unknown could be explained by non-identification
of offenders who are actually partners or by general improvement of safety
conditions for women vulnerable to homelessness. It should not be surprising
if this relationship is not always correctly identified, as 1) police are not al-
ways able to correctly identify homicide offenders in general and 2) there is no
relationship category in the Supplementary Homicide Reports for former dat-
ing partners. On the other hand, because the sample includes both domestic
violence shelters and general homeless shelters, this result is also consistent
with general improvements in the safety of women experiencing homelessness.
Unfortunately, due to limited information about shelter type, it is difficult to
disentangle these mechanisms.

Results in Column (2) suggest no effect on homicide rates for homicides
with male victims and unknown perpetrator relationships. Results in Column
(3) produce a large but noisily estimated and statistically insignificant point
estimate for other homicides where the relationship between the victim and
the perpetrator is known and is not a partner, which will be explored further
in Table §. Column (4) presents a placebo test of the effect of future shelters
in year t+ 1 on female intimate partner homicide rates in year ¢t and finds a
noisy null effect.

It appears that the large negative point estimate in Column (2) of Table E is
driven by other homicides with male victims and a non-family perpetrator, as
noted in Column (4) of Table B Upon further investigation, 80% of homicides
in this category are perpetrated by strangers. 33% are at the hands of a civilian
and are related to another form of criminal activity, 14% are at the hands of
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Table 9: DID-M: Other Homicide Rates by Victim Gender and Family Status

M ® ®) o)
Other Homicide Rate ~ Other Homicide Rate ~ Other Homicide Rate Other Homicide Rate
(Women, Family) (Women, Non-Family) (Men, Family) (Men, Non-Family)
Any shelters in county 0.0271 0.0172 -0.0879 -0.2070
(0.0399) (0.0336) (0.0787) (0.1367)
County-level age distribution controls Yes Yes Yes Yes
County-level race/ethnicity controls Yes Yes Yes Yes
County-level unemployment rate Yes Yes Yes Yes
Agency-level linear trend Yes Yes Yes Yes
Mean 0.059 0.075 0.142 0.424

Standard errors in parentheses
*p<0.10,* p<0.05,* p<0.01, ™ p<0.001

police, and 25% are classified as being related to a brawl or argument. Because
the County Business Patterns data does not distinguish between domestic
violence shelters and general homeless shelters, this large negative estimate
may be noise or may be driven by general availability of additional resources for
men experiencing homelessness. This is consistent with previous work finding
that the opening of a new homeless shelter decreases breaking and entering
in the immediate area of the shelter (Faraji et al,, 2018). More investigation
of the relationship between homeless shelters and criminal activity in general
is warranted but beyond the scope of this paper. Columns (1) through (3) of
table P suggest no effect on rates of female homicide rates perpetrated by any
known offenders other than intimate partners, or on rates of male homicides
perpetrated by family members other than partners.

4.3 Robustness

Table @ presents results testing the robustness of the main results in Table

to the population threshold for inclusion in the sample. The main sample
includes all counties with populations smaller that that of the largest county
that begins the panel with zero shelters in 1998. However, results appear to be
robust to limiting the sample to 80% 90%, 110%, or 120% of that population.
Point estimates are nearly identical for all thresholds.

Table 10: DID-M: Robustness to Population Threshold

(1) (2 (3) (4) ()
Main Sample 80% of Main Threshold 90% of Main Threshold 110% of Main Threshold 120% of Main Threshold

IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate
(Women) (Women) (Women) (Women) (Women)
Any shelters in county -0.2954+ -0.2719 -0.2480 -0.2950 -0.2948+
(0.1726) (0.1873) (0.1780) (0.1819) (0.1729)
County-level age distribution controls Yes Yes Yes Yes Yes
County-level race/ethnicity controls Yes Yes Yes Yes Yes
County-level unemployment rate Yes Yes Yes Yes Yes
Agency-level linear trend Yes Yes Yes Yes Yes

Standard errors in parentheses
*p<0.10,* p<0.05 * p<0.01,*p<0.001
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Table EI presents results dropping counties that at some point in the panel
appear to only have a shelter for one year (a transitory opening) or only have
a total closure of shelters for one year (a transitory closing). This robustness
test is important, as the County Business Patterns data come from tax filings.
The appearance or disappearance of a shelter for a single year may be a result
of a tax filing error in which an establishment files its taxes after the deadline
or an industry code is erroneously changed. However, restricting the main
sample to these counties would run the risk of conditioning on the future path
of treatment status, which may be endogenous to previous shelter openings or
closings. Results appear to be robust to dropping these counties.

Table 11: DID-M: Dropping Transitory Openings and Closings

o) @ ® @
Main Results Drop Transitory Openings Drop Transitory Closings Drop Both
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate
(Women) (Women) (Women) (Women)
Any shelters in county -0.2954+ -0.3092+ -0.3087 -0.3838
(0.1726) (0.1869) (0.2035) (0.2467)
County-level age distribution controls Yes Yes Yes Yes
County-level race/ethnicity controls Yes Yes Yes Yes
County-level unemployment rate Yes Yes Yes Yes
Agency-level linear trend Yes Yes Yes Yes

Standard errors in parentheses
* p<0.10,* p<0.05,* p<0.01, ™p <0.001

Results analogous to Table B with the sample limited to counties that begin
with zero shelters at the beginning of the panel in 1998 are presented in Ap-
pendix Table R5 are nearly identical in magnitude but more noisily estimated
due to a smaller sample size. Appendix Table R presents results for the main
sample weighted by population, and Appendix Table @ presents results us-
ing a binary outcome for whether there are any intimate partner homicides
at all; in both cases, point estimates for female victims are small and noisily
estimated but uniformly negative. The fact that point estimates decrease in
magnitude in response to weighting by population suggests that results may
be driven by smaller jurisdictions; while weighting is meant to improve effi-
ciency and correct for heterogeneity in OLS models (Solon et all, 2015), it did
not improve efficiency using the DID-M estimator, and the DID-M estimator
is already robust to heterogeneity in ways that OLS difference-in-differences
estimators are not.

4.4 Heterogeneity

Appendix Tables @ and @ present results on the effects of shelter availabil-
ity on female intimate partner homicide rates disaggregated by victim race
and marital status between the victim and the offender. Appendix Table
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suggests that, in percentage terms, estimates are larger for white women and
Hispanic women than for Black women. However, the sample does not include
large urban counties, so it may not be representative of each racial group.
Appendix Table B2 does not suggest a meaningful difference in the effects on
intimate partner homicides where the victim is currently married to the perpe-
trator versus other types of relationships such as ex-spouses or dating partners.
In general, intimate partner homicides are a relatively rare outcome and are
even more rare when disaggregated by race and marital status, so these results
should be interpreted with caution due to limited statistical power.

4.5 Secondary Outcomes

Because effects of shelters on intimate partner homicides may operate through
permanent dissolution of long-term abusive relationships, it would be interest-
ing to know whether shelters increase divorce rates by ending bad marriages
or decrease marriage rates by ending bad relationships before they become
marriages. Evidence from the introduction of unilateral divorce laws suggests
that allowing women to more freely leave bad marriages reduces domestic vi-
olence (Stevenson and Wolfers, 2006), so it would be reasonable to believe
divorce and marriage could be a mechanism for the effects of shelters on inti-
mate partner homicides. County-level marriage and divorce counts aggregated
by researchers at Bowling Green State University are available for 2000 and
2010 but not for other years in the panel, and are used in a long-differences
model to estimate the effect of extensive margin changes on marriage and di-
vorce rates (BGSU, 2016). Descriptive statistics for these data are reported
in Appendix Table R4. For congruity, analysis of marriages and divorces is
limited to counties who have at least one agency reporting to the UCR and
are therefore included in the main sample. Results of this analysis are in-
conclusive. Appendix Tables B3 and B4 present results from long differences
models estimating the effect of shelters on marriage rates and divorce rates
between 2000 and 2010, the only years for which county-level marriage and
divorce data are available. There is no evidence of any statistically significant
effect on marriage or divorce rates, but these effects are noisily estimated.
Because most child maltreatment is reported by someone outside the family,
such as a teacher or doctor, it is another measure of family violence that does
not suffer from the same self-selection as reported domestic assaults. Many
households where IPV is present are also susceptible to child maltreatment,
often at the hands of the same abuser (Doyle Jr and Aizer, 2018), so if shel-
ters make victims of intimate partner violence more likely to leave and take
their children with them, they could have mitigating effects on child mal-
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treatment as well. County-by-year counts of reported child maltreatment are
constructed using data from the National Child Abuse and Neglect Data Sys-
tem’s (NCANDS) Child File, which aggregates data on reported child abuse
submitted by participating states. However, the county in which the inci-
dent was reported is censored in counties with fewer than 1000 incidents, so
only 300 satisfying the population threshold for the main sample consistently
appear in the NCANDS data. These counts, along with SEER county-level
population estimates, are used to ﬁnstruct rates of child maltreatment at the
county-year level from 2007-2016.22 Because the sample is so small to begin
with, the NCANDS sample is not limited to counties that have at least one
agency reporting in the UCR. Descriptive statistics on child maltreatment,
disaggregated by report source, are reported in_Appendix Table @ Results
of this analysis are inconclusive as well. Table B5 presents DID-M estimates
of the on-impact effects of changes in whether a county has any shelters on
reported child maltreatment rates. There is no evidence of a significant effect
on child maltreatment, whether reported by someone inside or outside the fam-
ily. However, the criteria for inclusion in the NCANDS data and the criteria
for inclusion in the analysis (counties small enough to be at risk of having
no shelters) are directly at odds with each other, so these analyses are likely
underpowered and this null result should be interpreted with caution.

5 Policy Implications

5.1 Results in Context

The results in this paper suggest that the existence of a shelter can prevent
intimate partner homicides in its county. On_the contrary, as noted above,
a complementary contemporaneous paper by Sims (2021) uses novel survey
data on a sample of existing domestic violence shelters to estimate the effect
of capacity expansions on intimate partner homicides, finding no detectable
effect. Data from the National Network to End Domestic Violence’s annual
“One Day in Time” census of domestic violence programs, aggregated over
the period from 2008-2017, suggests that domestic violence shelters are highly
utilized. Table [12, below, suggests that, on average, most programs are not
able to provide housing services to all callers who request them due to capacity
constraints. However, neither this fact nor the results in this paper are in
conflict with the finding by Sims (2021) that additional shelter capacity may

23The NCANDS program is voluntary for states. The number of states participating in NCANDS increased in 2007, so

NCANDS data prior to 2007 are not used.
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not reduce intimate partner homicides.

Table 12: NNEDV One Day in Time Census by State/Year 2008-2017

Mean Std. Dev. Min Max N

Total calls per program 11.64 5.04 1 27.90 492
Unmet requests for housing per program 3.55 3.44 0 3583 492
Total unmet requests for services per program  5.62 4.42 0 37.17 492
Number of people sheltered per program 20.53 10.09 3 54.33 492

NNEDV “One Day in Time” census occurs each year in September and reports state totals as well as the number of
participating programs in each state. The level of observation is the state-year.

Often, when victims call a local hotline seeking services, shelters that are
full or nearly full will prioritize the remaining bed space based on the caller’s
situation, sometimes using lethality assessment questions to determine the
caller’s immediate risk factors for intimate partner homicide. Police depart-
ments also use these assessments when responding to domestic violence calls
to refer complainants with the highest indicated risk of homicide victimization
to advocacy services, including hotlines that often connect callers to shelter
services (Koppa, 2020). Callers who are asked to participate in these assess-
ments take more protective measures and are less likely to experience further
physical violence in the immediate future (Messing et al), 2015), and evidence
from the first implementations of these assessments by local police departments
suggests that they reduce intimate partner homicide rates (Koppa, 2020). If
shelters successfully prioritize bed capacity according to lethality risk, it is en-
tirely plausible that, despite little evidence for an effect of additional capacity,
it does matter whether there is a local shelter at all.

Likewise, these results add context to the finding by Gubits et al, (2016)
that “housing first” policies subsidizing permanent housing for homeless fam-
ilies reduce intimate partner violence more than traditional shelter services.
While these interventions may be the gold standard for families experiencing
both homelessness and domestic violence, they may not always be available,
especially for survivors who are not yet homeless. These survivors often face
a choice between staying with their abusers or becoming homeless.

Most shelters are nonprofits that cobble together funding from grantmak-
ing organizations (such as local United Way chapters), state and federal agen-
cies, and private donors. Because shelters are likely resource-constrained, the
finding in this paper that the existence of a shelter can reduce intimate part-
ner homicides, when considered with the finding by Simg (2021)) that capacity
expansions do not, has clear policy implications. Given a limited amount
of funding, opening new shelters may be more effective at reducing intimate
partner homicides than expanding the capacity of existing shelters.
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5.2 Back-of-the-envelope Calculation: Lives Saved

Results from Column (2) Table B suggest that the existence of a shelter in a
county can prevent approximately .2954 homicides per 100,000 people per year.
During the period from 1998-2016, there were a total of 257 female intimate
partner homicides that occurred in a county that had a shelter during the year
of the homicide. Based on the following calculation,

Population,,

Lives® =
ivesSaved 100,000

a,t:Shelt, ;=1

%.2954 (8)

the availability of shelters prevented about 193 additional female intimate
partner homicides from occurring over this 18-year period. On the contrary,
554 intimate partner homicides occurred during this period in counties where
there was no shelter in the year the homicide occurred. If every county in the
sample had a shelter in every year of the panel, the following calculation

Population,,

Potential LivesSaved =
100,000

a,t:Shelt, ;=0

%.2954 (9)

suggests that 369 of those homicides could have been prevented. Note that
these estimates only include small and mid-size counties that report consis-
tently to the UCR (covering a total population of about 9 million people), so
nationwide estimates would likely be much greater.

A full cost-benefit analysis is not feasible, as privacy censoring in the
County Business Patterns data obscures shelters’ payroll costs, there is no
readily available data on shelters’ real estate and other overhead costs, and
estimates of benefits from non-fatal domestic assaults are beyond the scope
of this paper. However, it should be noted that rates of intimate partner as-
sault are much higher than rates of intimate partner homicide, so if shelters
reduce both outcomes, then their benefits are far greater than those estimated
here; homicide, while often better-measured than other measures of domestic
violence, is the most rare and extreme outcome.

6 Conclusion

The results in this paper suggest that having a shelter in a county can signif-
icantly reduce female intimate partner homicides, on the order of about one
homicide every three to four years per 100,000 people served by the reporting
police agency, or about 68%. When considered in the context of the broader
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literature on services for domestic violence survivors, these results suggest that
the mere existence of a shelter matters more for domestic violence prevention
than its bed capacity, possibly due to police referrals and/or shelter staff ac-
curately prioritizing bed space for callers with the highest lethality risk. This
result implies that, given a limited amount of funds available to be distributed
to service providers, the opening of new shelters may yield greater reductions
in violence than the expansion of existing ones.

As reported in Table El, 33% of the counties in the main sample did not
have a shelter at any time during this period and 62% experienced at least one
year with no shelter. This fact, along with back-of-the-envelope estimates of
lives saved in Section 5, suggests that there is scope for more lives to be saved
by opening additional shelters in local areas where there are none.

Shelters are a unique intervention in the suite of policies that affect do-
mestic violence. We know that housing-insecure populations are at high risk
for domestic violence, and that domestic violence responds to the broader
economic and policy environment and to targeted interventions by law en-
forcement for those who are willing to self-report. Even survivors who do
report are often referred by police to shelters if the abuser is not arrested or
is likely to be released on bond and have the ability to engage in retaliatory
violence. Overall, the results presented here suggest that, due to the close link
between domestic violence and homelessness, shelters are an important piece
in the toolkit available to policymakers to combat domestic violence.
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7 Appendix

7.1 Additional Data Notes: County Business Patterns Data

The analysis is limited to the period from 1998-2016 due to features of the
County Business Patterns data. In 1998, the County Business Patterns dataset
switched from using the SIC industry classification system to the NAICS in-
dustry classification system, and in doing so introduced an industry code for
shelters. Shelters were previously included in a more general SIC code that
also covered other types of social services. Furthermore, starting in 2017, the
County Business Patterns data no longer reports the number of establishments
in each county-industry cell if there are less than three establishments, and
does not report NAICS codes with zero establishments, therefore providing
essentially no information in counties with few shelters.

While the County Business Patterns data do not identify the type of shelter,
hand-collected data provide descriptive insights into the portion of shelters in
the data that are likely to serve domestic violence survivors. For counties that
had exactly one shelter as of 2016, a research assistant hand-collected data
about how many shelters of each type are in these counties as of October 2021.
The vast marjority of these counties still have at least one shelter, and most
have more than one, as shown in Table [L3.

Table 13: Counties with One Shelter in 2016

Mean Std. Dev. N Min Max
Any shelters still open as of 2021 0.97 0.16 320 0 1
Number of shelters still open as of 2021  3.00 2.10 320 0 16

Table [L14 shows descriptive statistics for the types of shelters in each county
that had one shelter in 2016 and one shelter in 2021. 73% of these shelters are
domestic violence shelters, and an additional 6% are family shelters. These
data suggest that when a small or mid-size county has a single shelter, it is
often a domestic violence shelter.

Table @ shows descriptive statistics for the types of shelters in counties
that had one shelter in 2016 and at least one shelter in 2021. 62% of these
shelters are either domestic violence shelters, women’s shelters, or family shel-
ters, and are therefore likely to serve domestic violence survivors. 95% of these
counties have at least one of these three types of shelters, and 90% of these
counties have a domestic violence shelter. This means, that, when measuring
whether a small to mid-size county has a shelter, I am likely measuring (with
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Table 14: Counties with One Shelter in 2016 and One Shelter in 2021

Mean Std. Dev. N Min Max

DV Shelter 0.73 0.45 63 0 1
Women’s Shelter 0.00 0.00 63 O 0
Family Shelter 0.06 0.25 63 O 1
Homeless Shelter 0.16 0.37 63 0 1
Men’s Shelter 0.03 0.18 63 O 1
Other Specialized Shelter 0.00 0.00 63 0 0
DV, Women’s, or Family Shelter  0.79 0.41 63 0 1

some error) whether it has a shelter that serves clients experiencing domestic
violence. This is error, if anything, likely attenuates the estimated effect of
shelter availability on intimate partner homicides.

Table 15: Counties with One Shelter in 2016 and One Shelter in 2021

Mean Std. Dev. N Min Max

Any DV Shelter 0.90 0.30 312 0 1
Proportion DV Shelters 0.46 0.30 312 0 1
Any Women’s Shelter 0.16 0.37 312 0 1
Proportion Women’s Shelters 0.04 0.11 312 0 0
Any Family Shelter 0.32 0.47 312 0 1
Proportion Family Shelters 0.12 0.20 312 0 1
Any General Homeless Shelters 0.69 0.46 312 0 1
Proportion General Homeless Shelters 0.34 0.27 312 0 1
Any DV, Women’s or Family Shelters 0.95 0.21 312 0 1
Proportion DV, Women’s or Family Shelters  0.62 0.29 312 0 2

7.2 Additional Data Notes: Supplementary Homicide Reports
Data

Relatively few agencies report consistently to the UCR. Because the sample is
limited to 1) police agencies that report consistently to the UCR every year
from 1998-2016 and 2) counties that have a small enough population to be
reasonably at risk of not having a shelter, the results in this paper should not
be interpreted as nationally representative. They are most applicable to small
and mid-size cities.
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7.3 Additional Descriptive Statistics

Table 16: Descriptive Statistics: Homicides, Starting at Zero Shelters

Mean  Std. Dev. N Min Max
Intimate Partner Homicides/100,000 People 0.569 4.732 21755 0 193.4
Female Intimate Partner Homicides/100,000 People — 0.414 3.853 21755 0 193.1
Male Intimate Partner Homicides/100,000 People 0.155 2.755 21755 0 193.4
Other Homicides/100,000 People 0.773 5.704 21755 0 406.5
Any Intimate Partner Homicides (Agency-Year) 0.044 0.205 21755 0 1.0
Any Female Intimate Partner Homicides 0.035 0.183 21755 0 1.0
Any Male Intimate Partner Homicides 0.011 0.102 21755 0 1.0
Population served by reporting police agency 9165.669 17143.040 21755 224 337610.0

Table 17: Descriptive Statistics: Homicides, Starting with Shelter(s)

Mean Std. Dev. N Min Max
Intimate Partner Homicides/100,000 People 0.413 2.809 34542 0 237.5
Female Intimate Partner Homicides/100,000 People 0.329 2.613 34542 0 237.5
Male Intimate Partner Homicides/100,000 People 0.084 1.026 34542 0 70.5
Other Homicides/100,000 People 0.586 3.026 34542 0 200.0
Any Intimate Partner Homicides (Agency-Year) 0.087 0.282 34542 0 1.0
Any Female Intimate Partner Homicides 0.072 0.259 34542 0 1.0
Any Male Intimate Partner Homicides 0.025 0.157 34542 0 1.0
Population served by reporting police agency 24104.517 42051.441 34542 63  453017.0

Table 18: Descriptive Statistics: Shelters, Starting at Zero Shelters

Mean Std. Dev. N Min Max
Zero shelters in 1998 1.000 0.000 720 1 1.0
Minimum number of shelters 0.000 0.000 720 0 0.0
Maximum number of shelters 0.576 0.913 720 0 6.0
Ever had Zero Shelters 1.000 0.000 720 1 1.0
Ever had Any Shelters 0.385 0.487 720 0 1.0
Ever Change Whether County has Any Shelters 0.385 0.487 720 0 1.0
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Table 19: Descriptive Statistics: Shelters, Starting with Shelter(s)

Mean Std. Dev. N Min Max
Zero shelters in 1998 0.000 0.000 624 0 0.0
Minimum number of shelters 1.361 1.223 624 0 12.0
Maximum number of shelters 3.396 2.568 624 1 20.0
Ever had Zero Shelters 0.179 0.384 624 0 1.0
Ever had Any Shelters 1.000 0.000 624 1 1.0
Ever Change Whether County has Any Shelters 0.179 0.384 624 0 1.0

Table 20: Descriptive Statistics: Demographics, Main Small-County Sample

Mean Std. Dev. N Min Max
Percent ages 20-29 in County 0.120 0.010 26879 0 0.2
Percent ages 30-39 in County 0.119 0.010 26879 0 0.2
Percent ages 40-49 in County 0.115 0.008 26879 0 0.2
Percent non-Hispanic White in County 0.339 0.083 26879 0 1.0
Percent Black in County 0.242 0.051 26879 0 0.5
Percent Hispanic in County 0.397 0.077 26879 0 0.6
County Population 87926.522 103837.156 26879 902 943742.0

Sample includes all counties whose population is less than or equal to that of the largest county that begins the panel with
zero shelters in 1998. Observations are at the county-year level. Appendix_Table
portion of this sample that starts with zero shelters, and Appendix Table @ presents the same for the portion that starts

with at least one shelter.

presents the same measures for the

Table 21: Descriptive Statistics: Demographics, Starting at Zero Shelters

Mean Std. Dev. N Min Max
Percent ages 20-29 in County 0.122 0.011 14399 0 0.2
Percent ages 30-39 in County 0.121 0.010 14399 0 0.2
Percent ages 40-49 in County 0.117 0.009 14399 0 0.2
Percent non-Hispanic White in County 0.370 0.091 14399 0 1.0
Percent Black in County 0.238 0.062 14399 0 0.5
Percent Hispanic in County 0.375 0.077 14399 0 0.6
County Population 41889.186 50352.068 14399 902 808212.0

Table 22: Descriptive Statistics: Demographics, Starting with Shelter(s)

Mean Std. Dev. N Min Max
Percent ages 20-29 in County 0.117 0.009 12480 0 0.2
Percent ages 30-39 in County 0.116 0.007 12480 0 0.2
Percent ages 40-49 in County 0.113 0.006 12480 0 0.2
Percent non-Hispanic White in County 0.304 0.055 12480 0 0.8
Percent Black in County 0.246 0.034 12480 0 0.5
Percent Hispanic in County 0.423 0.068 12480 0 0.5
County Population 141042.835 122600.685 12480 3767 943742.0
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Table 23: Descriptive Statistics: NCANDS Child Maltreatment Reports

Mean Std. Dev. N Min Max

Rate per 100,000 of Child Maltreatment Reports 1351.240  777.194 3000 35 5205.5
Rate per 100,000 of Incidents Reported by Family/Self 333.834  231.323 3000 O  3979.7
Rate per 100,000 of Incidents Reported Outside Family ~ 846.334  456.562 3000 0  6062.8
Rate per 100,000 of Substantiated Reported Incidents 355.602 238.002 3000 10 1887.6
Rate per 100,000 of Unsubstantiated Reported Incidents 989.008  610.211 3000 4  4297.2

Table 24: Descriptive Statistics: Marriage and Divorce, Main Sample

Mean Std. Dev. N Min Max

2010 County Marriage Rate per 100,000 712.304  505.053 1248 0 13787.4
2010 County Divorce Rate per 100,000  424.936  1129.020 1248 0 39893.7
Long Difference in Marriage Rate -170.161  661.115 1248 -20564 1878.7
Long Difference in Divorce Rate -76.510  1072.242 1248 -37644 1240.9

Figure 8: Event Study: Number of Shelters after First Opening

0.59

0.0+

1 1] 1 2 3 4 5
Notes: Outcome variable is number of shelters in county, time variable is years since first shelter opening. Treatment
Sample includes all counties that begin the panel with zero shelters in 1998. The level of observation is the agency-year.
Counties are considered treated the first time in the panel that they have any shelters.
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Figure 9: Event Study: Number of Shelters after First Total Closure
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Notes: Outcome variable is number of shelters in county, time variable is years since first total closure. Treatment Sample
includes all counties that begin the panel with at least one shelter in 1998 and have at least 5 years of follow-up after the
first total closure. The level of observation is the agency-year. Counties are considered treated the first time in the panel

that they have zero shelters.
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7.4 Additional Results

Figure 10: Event Study: Female Intimate Partner Homicide Rates, Permanent
Shelter Openings
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Notes: Outcome variable is the female intimate partner (IPV) homicide rate, the number of intimate partner homicides
with female victims per 100,000 people served by the reporting police agency per year. Time variable is years relative to
the permanent opening of a shelter in the county. Sample includes all counties that begin the panel with zero shelters in
1998 and that do not experience a shelter opening and then a subsequent total closure of all shelters. The level of
observation is the agency-year.

Table 25: DID-M Estimates, Openings and Closings, Starting at Zero Shelters

1 2 ®3) (4)
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate

(Women) (Women) (Men) (Men)
Any shelters in county -0.2969 -0.2753 0.0366 0.0423

(0.2171) (0.2094) (0.0840) (0.0845)
County-level age distribution controls No Yes No Yes
County-level race/ethnicity controls No Yes No Yes
County-level unemployment rate No Yes No Yes
Agency-level linear trend Yes Yes Yes Yes

Standard errors in parentheses

*p<0.10,* p<0.05,* p<0.01, ™ p<0.001
Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homicides with female (male) victims per
100,000 people served by the reporting police agency per year. Sample includes all counties that begin the panel with zero
shelters in 1998. The level of observation is the agency-year.
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Table 26: DID-M Estimates, Openings and Closings, Weighted

1) 2 ®3) (4)
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate

(Women) (Women) (Men) (Men)
Any shelters in county -0.0658 -0.0622 0.0401 0.0438

(0.0864) (0.0791) (0.0347) (0.0374)
County-level age distribution controls No Yes No Yes
County-level race/ethnicity controls No Yes No Yes
County-level unemployment rate No Yes No Yes
Agency-level linear trend Yes Yes Yes Yes
Mean 0.392 0.392 0.126 0.126
Agencies 2963 2963 2963 2963
Counties 1344 1344 1344 1344

Standard errors in parentheses

*p<0.10,* p<0.05,* p<0.01, " p<0.001
Notes: Intimate partner (IPV) homicide rates are the number of intimate partner homicides with female (male) victims per
100,000 people served by the reporting police agency per year. Estimates are weighted by the total population served by
the reporting police agency. Sample includes all counties with population less than or equal to that of the largest county
that begins the panel with zero shelters in 1998. The level of observation is the agency-year.

Table 27: DID-M Estimates, Openings and Closings, Binary Outcome Model

1) 2 ®3) (4)
Any IPV Homicides Any IPV Homicides Any IPV Homicides Any IPV Homicides

(ALl (ALl (Women) (Women)

Any shelters in county -0.0017 -0.0017 -0.0053 -0.0054

(0.0115) (0.0116) (0.0118) (0.0110)
County-level age distribution controls No Yes No Yes
County-level race/ethnicity controls No Yes No Yes
County-level unemployment rate No Yes No Yes
Agency-level linear trend Yes Yes Yes Yes

Standard errors in parentheses

* p<0.10,* p<0.05,* p<0.01, ™ p<0.001
Notes: Outcome takes a value of 1 if there were any (female) intimate partner homicides for that agency-year and 0 if there
were not. Sample includes all counties with population less than or equal to that of the largest county that begins the
panel with zero shelters in 1998. The level of observation is the agency-year.

Table 28: TWFE vs. FD: Female Intimate Partner Homicide Rate, Weighted

5 @ ® @ ® ©
Small Counties Small Counties Start at 0 Start at 0 Start at > 0 Start at > 0
Any Shelters in County -0.0356 -0.0385 0.0707
(0.0317) (0.0468) (0.0477)
First Difference: Any Shelters in County -0.0290 -0.0682 0.0327
(0.0655) (0.0942) (0.0826)
Observations 56283 53313 21755 20610 34528 32703
Mean 0.392 -0.00446 0.427 -0.00767 0.384 -0.00369
Agencies 2963 2963 1145 1145 1818 1818
Counties 1344 1344 720 720 624 624

Standard errors in parentheses

* p<0.10,* p<0.05, * p<0.01, ™ p<0.001
Notes: Outcome is intimate partner (IPV) homicide rates: the number of intimate partner homicides with female victims
per 100,000 people per year. ”Small Counties” sample in columns (1) and (2) includes all counties that begin the panel
with zero shelters in 1998. Columns (3) and (4) include all counties within the “Small Counties” sample that start with
zero shelters in 1998 and columns (5) and (6) include all counties within the “Small Counties” sample that start with at
least one shelter at the beginning of the panel in 1998. All specifications include year fixed effects, and columns (1), (3),
and (5) include agency fixed effects. All specifications include controls for county-level age and race/ethnicity
demographics, county-level unemployment rates, and agency-level rates of other homicides where the relationship between
the victim and the perpetrator is known and is not intimate or domestic in nature, and are weighted_ by the total
population served by the reporting police agency in the UCR, unlike the analogous results in Table(h Appendix Tables E
and show TWFE and FD results for overall intimate partner homicide rates and male intimate partner homicide rates.
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Table 29: TWFE vs. FD: Overall Intimate Partner Homicide Rate

M ® ® @ ® ©
Small Counties Small Counties Start at 0 Start at 0 Start at >0 Start at > 0
Any Shelters in County 0.0308 -0.0517 0.177*
(0.0861) (0.119) (0.104)
First Difference: Any Shelters in County -0.143 -0.176 -0.141
(0.201) (0.299) (0.195)
Observations 56283 53313 21755 20610 34528 32703
Mean 0.473 -0.00825 0.569 -0.0109 0.413 -0.00655
Agencies 2963 2963 1145 1145 1818 1818
Counties 1344 1344 720 720 624 624

Standard errors in parentheses

*p<0.10,* p<0.05,* p<0.01, " p<0.001
Notes: Outcome is intimate partner (IPV) homicide rates: the number of intimate partner homicides per 100,000 people
per year. "Small Counties” sample in columns (1) and (2) includes all counties that begin the panel with zero shelters in
1998. Columns (3) and (4) include all counties within the “Small Counties” sample that start with zero shelters in 1998
and columns (5) and (6) include all counties within the “Small Counties” sample that start with at least one shelter at the
beginning of the panel in 1998. All specifications include year fixed effects, and columns (1), (3), and (5) include agency
fixed effects. All specifications include controls for county-level age and race/ethnicity demographics, county-level
unemployment rates, and agency-level rates of other homicides where the relationship between the victim and the
perpetrator is known and is not intimate or domestic in nature.

Table 30: TWFE vs. FD: Male Intimate Partner Homicide Rate

M ® ®) @ ® ©)
Small Counties Small Counties Start at 0 Start at 0 Start at >0 Start at > 0
Any Shelters in County 0.104* 0.113 0.0410
(0.0593) (0.0850) (0.0533)
First Difference: Any Shelters in County 0.114 0.170 0.00302
(0.116) (0.182) (0.0405)
Observations 56283 53313 21755 20610 34528 32703
Mean 0.111 -0.000815 0.155 -0.000867 0.0836 -0.000782
Agencies 2963 2963 1145 1145 1818 1818
Counties 1344 1344 720 720 624 624

Standard errors in parentheses

*p<0.10," p<0.05,* p<0.01, ™ p<0.001
Notes: Outcome is intimate partner (IPV) homicide rates: the number of intimate partner homicides per 100,000 people
per year. ”Small Counties” sample in columns (1) and (2) includes all counties that begin the panel with zero shelters in
1998. Columns (3) and (4) include all counties within the “Small Counties” sample that start with zero shelters in 1998
and columns (5) and (6) include all counties within the “Small Counties” sample that start with at least one shelter at the
beginning of the panel in 1998. All specifications include year fixed effects, and columns (1), (3), and (5) include agency
fixed effects. All specifications include controls for county-level age and race/ethnicity demographics, county-level
unemployment rates, and agency-level rates of other homicides where the relationship between the victim and the
perpetrator is known and is not intimate or domestic in nature.

Table 31: DID-M: Heterogeneity by Victim Race

(1) (2) 3)
IPV Homicide Rate IPV Homicide Rate IPV Homicide Rate
(White Women) (Hispanic Women) (Black Women)

Any shelters in county -0.2360 -0.0279 -0.0162
(0.1559) (0.0538) (0.0438)
County-level age distribution controls Yes Yes Yes
County-level race/ethnicity controls Yes Yes Yes
County-level unemployment rate Yes Yes Yes
Agency-level linear trend Yes Yes Yes
Mean 0.251 0.025 0.079

Standard errors in parentheses
+p<0.10,* p<0.05 * p<0.01, "™ p<0.001
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Table 32: DID-M: Heterogeneity by Marital Status with Perpetrator

0 @)
IPV Homicide Rate IPV Homicide Rate
(Women, Current Spouse) (Women, Other Partner)

Any shelters in county -0.1714 -0.1240

(0.1109) (0.1261)
County-level age distribution controls Yes Yes
County-level race/ethnicity controls Yes Yes
County-level unemployment rate Yes Yes
Agency-level linear trend Yes Yes
Mean 0.170 0.198

Standard errors in parentheses
* p<0.10, * p<0.05,* p<0.01, " p<0.001
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For this secondary analysis on divorces and marriages, I use the following
long-differences specification since county-level marriage and divorce rates are
only available for the years 2000 and 2010:

ArpDivorceRate. = By + p1ApAnyShelt. + Aip X, v + €, (10)

where A;p denotes the difference in a given variable between 2010 and
2000. X, includes the age, race/ethnicity, and unemployment controls but not
the other homicides control E3.

Table 33: Long Differences - Divorce Rates

) 2) ®3) (4) () (6)

Arp Divorce Rate App Divorce Rate App Divorce Rate App Marriage Rate A p Marriage Rate  App Marriage Rate

Arp Any Shelters 1231 8774 8.208 1717 21.78 24.29
(21.29) (24.61) (24.37) (20.82) (21.58) (22.51)
Age, race, ethnicity controls No Yes Yes No Yes Yes
State fixed effects No Yes Yes No Yes Yes
% Change county population No No Yes No No Yes
Observations 1248 1248 1248 1248 1248 1248
Mean 424.9 424.9 424.9 712.3 712.3 712.3

Standard errors in parentheses
* p<0.10,* p<0.05,* p<0.01,* p<0.001

Divorcesct
(CountyPopulationc+/100,000
similarly. Long differences are taken between 2010 and 2000. Data on the number of marriages and divorces are provided
by BGSU (201€) and population data are from SEER Population Estimates.

Notes: Divorce Rates are constructed as DivorceRatect = E and marriage rates are constructed

Table 34: Long Differences - Divorce Rates, Proportion of Time With a Shelter

@] 6] () (4) () (6)
Arp Divorce Rate AppDivorce Rate App Divorce Rate App Marriage Rate  Ajp Marriage Rate  App Marriage Rate

Proportion of Time With a Shelter 54.34 -70.39 -71.42 -24.96 -44.03 -40.10
(74.72) (52.47) (53.36) (43.11) (63.70) (62.04)

Observations 1248 1248 1248 1248 1248 1248

Mean 424.9 424.9 424.9 712.3 712.3 712.3

Standard errors in parentheses
*p<0.10,* p<0.05, " p<0.01, ™ p<0.001

Divorcesct
(CountyPopulationc¢/100,000
similarly. Long differences are taken between 2010 and 2000. Data on the number of marriages and divorces are provided
by BGSU (201€) and population data are from SEER Population Estimates.

Notes: Divorce Rates are constructed as DivorceRatect = K and marriage rates are constructed

Some specifications also include a state fixed effect and the county-level percent change in population in the intervening
years
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Table 35: DID-M: NCANDS Child Maltreatment Rates

(1) (2) (3)
Reported Outside Family Reported by Family/Self All

Any shelters in county 14.3445 -12.7782 -30.9006

. (20.5230) (12.2528) (43.8927)
County-level age distribution controls Yes Yes Yes
County-level race/ethnicity controls Yes Yes Yes
County-level unemployment rate Yes Yes Yes
County-level linear trend Yes Yes Yes
Counties 300 300 300

Notes: Outcome is child maltreatment reports per 100,000 people in the county per year. Sample includes all counties with
population less than or equal to that of the largest county that begins the NCANDS panel with zero shelters in 2007. All
specifications include controls for county-level age and race/ethnicity demographics, unemployment rates, and linear trend.
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