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ABSTRACT

This thesis consists of five chapters relating to gender justice, education, sanction
law, and public policy.

In the first chapter, I examine the effect of female leadership in local govern-
ment on violence against women. Regression discontinuity estimates show that
elections of female mayors decrease violence specifically targeted toward women
but leave other violence unaffected. Moreover, the study explores behavioral re-
sponses by victims. Evidence suggests that female victims are more likely to report
violence against them after female mayors take office. Importantly, female victories
are followed by greater police responsiveness to violence against women.

In the second chapter, I study the impact of the appointment of female chief
officers in policing on female salient crimes. Evidence shows that appointing more
female chief officers leads to a significant increase in recorded female salient crimes.
Yet, this rise is good news, which is due not to a rise in actual crimes committed
but, rather, to greater reporting or recording. I also find that the appointment of
female chief officers decreases violence against women.

The third chapter, joint with Prateek Chandra Bhan, studies the role modelling
effect of historical statues. We conduct a Ramdomised Controlled Trail (RCT) and
find that treatment with a virtual tour to four statues of distinct role models in
Jaipur leads to an increase in students’ academic performance. Evidence from het-
erogeneity analysis suggests that the statues intervention affects only boys.

In the fourth chapter, I study the effect of health care on domestic violence. I
find that improving access to medical care significantly decreases domestic vio-
lence against women. I corroborate this by using an instrument variable approach.
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I close by examining the effect of expanding Medicaid coverage. Exploration of
mechanisms suggests that expanding health insurance may save battered women’s
lives by increasing economic independence for women.

In the fifth chapter, I look into the impact of the severity of punishment on the
behavior of victims, police, and potential criminals. Using multiple causal iden-
tification strategies, I study the felony theft thresholds. Evidence shows that the
felony theft thresholds have significant effect on crime reporting: felony thefts are
more likely to be reported to the police by victims. Moreover, raising the felony
thresholds reduces deterrence, and therefore leads to a decline in law and order.
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INTRODUCTION

The natural distribution is neither just nor unjust; nor is it unjust that persons
are born into society at some particular position. These are simply natural facts.
What is just and unjust is the way that institutions deal with these facts.

John Rawls,
A Theory of Justice (1971).

Overview This thesis is composed of five chapters that contribute to impor-
tant issues in economics and their applications in the context of gender, justice and
education. The first two chapters examine whether female leadership in local gov-
ernment and law enforcement agencies reduces violence against women. The third
chapter examines the effect of statues on children’s development. The fourth chap-
ter examines whether improving access to health care decreases domestic violence.
The final chapter examines whether a jurisdiction’s sanctions regime influences the
decision of victims to seek justice.

Chapter One The first chapter of my thesis examines the effects of electing fe-
male mayors on violence against women, using a regression discontinuity design.
This chapter makes two main contributions. First, I add to the seminal work on
female leadership and policy preferences (Chattopadhyay and Duflo, 2004) and
show that elections of femalemayors decrease violence specifically targeted toward
women but leave other violence unaffected.

My second contribution is to examine the potential mechanisms underlying the
relationship. I find strong evidence for the deterrence and reporting channel: police
aremore likely to arrest the offenders of violence againstwomen and female victims
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are more likely to seek police involvement. These findings accord well with those
documented in Iyer et al. (2012) in the context of India.

Chapter Two The second chapter of my thesis focuses on female leadership in
law enforcement agencies, one of the most male-dominated public service fields
and examine the effects of the appointment of female chief officers on violence
against women. This chapter makes contributions to the literature, because this
is the first paper exploring the effects of chief policewomen, which diverges from
existing literature with a focus on the distinctive advantage of policewomen in di-
rect interactions with female victims (Miller and Segal, 2019; Amaral et al., 2021;
Kavanaugh et al., 2018; Perova and Reynolds, 2017).

Chapter Three The third chapter of my thesis investigates whether installations
of statues influence child development in India. This chapter makes contributions
to the literature, because it contributes to a growing literature on role-modelling ef-
fects from movies and video clips on education attainment (Riley, 2022). We find
that a virtual tour to statues leads to an improvement in students’ academic perfor-
mance.

Chapter Four The fourth chapter of my thesis studies whether health care mat-
ters for domestic violence. This chapter makes two contributions to the literature.
First, it contributes to a growing literature on the impact of healthcare coverage
on crime and is the first to study the impact on domestic violence. I find that im-
proved access to health care decreases domestic violence. The results for different
measures of accessing health care are quite consistent, speaking to the strength of
the results.

Second, exploration of mechanisms suggests that the Medicaid expansion can
lower domestic violence by reducingwomen’s economic dependency on their spouses.
These findings echo those in the literature documenting that an increase inwomen’s
economic independence by improving female labor market conditions decreases
domestic violence (Aizer, 2010; Anderberg et al., 2016; Tur-Prats, 2019). I consider
alternative explanations and find that the observed patterns are unlikely to be ex-
plained by deterrence and mental health accounts.
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Chapter Five The fifth chapter of my thesis investigate the effects of the sanction
severity on the behavior of victims and criminals. This chaptermakes two contribu-
tions to the literature. First, it fills the research gap on the relationship between the
sanction regime and crime reporting. This is the first study offering causal evidence
that the threshold rule causes thefts with value just above the felony threshold to
be around 14 percentage points more likely to be reported. This estimate is eco-
nomically important, when compared to mean reporting of 14 percentage points.

Second, leveraging a dynamic difference-in-differences design, I find that rais-
ing theft felony thresholds leads to an increase in theft incidents. In this regard,
my work contributes to the literature on deterrence that refers to the behavioral
reduction in crime due to offender anticipation of punishment (Becker, 1968).

Organization of the Thesis The next five chapters consist of the essays just de-
scribed, which are presented as self-contained journal-style articles. They all in-
clude their own sections on introduction, data description, identification strategy,
results, and discussion. My contributions to existing research are outlined within
each chapter.
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CHAPTER 1

Female Mayors and Violence against
Women: Evidence from the U.S.

Abstract: This study examines the effect of female leadership in local government
on violence against women. Regression discontinuity estimates show that elections
of female mayors decrease violence specifically targeted toward women but leave
other violence unaffected. The effect is strong only for local elected leaders and per-
sistent throughout their term, while there is no effect for non-local leaders. More-
over, the study explores behavioral responses by victims. Evidence suggests that
female victims are more likely to report violence against them after female mayors
take office. Importantly, female victories are followed by greater police responsive-
ness to violence against women. There are no such effects for violence against men.
These findings survive various robustness checks.

1.1 Introduction

In the United States, more than one in three women experience sexual violence in-
volving physical contact during their lifetimes (Centers forDiseaseControl, 2018b).
Rapes result in nearly $3.1 trillion to the economy over the lifetimes of all 25 million
victims (Peterson et al., 2017). Importantly, the economic burden would be much
larger after accounting for sexual violence excluding rapes. Empoweringwomen in
political decision making to eliminate violence against women has been identified

1



1. FEMALE MAYORS AND VIOLENCE AGAINST WOMEN: EVIDENCE FROM THE U.S.

as a priority in many countries (United Nations, 2012).
Does female leadership decrease violence against women? On one hand, female

leaders, when compared with male leaders, share common concerns about being
victimized, therefore, they are more likely to place women’s concerns on the polit-
ical agenda and combat violence against women. For example, mayor of Atlanta,
Shirley Franklin launched the “Dear John” campaign aimed towards reducing sex
trafficking, which got the police to take it more seriously.1 As Franklin herself ex-
plained, “As the first woman mayor, I needed address these issues” (Majic, 2017).

On the other hand, it is commonly argued that gender identity norms could
create an aversion to women occupying leadership positions. As in Akerlof and
Kranton (2000), one person’s actions can have meaning for and evoke responses
in others if deviating from specific behavioral prescriptions. Because empowering
women politically might violate prescribed expectations for women, there could
be backlash against women in response to their greater political empowerment.
For instance, Dube and Harish (2020) find that single queens are more likely to be
attacked by others than single kings.2

U.S. police departments are organized at the city level and ultimate decision-
making authority on police issues resides with the mayor (Levitt, 1997).3 Accord-
ingly, the preferences of mayors play a significant role in policing and crime. How-
ever, there is little conclusive evidence of whether cities vary in experiencing crime
under female versus male leadership. In contrast to this association, there is a
dense literature that focuses on the association between female leadership and pol-
icy preferences regarding economic development (Chattopadhyay andDuflo, 2004;
Clots-Figueras, 2012; Brollo and Troiano, 2016).4 Earlier work by Iyer et al. (2012)

1In North America, the vast majority of detected victims of trafficking continue to be women,
reaching nearly 85 percent in 2016 (United Nations Office on Drugs and Crime, 2018).

2The literature also sheds light on the relationship between female leadership and conflict on the
modern era (Caprioli and Boyer, 2001; Regan and Paskeviciute, 2003; Koch and Fulton, 2011).

3There are only a few exceptions (Levitt, 1997).
4Political theories of representative bureaucracy also suggest that minority bureaucrats often im-

plement policies to reduce the disparate treatment that minority clients have received historically
(Meier and Stewart, 1992). For example, Keiser et al. (2002) take into account the contextual envi-
ronment that influences whether sex will lead to active representation in the bureaucracy on this
topic and find that increasing female representation in bureaucratic agencies helps women in the

2
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does examine the effect of local female leaders on the occurrence of violence against
women but the estimate is statistically insignificant in the Indian context where lo-
cal governments do not have direct power over policing.

In this work, I examine how female mayors affect violence, and in particular
violence against women, exploiting the outcomes of mixed gender close electoral
races to implement a regression discontinuity (RD) design. While cities where fe-
male candidates win and lose by wide margins tend to be different, the results of
validity tests show that the outcomes of close elections are uncorrelated with pre-
existing city characteristics and violence trends.

To conduct my analysis, I construct a panel data set by combining detailed data
sources on crime, elections, and various city-level socioeconomic characteristics.
RD estimates document that female victories in mayoral elections decrease homi-
cides involving only female victims by approximately 1.79 homicides per 100,000
population. Importantly, these estimates are economically meaningful, when com-
pared to mean value of 2.59 homicides per 100,000 population.

A reasonable concernwithmy analysis is that electing a femalemayormay have
generalized effects on violence, regardless of victim gender. If so, different potential
channels other than gender identity of mayors might be in operation. To address
this concern, I perform falsification checks by regressing homicides involving male
victims on female mayors. The results suggest that having a female mayor does not
influence violence against men, increasing my confidence in the results.

The natural question to ask is whether the effect differs over time across the
mayor’s term of office. That is why I conduct heterogeneity analysis by introducing
interaction terms. The corresponding results show that the gender effect persists
during the mayor’s term of office. In addition, I also examine whether it outlasts
her tenure and find no effect after amale succeeds a female asmayor. It implies that
temporary exposure to female mayors may not have long-run effects on attitudes
and behaviors of potential offenders.

I examine two potential mechanisms in which the presence of female mayors

population.
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could lead to a decrease in violence against women. The first mechanism relates
to police responsiveness to violence against women. To alleviate women’s con-
cerns, female mayors could devise the police and crime plan where fighting vio-
lence against women is made a priority. In turn, police may have to take women’s
grievancesmore seriously and becomemore responsive to violence againstwomen.
When potential offenders observe an increase in police efforts to protect women,
they are less likely to commit crimes against women.

The second mechanism builds on the critical role of crime reporting. Crime re-
porting has been viewed as an importantmeasure of the performance and efficiency
of law enforcement services (Soares, 2004a).5 Underreporting of violence against
women is expected to be particularly worrisome. If the police consider violence
against women more serious than they did before elections of female mayors, vic-
tims would adjust their behavior accordingly and their propensity to report crimes
would increase.

In addition, as in Scrase (2002), women’s victories in mayoral elections might
lead women to question their social position and might decrease the acceptability
of being badly treated. Similarly, they would be more inclined to come forward
and report crimes. Given the higher probability of incurring police involvement,
potential offenders would be deterred from committing crimes against women in
the first place.

To test these mechanisms, I match mixed-gender elections to survey responses
on crime victimization. I find that female victories raise the probability that per-
petrators are apprehended for having committed crimes against women by 14 per-
centage points. These results are supportive of the police responsiveness mech-
anism: the advancement of women in political decision making brings about an
increase in police efforts to address violence against women.

Also, I observe a behavioral response of female victims to the electoral success
of female candidates. Specifically, female victories increase the likelihood of fe-

5Despite its importance, there is limited literature in the economics of crime focusing on crime
reporting as an outcome of interest.
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male victims reporting violent crime to the police by around 33 percent. This re-
sult is consistent with the crime reporting mechanism. Furthermore, the results
from falsification checks in particular, are worth mentioning. The RD estimates of
the effects of having female mayors on crime reporting by male victims and po-
lice quality for violence against men are statistically insignificant, supporting the
women-specific channel. The combination of these results accords with deterrence
that refers to the behavioral reduction in crime due to offender anticipation of pun-
ishment (Becker, 1968; Levitt, 1998; Chalfin and McCrary, 2018).

This study fits into four main strands in the literature. First, it contributes to the
economics of crime literature on violence against women by investigating the role
of gender identity of mayors in deterring offenders from committing those crimes.
The existing literature considers the impacts of gender pay gaps (Aizer, 2010), labor
market conditions (Anderberg et al., 2016; Bhalotra et al., 2020), and family types
(Tur-Prats, 2019). Studies also link violence against women with emotional cues
(Card and Dahl, 2011), mandatory arrest laws (Iyengar, 2009), intergenerational
transmissions (Pollak, 2004), and ancestral features (Alesina et al., 2016). Unlike
that literature, which mainly focuses on the economic and historical causes of vio-
lence against women at the individual level, this study contributes to the literature
by primarily examining whether women’s political empowerment at the adminis-
trative level can help reduce violence against women.

Second, this paper also contributes to the literature on the effect of policing on
crime by providing evidence on deterrence. Beginning with Levitt (1997), much
of that literature focuses on police staffing, suggesting that the size of the police
force significantly reduces crimes (Evans and Owens, 2007; Chalfin and McCrary,
2018). Leveraging a redeployment of police in response to a perceived terrorist
threat, studies also investigate the response of crime to changes in normal routines
of policing (Klick and Tabarrok, 2005; Draca et al., 2011). Some studies have also
focused on the effect of police demographic characteristics on crime (Antonovics
and Knight, 2009; Amaral et al., 2021; Perova and Reynolds, 2017; Kavanaugh et al.,
2018; Miller and Segal, 2019). That literature concentrates on the management and
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staffing decision within the law enforcement department, while this study con-
tributes to the literature by exploring the change in governmental leaders due to
direct elections. In particularly, directly elected leaders are held accountable for
their actions by communities they serve.

Third, this paper also contributes to the literature that relates the identity of
leaders to policy outcomes. Many studies have examined the effects of particu-
lar types of leader identity, along dimensions such as race (Meier and Stewart,
1992), caste (Pande, 2003), party (Blais et al., 1993; Ferreira and Gyourko, 2009),
and gender (Chattopadhyay and Duflo, 2004; Clots-Figueras, 2012; Iyer et al., 2012;
Ferreira and Gyourko, 2014; Brollo and Troiano, 2016). My study builds on this lit-
erature by showing how the gender identity of mayors could be consequential for
the behavior of police, victims, and criminals relating to crime situations. Another
strand of related studies has also suggested that the presence of women in corpo-
rate leadership affect firm outcomes (Ahern and Dittmar, 2012; Matsa and Miller,
2013; Bertrand et al., 2019). This paper also looks to the impact of identity of polit-
ical leaders, but instead of focusing on economic outcomes, I focus on the outcome
of public safety, particularly for women, and argue that women as leaders can help
and protect women from violence in the population.

Fourth and finally, I view my work as closely related to quantitative and qual-
itative studies of underreporting of violence against women. The main barriers
to reporting include stigma that will tarnish the woman’s own reputation (Kishor
and Johnson, 2005; Overstreet andQuinn, 2013), cultural beliefs (Njuki et al., 2012),
economic dependence (Wolf et al., 2003), fear of retaliation (World Health Organi-
zation, 2005; Kishor and Johnson, 2005), and discriminatory and stereotypical atti-
tudes toward victims in law enforcement settings (Allen, 2007; Maier, 2008; Belk-
nap, 2010; Palermo et al., 2014). This study contributes to the literature by demon-
strating the critical role of female leadership in crime reporting and access to justice.
My goal in this paper is to examine whether creating female-friendly political envi-
ronment can encouragemore female victims to come forward to the criminal justice
system and bring justice for them.
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The remainder of the article proceeds as follows. Section 2 presentsmechanisms
through which female leadership can influence violence against women. Section 3
describes the data. Section 4 conducts the analysis of femalemayors and homicides.
Section 5 does the same for police responsiveness and crime reporting. In Section
6 I discuss my results. Section 7 concludes.

1.2 Mechanisms

1.2.1 Police Responsiveness

One account of how female leadership can influence violence against women fo-
cuses on police responsiveness. As U.S. mayors have direct power over local police
plans and budgets, women taking office could put the achievement of gender jus-
tice on the policing agenda and even prioritize the prevention of violence against
women (analogous to the effect of women as policy makers on the expansion of
infrastructure that is directly relevant to the needs of their own gender in Chat-
topadhyay and Duflo (2004)).

If law enforcement departments allocate more police resources to investigate
crimes against women such as follow-up home visits, and apprehend offenders,
potential offenders would expect higher costs from committing those crimes. As
a result, female leadership in local government can lead to a rise in police respon-
siveness to crimes against women and in turn deter those crimes.

1.2.2 Crime Reporting

A second account of female governance and violence against women leans on the
importance of crime reporting in triggering a response by the criminal justice sys-
tem. There is a dense literature that documents that poor treatment by the police,
often referred to as “re-victimizing” is one of the major barriers for female victims
to reporting (Allen, 2007; Maier, 2008; Belknap, 2010; Palermo et al., 2014). For
example, one study shows that half to three fourths of all police reported sexual
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assaults are filtered out of the legal system at the police level (Du Mont and Myhr,
2000).

If female leadership results in greater investigative efforts by police, then the
benefits to victims of reporting will increase. That is to say, given the risk of social
recrimination and privacy loss linked with reporting, higher probability of appre-
hension, implying availability of justice, increases victims’ incentive to report. Not
surprisingly, reporting by victims would reinforce the probability of detection and
the expected cost of violence against women. In short, crime reporting can function
as a powerful disincentive for potential offenders to commit crimes.

Furthermore, the acceptability of beating is also an important reason why a
great number of female victims decide not to report those crimes. Although the
law denies men the privilege of beating their wives (Siegel, 1995), World Values
Survey data for the U.S. show that a small number of women continue to justify
wife-beating as a husband’s right.6 Probably, female victories in mayoral elections
expose women to strong women characteristics that are radically different from
their own behaviors and family values, and they start to question their status. Thus,
female leadership might generate a “role model” effect that can raise awareness of
women’s rights and decrease women’s tolerance for violence (analogous to the ef-
fects of cable television on lifestyles, behaviors, and, in particular, the acceptability
of domestic violence toward women in Jensen and Oster (2009)).

1.2.3 Backlash

A third account of how women occupying leadership positions might influence vi-
olence against women relates to the retaliation behavior. As political institutions
remain heavily male-dominated,7 an increase in women’s political power through
electing female mayors may trigger backlash that takes form of violence from those
with traditional gender stereotypes. This is consistentwith recentwork finding that

6https://www.worldvaluessurvey.org/WVSOnline.jsp
7Women are still underrepresented in political institutions in the U.S. (Center for American

Women and Politics, 2017; Lawless and Pearson, 2008).
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unmarried queens are attackedmore than kings (Dube and Harish, 2020). In addi-
tion, this backlash account is shared with studies that find an increase in women’s
bargaining power through empowering them economically leads to backlash from
their spouses, who may prefer that women do not work (Field et al., 2016).8

1.2.4 Empirical Implications

The accounts above result in the following empirical implications. If the police re-
sponsiveness account holds, having a femalemayorwoulddecrease violence against
women. Importantly, if the crime reporting mechanism is also at work, the crime-
reduction effect is expected to be especially large. In contrast, if backlash account
holds, having a female mayor should bring about an increase in violence against
women.

1.3 Data

This section describes the sources of information for my data. My analysis matches
data onmayoral elections to crime, with the aim of studying the behavior of offend-
ers, police, and victims after elections of female mayors.

1.3.1 Data on Homicides

The data source for homicides is the SupplementalHomicide Reports (SHR)within
the Uniform Crime Reporting (UCR) program. Underreporting of crime is an im-
portant concern that results in biased estimates, while it is likely to be the least
for homicides. That is why violence is measured by homicides in this study. The
SHR provides detailed information about the victim and the circumstances of the
murder. Because my analysis focuses on the gender effect, I use information on

8Other backlash studies suggest that empoweringwomen economically establishes the incentives
of men to use violence or threats of violence as a way of extracting rents from their female partners
(Eswaran and Malhotra, 2011; Bobonis et al., 2013; Field et al., 2016; Erten and Keskin, 2018)
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gender of victims. In doing so, I am able to examine the effects of female mayors
on murders targeted toward women and men, respectively.

Specifically, in themain analysis I categorize homicides into two types: (i) homi-
cides involving female victims only, (ii) homicides involving male victims. As a
robustness check, I also use data on homicides involving female and male victims.
The main outcome variables of interest are the city-year homicide rates by victim
sex, calculated by dividing the homicide counts respectively by the population (in
100,000s) in the city. Panel A of Table 1 displays summary statistics of homicides
by victim sex in the sample used for the main analysis. In the same vein, I employ
the homicide data to construct measures of the violence extensive margin as alter-
native outcome variables. Additionally, to examine the effect of female governors
on homicides, I collect the state-level homicide data and compute homicide rates
by victim sex.

1.3.2 Data on Police Responsiveness and Crime Reporting

Data on police action and crime reporting are obtained from the Bureau of Justice
Statistics’ (BJS)National CrimeVictimization Survey (NCVS),which is the nation’s
primary source of information on criminal victimization. To be more specific, I use
the extract file created from theNCVS for a sample ofMetropolitan Statistical Areas
(MSAs) from 1970s through 2000s. This survey contains select household, person,
and incident variables for persons who reported a crime.

As the nation’s primary source of information on criminal victimisation, uni-
form definitions of victimisation are applied in the National Crime Victimization
Survey (NCVS). Particularly, the determination of whether an event is a crime and
if so, the type of crime, is not decided during the interview. Rather, the character-
istics of each reported event are detailed during the interview. Final classification
of the crime type occurs during data processing and is based on information pro-
vided in the incident report (Lauritsen and Catalano, 2005). Thus, there are no
definitional variations across cities. Since 1973, the NCVS has started to measure
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the extent of victimization by the major crimes commonly referred to as rape, rob-
bery, assault, burglary, motor vehicle theft, and theft. In 1992, the NCVS added
new crimes, yet the definitions of existing crimes did not change (Federal Bureau
of Investigation, 2019).

The twomain outcome variables are used tomeasure the behavior of police and
victims, respectively. The first is an indicator variable of whether police arrested
the offender, serving as a measure of police responsiveness. The second is an indi-
cator variable of whether or not the crime was reported to the police. This survey
also includes information at the individual level such as the respondent’s sex, race,
Hispanic origin, marital status, and age group.

Typically, each MSA is centered on a single large city (Office of Management
and Budget, 2010). I construct the dataset of the crime-female mayors to examine
whether police and victims respond to elections of female mayors in the principal
city. After 1993, the NCVS adds crimes not previously measured. To be consistent,
my analysis focuses on crimes measure throughout the sample period. Crimes in
this survey include both violent crime and property crime, but the analysis sam-
ple is restricted to violent crime. Panels A and B of Appendix Table A1.1 display
summary statistics of the two main outcome variables.

1.3.3 Data on Elections

The data on mayoral elections are obtained from multiple sources, including Inter-
net searches9, Freedom of Information Act (FOIA) requests and Penn Institute for
Urban Research. Information includes the name of the winner and the runner-up,
gender of candidates, vote totals for each of two candidates, and total votes counted,
party affiliation, and the timing of elections between 1950 to 2007.

As the homicide data from SHR available start in 1976, I restrict my sample
period from 1976 to 2007. Table 1 offers summary statistics of female participa-
tion and performance. The numbers of total elections and mixed-gender elections

9State, county, and city government and legislature archive websites and Ourcampaigns
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where mayors and second-place candidates are of different gender are reported in
Column 1 of Panel B, respectively. Over the period, there are 812 mixed-gender
elections matched to homicide data, which comprise approximately 20 percent of
elections in the dataset (see Column 2 of Panel B).10

Panel C reports the statistics for vote share by candidate sex in mixed-gender
elections. The average vote shares for female and male candidates are 0.48 and
0.47, respectively. The average female margin of victory is 0.01, suggesting that
female and male candidates have an almost equal chance of winning. This ties into
the literature on female political participation that shows the gender of a candidate
has little impact on a candidate’s probability of winning (Anastasopoulos, 2016).
Themixed-gender election cities are shown in Figure 1. My analysis alsomatches 86
mixed-gender elections to survey responses on crime victimization from theNCVS.
The corresponding summary statistics are displayed in Panels C andDofAppendix
Table A1.1.

For gubernatorial elections, I collect data from the Candidate and Constituency
Statistics of Elections in the United States, the VoteSmart Biographical database,
and archives of state and legislature. In order to match gubernatorial elections to
homicide data, I end the sample period in 2018. Over the period of my investiga-
tion, there are 114 elections where governors and second-place candidates are of
different sex matched to the homicide data.

1.3.4 Data on Characteristics

Data on police employment information come from the Law Enforcement Officers
Killed or Assaulted (LEOKA) collection. It includes counts of police employees of
each sex at the city level. To take account of the size and payroll of city govern-
ment, I also collect data on the number of public employees and payroll per public
employee from the Annual Survey of Public Employment and Payroll (ASPEP).

Information on geographic characteristics such as land area and elevation is
10As information is only available for the winner and the runner-up, a mixed-gender election is

defined as a race where the winner and the runner-up are of different gender in this study.
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from U.S. Census and U.S. Geological Survey. I supplement my analysis with ad-
ditional data on city social-economic characteristics including income per capita
and unemployment rate from the U.S. Census. Since they are available in census
years, I linearly interpolate between Census years. For data on social-economic
characteristics at the MSA level and state level, I obtain annual measures from the
Current Population Survey (CPS) and U.S. Bureau of Economic Analysis (BEA),
respectively. Population data for each analysis are obtained from the UCR.

1.4 Effects of Female Mayors on Homicides

This section focuses primarily onwhether female victories inmayoral elections have
significant impacts on homicides, providing direct evidence that offenders respond
to female leadership. It first discusses the empirical strategy. Then it performs the
regression analysis and presents the main results. In the last part of the section, I
conduct several robustness tests.

1.4.1 Empirical Strategy

I begin with the homicide rate because it is a measure of the most severe form of
violence and a major policy concern. More importantly, issues of endogenous re-
porting should be of much less importance for homicides than other crime types.
This section discusses the implementation of the regression discontinuity (RD) de-
sign used to gauge the impact of female mayors on homicides. The RD approach
exploits a discontinuity in the treatment assignment to identify causality (Imbens
and Lemieux, 2008; Lee, 2008). That is, the gender of a mayor changes discontinu-
ously at the threshold between a female victory and loss.

The main endogeneity issue is that the assignment of mayor gender correlates
with city characteristics, particularly in a city where female wins or loses by a large
margin. However, under the assumption of continuity of city characteristics at the
treatment threshold, the RD estimator identifies the treatment effect at the specific

13



1. FEMALE MAYORS AND VIOLENCE AGAINST WOMEN: EVIDENCE FROM THE U.S.

cutoff value of the female win margin. Before examining the plausibility of the
design’s identification assumptions, I specify the following regression model for
estimating the RD treatment effect:

Yat = α0 + α1FemaleMayoraT + α2FemaleMayoraT × V oteSpreadaT

+ α3V oteSpreadaT + α4Xat + σa + ϕt + εat

(1)

Where Yat is the outcome of interest in city a in year t. FemaleMayoraT is a
binary indicator that equals one in city a, where, in the most recent election year T ,
a female is elected as mayor. V oteSpreadaT is the margin of female victory, defined
as the difference between the percentage of votes received by the female candidate
and the percentage of votes received by the male candidate.11. Xat represents a set
of controls capturing city characteristics such as female officer share, total police
forces, unemployment, income per capita, and population. Adding controls is not
necessary for the identification but improves the efficiency of the estimation. σa

and ϕt are city and year fixed effects, respectively, and εat is the error term.
The estimator should be interpreted as aweighted average treatment effect (ATE)

of female mayors. As in Lee and Lemieux (2010), in the context of election, it is ap-
propriate and natural to interpret the effect of treatment “female mayor by virtual
of women winning elections whereby positive margin of female victory is required
to win” as an ATE weighted by the probability of being close to the threshold of
female win or lose, because there are no other thresholds deciding election results.

A mayor’s governance lasts for a two-year or four-year term, while the outcome
variable of interest is at the city-year level. Hence, α1 captures the average annual
effect of electing a female mayor across the electoral cycle. As the bandwidth selec-
tors commonly generate a “large” bandwidth, giving rise to data-driven confidence
intervals that could be biased, I follow themethodology proposed byCalonico et al.
(2014) where a “small” enough bandwidth is selected. The optimal bandwidth ac-

11As Gelman and Imbens (2019) suggest that high-order polynomials should not be used in RD
design, I only report the results of specifications use linear RD polynomials. Nevertheless, the esti-
mates with a quadratic RD polynomial, both in terms of magnitude and significance, are strikingly
similar to those with a linear RD polynomial (see Appendix Table A1.3)
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cording to the selection procedure is 0.07, which is used in the main analysis. Nev-
ertheless, the results from regressions using the Imbens-Kalyanaraman bandwidth
show qualitatively similar patterns.12

RD strategy requires that baseline covariates are balanced across the treatment
threshold. Table 2 reports the results of balanced covariate checks. Columns 1 and
2 present the mean values for various city baseline characteristics, which relate to
population density, labor market and the economy, geography, incumbent gender,
policing, and public employee payroll. There are no average differences between
cities with female and male mayors, except for female officer share (see Columns 3
and 4). When I use the RD specification to test for discontinuous changes over
the cutoff point, I find that in no case are estimates statistically significant (see
Columns 5 and 6). These results suggest that there are no discontinuous effects
at the threshold for the pre-characteristics, and therefore offer strong support that
the identification strategy is valid.

RD strategy also requires that the density of the running variable is balanced
across the treatment threshold. If the elections are rigged, the causal interpretation
of RD strategy would be undermined. To test such manipulation, I examine the
distribution of the running variable (see Figure 2). Panel A first shows a histogram
of the female margin of victory for the entire range. Panel B shows the McCrary
(2008) test of whether there is a discontinuity for entire range in the density of the
female margin of victory; the McCrary test statistic is 0.05 (standard error 0.18).
Neither figure reveals any discontinuous change at the female win-loss threshold.
Also, I implement the McCrary test for the close election sample, and the estimate
is considerably small and statistically insignificant. To sum up, these results show
that neither the female nor male candidates systematically wins the elections.

12Imbens and Kalyanaraman (2012)
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1.4.2 Main Results

I start by presenting treatment estimates on two types of homicides: homicides
involving female victims only and involving male victims. Panels A and B of Ta-
ble 3 display the RD estimates of the impact of female mayors on each outcome,
along with standard errors. Columns 1 through 4 report results without controls,
with police demographic control, with police demographic control plus total police
forces control, and with full controls, respectively.

Through the different specifications, the coefficients in Panel A are statistically
significant, strongly implying that the estimated effect is thus quite insensitive to
the inclusion of control variables. The magnitudes of the coefficients are close
across specifications, ranging from −2.23 without any covariates to -1.79 with all
covariates. The preferred specification is displayed in Column 4with full set of con-
trol variables. The estimate suggests a negative and statistically significant effect of
femalemayors on homicides involving female victims only: electing a femalemayor
decreases homicides involving only female victims by around 1.79 homicides per
100,000 population.

The absence of a positive impact allowsme to interpret these results as evidence
that there is no significant backlash against women with respect to women’s safety
in the population in response to increasing female political empowerment. Never-
theless, it is worth noting that there is no conclusive evidence of whether female
leadership can influence overall backlash, as backlash against women could take
different forms. For example, Ayalew et al. (2018) present evidence of gender dis-
crimination by subordinates and find that administrative employees are less likely
to follow guidance provided by a female leader, using an experimental design.

A way to corroborate my results is to test whether violence against men is also
influenced by the presence of female mayors too. This could be a key criticism,
as violence against women and female mayors are very closely associated through
gender identity, yet the same is not true for violence against men. If I detect a signif-
icant impact for violence against men as well, beyond and above violence against
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women, then different potential channels other than the gender-specific channel
could be at work, namely, systematically changes in institutional settings after fe-
male mayors take office affect violence in general.

Panel B of Table 3 reports RD estimates, that is, the effect of having female may-
ors on homicides involving male victims. Across all specifications (see Columns 1
to 4), the coefficients are not statistically significant. A comparison of the signifi-
cant estimates in Panel A with the insignificant estimates in Panel B suggests that
female victories do affect violence that is specific to female victims, as having more
sympathetic women leaders could serve women better, while general violence is
unchanged. I interpret these results as evidence that there is no overall change in
law and order conditions other than female victories in mayoral elections that are
driving my results.

Even though the results from RD strategy document a strong and significant
treatment effect of female mayors on violence against women, they still leave room
for visual inspection. Figure 3 plots the relationship between the homicide mea-
sures and the female margin of victory, with a negative margin representing a fe-
male loss. The solid line represents predicted values from a regression of residuals
from controls and fixed effects on a linear polynomial in the vote spread, estimated
separately on either side of the treatment threshold, with the dashed lines identi-
fying the 95% confidence intervals.

I see a clear discontinuity at the femalewin-loss thresholdwhile the relationship
appears to be smooth elsewhere (see Panel A). In contrast, Panel B shows that fe-
male victories do not influence homicides involving male victims. The graphs con-
firm the tables, suggesting a significant effect of female males on violence against
women, but little clear effect on violence against men.

Imbens and Lemieux (2008) recommend sensitivity analysis of the RD model
with respect to the bandwidth. Appendix Table A1.2 presents the RD estimates
of the impact of electing a female mayor on homicides involving female victims
only for various bandwidths. The estimated effect is statistically significant across
bandwidths. Thus, my results are robust to varying the bandwidth choice. As a fur-
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ther check, I examine the impact of female mayors on homicides involving female
and male victims which are not gender-specific. Once more, I find no significant
changes in crimes not specifically targeted toward women after elections of female
mayors (see Appendix Table A1.4).

There is a concern in relation to the timing of mayoral elections, which builds
on the fact that the elections across cities are not held at the same time in election
years. I tackle this issue by excluding the sample in election years. Appendix Table
A1.5 reports the corresponding results by victim sex in the same way as with the
other RD analysis: female victims only and male victims. Both sets of results are
consistent with existing results, suggesting that such a timing concern is not posing
a threat to my research design.

Overall, the results from the RD strategy with graphical analysis paint a very
consistent picture, suggesting that female victories in mayoral elections induce a
decrease in homicides where women are specifically targeted because of their gen-
der.

1.4.3 Pre-existing Homicides and Female Victories

The key assumption underlying my identification strategy is that a city where the
female barely lost is an appropriate counterfactual for a citywhere the female barely
won. If homicides during the term of the predecessor have a strong relationship
with the outcome of mayoral elections, the assumption would be violated. This
section therefore examines the validity of my RD strategy by regressing homicides
during the pre-election period, that is, the predecessor’s term of office.

Specifically, as in the previous exercise, I estimate the RD specifications using
homicides involving female victims only and male victims as the dependent vari-
ables, respectively. In Table 4, Columns 1 and 2 report estimates for the former
without controls and with controls, whereas Columns 3 and 4 report estimates for
the latter. Regardless of the gender of victims, the coefficients are statistically iden-
tical to zero, implying that election outcomes are not driven by the pre-existing
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trend in homicides. Hence, the results rule out the possibility of selections in cities
and corroborate that what I detect is the impact of female mayors.

1.4.4 Placebo Thresholds

Another test for the validity of my identification strategy is required to tackle the
concern relating to noise in the data by placebo tests for different thresholds values
for the margin of victory. As suggested by Imbens and Lemieux (2008), these tests
are conducted by including the subsamples only to the right or only to the left of
the true cutoff value, so as to avoid including in the estimation a point where there
is a discontinuity.

Again following Imbens and Lemieux (2008), I split the sample at the true cut-
off value of zero and run the RDD estimation at the thresholds equal to the median
margin of victory of each subsample to increase the power of the test to find jumps.
If the effect observed at zero is a genuine one, then there should be no effect ob-
served at other thresholds. Panel A of Table 5 reports the corresponding results for
subsamples of the left and right of the true threshold, respectively, showing nei-
ther of estimates is statistically significant. Then I split the sample again at the new
median thresholds and set another threshold at the median of the new samples.
Panel B of Table 5 displays the corresponding results. At those newly generated
four thresholds, there is no significant discontinuity. Therefore, I conclude that
there is little evidence that my results are due to noisy jumps in the data.

1.4.5 Persistence Throughout Her Term

Onemaywonder whether the effect of a femalemayor is different by the year of her
term, as my design so far is using one dummy for the entire period of the mayor’s
tenure andmasking the heterogeneous effects. To shed light on such effects, I inter-
act the female win indicator, vote spread, and female win indicator × vote spread
with indicators for the years of the mayor’s term, respectively.

Table 6 exhibits the RD estimates for specifications with flexible controls. In the
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first two columns the dependent variable is the homicides involving female vic-
tims only, while in the last two columns the dependent variable is the homicides
involving male victims. Although there is a slightly falling trend in the magnitude
of the RD estimates over time, the estimated effects on homicides against women
only for different years of the mayor’s term of office are large, positive, and statisti-
cally significant. Also, the estimates are very robust to different specifications (see
Columns 1 and 2).

Once again, I find no significant results for homicides against men that do pro-
vide evidence consistent with the gender-specific mechanism (see Columns 3 and
4). The combination of these results implies that the effect of a female victory re-
mains persistent over the tenure.

1.4.6 Effects in the Subsequent Male Term

So far I have provided evidence suggesting that there is a statistically significant
effect of female victories in mayoral elections on violence against women and such
an effect remains significant throughout the mayor’s term. Does the effect outlast
themayor’s term? To answer the question, I examine the impact of electing a female
mayor on homicides during the subsequent mayor term.

Table 7 reports the corresponding estimates. The dependent variables are homi-
cide rates by victim sex, and the point in time is the duration of the subsequent
mayor term. None of the coefficients is statistically significant at any conventional
significance level, suggesting that the gender effect fades away after turnovers. This
result is justifiable, as male mayors differ in their crime policy formulation and im-
plementation preferences. For instance, the “Dear John” campaign ended with the
term of Mayor Shirley Franklin, since her successor, Mayor Kasim Reed, did not
continue it (Majic, 2017).

Nonetheless, this result is important, because it implies that violence against
women is quite sensitive to female mayors. In other words, I derive a strong and
significant elasticity for violence against womenwith respect to the gender identity
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of local leader. Also, this result indicates that temporary special measures such
gender quotas, aimed at enhancing female political leadership might not lead to a
long-standing change in violence against women.

It is worth noting that the probabilities of winning the elections are very similar
for female andmale candidates, while female participation ismuch lower thanmale
participation (see Panels B and C of Table 1). Intuitively, paying more attention to
the underlying barriers to women’s equal participation in local politics could be
essential to ensure sustainable representation, and thus combat violence against
women in the long run.

1.4.7 Extensive Margin

An important question to ask is whether female victories bring about a decrease in
violence against women only in places that would have experienced some violence
against women regardless? What about places where the frequency of violence is
relatively low? To offer a better understanding of the full picture, I examine the
effect of female victories in mayoral elections on the probability that at least one
homicide occurs. The same exercise is repeated for extensive margin and Table 8
displays the RD estimates by the gender of victims.

Columns 1 and 2 consider homicides involving the female victim only, while
Columns 3 and 4 consider homicides involving themale victim. The results suggest
that female victories significantly decrease the probability of at least one homicide
against women occurring by around 48 percentage points, while they do not affect
the probability of at least one homicide against men occurring. Once more, I find
that the estimated effect is quite stable and precise when I add a battery of controls.

The results provide clear evidence that female victories influence both the ex-
tensive margin and intensive margin of violence against women. Therefore, I offer
prima facie evidence that women leaders are not just responding to deteriorations
in women’s safety. Rather, it is the alignment between their own preferences and
the preferences of women in the population that generates a powerful impact on

21



1. FEMALE MAYORS AND VIOLENCE AGAINST WOMEN: EVIDENCE FROM THE U.S.

violence against women. This finding supports the earlier work by Chattopadhyay
and Duflo (2004) suggesting that female political leaders prefer programs more
closely linked to women’s concerns.

1.4.8 Female Governors and Homicides

Decentralization is widely believed to promise a range of benefits by fragmenting
central authority and making government more efficient (Bardhan, 2002). Yet,
whether local political autonomy matters for violence against women has been
largely underexplored in the literature. In the U.S. context, the law enforcement
system is decentralised where law enforcement in each area is in accord with the
preferences of local citizens. Notably, the chiefs of police/commissioners of police
as the most senior officers in the police departments owe their allegiance to a city,
and they are appointed by the mayor of a city (Sampson, 2012). In contrast, gover-
nors have limited capacity to supervise local policing action. Do female governors
decrease violence against women?

Using the additional data on gubernatorial elections I am able to examine the
effect of female governors on violence and tackle the above question. I conduct the
same type of RD analysis as in the previous section where the sample is restricted
tomix-gender elections and the optimal bandwidth around the threshold is used.13

Corresponding results using homicides involving female victims only and involv-
ing male victims as the dependent variables, are displayed in Columns 1 to 2 and
Columns 3 to 4 of Table 9, respectively. None of the results is statistically signifi-
cant. Thus, increasing female leadership in the state government does not influence
local crime patterns.

Comparing results for femalemayors with results for female governors is useful
and helps to paint a nuanced picture of the effect of governance arrangements on
social order. The findings have important implications for criminal justice remedies,
given that achieving gender equality at lower levels of governance could be more

13Validity checks are also performed and the results provide support for the validity of the RD
strategy.
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important than that at higher levels of governance.

1.4.9 Other Results

Domestic abuse exists as large part of violence against women. I also examine the
effects of elections of female mayors on domestic homicides against women, which
include homicides committed by a current or former boyfriend, or spouse of a fe-
male victim. Table 10 presents the corresponding results, repeating the previous
exercises. Likewise, I find that electing female mayors significantly decrease do-
mestic homicides.

Moreover, one may question whether the effects of female mayors on violence
against reflect the effects of their political affiliation. I use data on candidates’ party
affiliation, examining the effect of electing a Democratic mayor on violence against
women. Table 11 shows the RD estimates of Democratic mayors on homicides and
domestic homicides against women. None of the coefficients is statistically signif-
icant at any conventional significance level, suggesting that the detected gender
effect are not driven by mayors’ party identity.

I summarize the key results as follows. On the one hand, the results offer strong
evidence that there is a genuine decrease in violence against women following fe-
male victories in mayoral elections. On the other hand, evidence suggests that fe-
male victories do not influence violence against men. Importantly, such effects on
violence against women last for the duration of the mayor’s term. When it comes
to the levels of governance, it is worth noting that women’s leadership at the city
level could be more influential than that at the state level in the context of violence
against women. Overall, my results indicate that maximizing female voice in local
politics significantly affects the behavior of potential offenders and reduces gender
injustice that has long needed to be tackled.
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1.5 Effects on Police Action and Crime Reporting

Having focused on the relationship between female mayors and violence against
women, I now investigate whether being exposed to female mayors affects police
responsiveness and crime reporting. In doing so,my analysis is able to shed light on
the link between female leadership and the behavior of police and victims, uncov-
ering potential mechanisms through which female victories affect violence against
women. The section first discusses the identification strategy. It then examines
whether female victories induce greater police responsiveness to violence against
women. Finally, it explores the impact of female victories on the reporting deci-
sions made by female victims.

1.5.1 Empirical Strategy

To gauge the RD treatment effect of having a female mayor on the behavior of vic-
tims and the police, I use an empirical specification of the following form:

Yiat = β0 + β1FemaleMayoraT + β2FemaleMayoraT × V oteSpreadaT

+ β3V oteSpreadaT + β4Xiat + σa + ϕt + εiat

(2)

Where Yiat is the outcome of interest for crime i in area (MSA) a and year t.
FemaleMayoraT is an indicator variable set to one in area a, if in the most recent
election year (T ), a female is elected as mayor of its principal city. V oteSpreadaT is
themargin of female victory.14 Xiat is a set of controls for local and victim character-
istics. Local characteristics include female officer share, total police forces, income
per capita, and unemployment. Victim controls include race, Hispanic origin, mar-
ital status, and age. σa and ϕt are area and year fixed effects, respectively, and εiat is
the disturbance term. The estimate β1 captures the effect of female victories on the
outcome of interest. The optimal bandwidth according to the method of Calonico
et al. (2014) is 0.25.

14When using a quadratic polynomial, the estimates remain significant (see Appendix Table
A1.8).
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Before moving to the RD results, I perform the same validity checks as in the
previous section. First, I investigate whether the baseline characteristics are bal-
anced, that is, those variables determined prior to elections. The Appendix Table
A1.6 displays the mean value of each characteristic, difference of means, p-value
on the difference, RD estimate, and p-value on RD estimate. I find no statistical
evidence of a discontinuous effect at the female win-loss threshold for the baseline
covariates. Then I formally test for evidence of sorting around the threshold by
implementing the McCrary (2008) density test. The estimate from the test is small
and statistically insignificant, showing no evidence of sorting.

1.5.2 Results of Police Responsiveness

Given that law enforcement is one of themostmale-dominated public service fields,
gender stereotypes that men are linked with leadership activities and women with
domestic activities could be very strong (Akerlof and Kranton, 2000). When a fe-
male mayor takes office, police might become more tolerant for violence against
women as a hostile act.15 If so, it is hard to construct a scenario in which female
victories decrease violence against women. Therefore, it is important to investigate
whether female victories lead to deteriorations in local police quality.

Using a sample comprising violent crimes, I estimate the RD model where the
dependent variable is an indicator ofwhether police arrested the offender. Panels A
and B of Table 12 display corresponding RD estimates for violence against women
and violence against men, respectively. The estimated effect of female mayors on
police arrest action is positive and statistically significant without any covariates
(see Columns 1 of Panel A). Including a wide variety of covariates at the local and
individual level does not alter the results (see Columns 2 to 4). The preferred spec-
ification is displayed in Column 4 with full set of control variables. The magnitude
of the estimate is approximately 0.14, suggesting that electing female mayors in-

15Evidence shows that higher hostile sexism may be linked to more negative evaluations of a
female candidate and to lower recommendations that she should be employed (Sakalli-Ugurlu and
Beydogan, 2002; Masser and Abrams, 2004).
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creases the likelihood of police arresting perpetrators of violence against women by
14 percent. Panel A of Table A1.7 shows robustness across different bandwidths.

It is important to emphasize here that this finding confirms that female victories
do not precipitate a backlash with respect to women’s safety. In contrast, women
occupying leadership positions lead to greater police responsiveness to violence
against women. Such a significant effect could also be interpreted as implying that
mayors do have direct power over local law enforcement. This is consistent with
the argument of Jones (2008) that the development of law enforcement remains
tight associationswith local electoral processes in theUnited States. Taken together,
these results shed light on the mechanism throughwhich female victories decrease
violence against women. The logic I put forth parallels the deterrence theory that
an increase in an offender’s chances of being caught decreases crime.

Panel B of Table 12 reports the RD estimates for police arrest activity of violence
against men. The estimates in Columns 1 through 4 are small and statistically in-
significant, suggesting that female victories do not influence police responsiveness
to violence againstmen. Comparing differences in results across gendersmakes the
women-specific channel even more convincing. Notably, it is direct evidence that
the improved law enforcement services forwomen do not comewith the sacrifice of
such services for men. For comparison purposes, I present graphical illustrations
of the discontinued and continuity in arresting for violence against women and
men, respectively in Panels A and B of Figure 4. The results from visual inspection
confirm the results described above.

1.5.3 Results of Crime Reporting

Having offered detailed evidence on the police responsiveness channel through
which electing a female mayor could deter potential offenders from committing
crimes against women, now I focus on the reporting decisions of victims, which not
only reflect police performance but also influence expected cost of illegal activity.

To uncover the relationship between female mayors and reporting of crimes
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against women, I use an indicator set to one if the crime was reported to the police
as the dependent variable. Panel A of Table 13 displays the corresponding results. I
estimate the RD model without control variables in Column 1. Columns 2 through
4 report estimates for examining the sensitivity of the results to additional covari-
ates such as female officer share, total police strength, local economic conditions,
and victim characteristics.

I find that the effect of female victories is positive and statistically significant,
which is very insensitive to the inclusion of control variables. The preferred speci-
fication is displayed in Column 4 with full set of control variables. The magnitude
of the coefficient suggests that electing a female mayor leads to an increase in the
likelihood of reporting by female victims by approximately 33 percentage points.
Panel B of Table A1.7 provides evidence of the robustness of this finding to varying
the bandwidth choice.

Importantly, this sizable increase in crime reporting by female victims justifies
the large effect of female mayors on homicides against women. It could be thought
of as the elasticity for violence against women with respect to crime reporting,
where incurring police involvement functions as a key trigger of a response by the
criminal justice system and in turn deters potential crime. Moreover, this finding
provides additional evidence of an increase in police efforts to protect women after
having a female mayor.

There might be spillover effects, as the reporting behavior of male victims could
be influenced after they learn that more female victims come forward to report the
crime. In contrast to the significant effects of female mayors on reporting deci-
sions of female victims, I do not detect strong effects on reporting decisions of male
victims (see Panel B of Table 13). These results strength the previous results for
homicides and police responsiveness, shedding light on the channel where women
ascending to the highest rung of the governance ladder increase the targeting of
benefits to women. As long as female victories do not damage men’s perception
of credibility of criminal justice system, the net impact of electing female mayors is
positive. My findings do indicate that crowding out is not the scenario.
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The results, presented in Table 13, are corroborated by visual inspection, as there
is a visible discontinuity for reporting of violence againstwomen around the female
win-loss threshold (see Panel A of Figure 5). Also, the graphic analysis shows that
there is no discontinuity for violence against men, confirming the RD results again
(see Panel B of [figure4]Figure 4). Taken together, these results shed light on the
crime reporting mechanism, that is, having sympathetic women leaders increases
reporting of violence against women, hence triggering behavioral responses by po-
tential offenders. The lack of strong relationship between female mayors and re-
porting of violence against men further corroborates the gender-specific effect.

In summary, the evidence and falsification checks presented in this section sug-
gest that elections of femalemayors increase police responsiveness to violence against
women and enhance women’s incentives to obtain justice. Importantly, they are
consistent with the police responsiveness and crime reporting accounts in which
female leadership decreases violence against women.

1.5.4 Placebo Thresholds

As presented in Section 1.4.4, I conduct the same excises to examine the placebo
thresholds. Following Imbens and Lemieux (2008), I test jumps at the median of
the two subsamples on either side of the cutoff value. Furthermore, I split the sam-
ple again at the new median thresholds and set another threshold at the median of
the new samples. The corresponding results for arresting and reporting outcomes
are presented in Table 14. All the coefficient estimates are insignificant, again sug-
gesting that my results are not due to noisy jumps in the data.

1.6 Discussion

The key argument ofmy analysis is that potential perpetrators respond to the threat
of punishment. In particular, potential offenders of violence against women react
when an associated risk of apprehension and subsequent punishment increases af-
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ter a female mayor takes office. I find that criminals commit less violence against
women after a female holds themayor’s office, while I do not find significant changes
in violence against men. Importantly, I examine the mechanisms through which
female victories affect violence against women. The evidence suggests that female
victories induce greater police responsiveness and more reporting that result in
the behavioral reduction in crime. This result is important per se, and also to com-
plement the prior literature on women helping women particularly in the criminal
justice system.

Some studies point out that violence against women is driven by emotion rather
than calculation. For instance, Card and Dahl (2011) show the important role for
emotional cues in precipitating violence. Also, Angelucci (2007) demonstrates the
association between alcohol consumption andviolence.16 I consider that these stud-
ies augment Becker’s neoclassical model of offending. Nevertheless, I believe that
studying Becker’s prediction is as important as it ever was, as underreporting of
crime due to social stigma casts doubts on the deterrence value. This study of-
fers evidence that violence against women is sensitive to more crime reporting
and greater police responsiveness after female victories, complementing deterrence
theory. Nevertheless, future research is needed to design evidence-based crime-
reduction interventionswith a focus on how emotional cues interact with the threat
of punishment.

It is important to reiterate that some recent studies examine the impact of the in-
troduction of Women’s Police Stations (WPS) that specialize in serving women on
violence against women in Brazil (Perova and Reynolds, 2017), Peru (Kavanaugh
et al., 2018), and India (Amaral et al., 2021).17 However, unlikely those studies,
which primarily center on direct interactions between female police officers and
female victims in a female-friendly space, this study focuses on the impact of fe-
male mayors on the interactions between police, victims, and potential offenders.
Nevertheless, in terms of the magnitude, my estimated elasticities are very close to

16Also, Chalfin et al. (2021) shows the effect of alcohol consumption on violence during the
COVID-19 pandemic in the US.

17In Peru, they are named as Women’s Justice Centers.
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those reported by them. My derived elasticities for homicides against women and
reporting of violence against women with respect to female mayors are -1.79 and
0.33, respectively. Correspondingly, for the former the elasticity with respect to
WPS is -2.11 (Perova and Reynolds, 2017), while for the latter the elasticities with
respect to WPS are 0.29 (Amaral et al., 2021) and 0.40 (Kavanaugh et al., 2018).
This means that having a female mayor may have equivalent effects to the opening
of WPS.

Police governance and accountability are particularly central to policy and aca-
demic debates about police reform. Yet decentralization that aims to strengthen
local electoral accountability has rarely been studied as a key determinant of crime
in the economics literature. My results show that the identity of local leaders plays
an important role in crime. Especially, I find direct evidence that the presence of
female mayors leads to greater police responsiveness, suggesting that local govern-
ments exert close control over policing in the United States. On the contrary, I find
that there is no significant effect of having female governors on crime. These re-
sults show the importance of governance arrangements for local law enforcement
and crime.

Thus, when it comes to police reform, the discussion should not focus only on
individual officer behavior and ignore the full picture of governance structures. I
believe that the core content of these findings has implications beyond my setting
and context, since some countries with relatively centralized police system have
switched to more decentralized ones. For instance, because of the perceived lack of
accountability of police authorities to the communities they served, directly elected
Police and Crime Commissioners (PCCs) were introduced to England and Wales
in 2012 (Sampson, 2012; College of Policing, 2018). Nevertheless, future studies
are required to examine the relative effectiveness of different types of police decen-
tralization systems and draw clear inferences regarding police reforms across the
world.
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1.7 Conclusion

This study uses the lens of gender to explore the role of the mayor’s preferences
in deterring crime. I offer the first comprehensive analysis of the effect of female
mayors on violence against women by exploiting the female win-loss threshold.
Importantly, I examine the mechanisms related to police responsiveness and crime
reporting by which the identity of mayors influences violence against women.

The following results are documented. First, regression discontinuity estimates
show that female victories in mayoral elections decrease violence against women.
In contrast, evidence shows that violence against men remains unaffected, ruling
out the possibility of generalized effects that influence crime. Second, the crime-
reduction effect remains significant throughout the femalemayor’s term, whereas it
fades away after a male succeeds a female as mayor. Third, regardless of victim sex,
the impact of female governors on violence is small and statistically insignificant.
This result is meaningful and implies the important role of governance arrange-
ment in crime. Fourth, I find that female victories increase police responsiveness to
violence against women and reporting by female victims that serve as mechanisms
underlying the relationship between female victories and violence against women.

Overall, these results paint a consistent picture of female mayors affecting the
behavior of the three categories of interacting agents relevant to a crime situation:
police, victims, and criminals. Despite the importance of this study, further re-
search is needed to offer more insight into the effective ways to reach the goal of
sustainable representation of women in political leadership.
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Table 1: Summary Statistics

(1) (2) (3)
N Mean S.D.

Panel A: Homicides per 100,000 Population
Female Victims Only 1,695 2.59 1.80
Male Victims Only 1,695 11.93 10.63
Female and Male Victims 1,695 0.17 0.27

N Fraction
Panel B: Female Participation
Total Elections 4,124
Mixed-Gender Elections 812 0.20

N Mean S.D.
Panel C: Vote Share in Mixed-Gender Elections
Female Vote Share 812 0.48 0.16
Male Vote Share 812 0.47 0.17
Female Margin of Victory 812 0.01 0.31

Notes: This table displays summary statistics of homicides and mayoral elections in

the sample used for the main analysis. Panel A displays observations, means, stan-

dard deviations of homicides by victim sex after mixed-gender elections. Panel B

presents the numbers of total elections and mixed-gender elections, and the share of

mixed-gender elections. Panel C displays observations, means, standard deviations

of vote share by gender and female margin of victory.
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Fig. 1: Mixed-Gender Election Cities
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Table 2: Baseline Characteristics

(1) (2) (3) (4) (5) (6)
7 percent vote spread
Female
won

Female
lost

Difference
of means

p-value on
difference

RD
estimate

p-value on
RD estimate

Population density 1,393.07 1,068.69 324.38 0.12 163.53 0.76
Income per capita (in $1,000) 15.67 14.87 0.80 0.48 -0.43 0.79
Unemployed (%) 7.22 7.05 0.17 0.74 0.69 0.52
Land area (km2) 169.14 168.68 0.46 0.99 137.13 0.44
Water area (km2) 17.20 6.67 10.53 0.29 -9.19 0.54
Elevation (m) 211.33 255.07 -43.74 0.41 53.54 0.68

Female incumbent 0.34 0.22 0.12 0.12 0.22 0.16
Police officers per 100,000 persons 193.79 177.05 16.74 0.31 36.75 0.44
Female officer share 0.07 0.06 0.01 0.08 -0.00 0.79
Police civilians per 100,000 persons 64.69 54.51 10.18 0.50 26.73 0.60
Female civilian share 0.71 0.70 0.01 0.75 0.07 0.29
Public employees per 1,000 persons 17.85 21.39 -3.54 0.15 3.42 0.56
March payroll per public employee ($) 2,488.80 2,355.89 132.91 0.41 -336.03 0.35
Observations 76 63 139 139

Notes: This table examines whether pre-characteristics are balanced across female win-loss threshold. Columns 1 and 2 show the uncondi-

tional means for cities where the females barely won andwhere they barely lost. Column 3 shows the difference of means across columns 1

and 2, and column 4 shows the p-value for the difference of means. Columns 5 reports the estimate on female win from a RD specification

where the respective characteristic is used as the dependent variable. Column 6 is the p-value for a RD estimate. An optimal bandwidth

of 0.07 around the threshold has been used.
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Fig. 2: Homicides and Female Margin of Victory
Notes: The figure shows the distribution of vote spread. Panel A shows the histogram of
vote spread. Panel B shows the density of vote spread. The solid line plots predicted
values from a local linear regression of frequency on vote spread, with separate vote
spread trends estimated on either side of the female win-loss threshold, following

McCrary (2008). The dashed lines show 95% confidence intervals. The McCrary test
statistic is 0.05 (standard error 0.18).
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Table 3: RD Estimates of the Effect of Female Mayors on Homicides

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

Panel A: Female Victims Only
Female Win -2.234** -2.016** -1.998** -1.791**

(0.941) (0.838) (0.843) (0.779)
City- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 345 345 345 345

Panel B: Male Victims
Female Win -6.552 -7.141 -6.878 -4.415

(5.159) (5.138) (4.588) (4.014)
City- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 345 345 345 345

Notes: This table presents RD estimates of the effect of being above the female win-

loss threshold on homicides per 100,000 persons. Panels A and B display estimates

for homicides involving female victims only and male victims, respectively. Other

controls include unemployment, income per capita, and population. Standard errors,

clustered at the city level, are reported in parenthesis. Significance at the 10%, 5%,

and 1% levels is indicated by *, **, and ***, respectively. An optimal bandwidth of 0.07

around the female win-loss threshold has been used.
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Fig. 3: Homicides and Female Margin of Victory
Notes: This figure plots the residualised values after controlling for all covariates in the

main specification of homicides per 100,000 persons against the margin of victory, with a
negative margin indicating a female candidate loss. Panels A and B display estimates for

homicides involving female victims only and male victims, respectively. Each point
represents the average value of the outcome in the margin of victory bin. The solid line
plots predicted values, with separate vote spread trends estimated on either side of the
female win-loss threshold, while the dashed lines identifies the 95 percent confidence

level.
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Table 4: RD Estimates of the Effect of Female Mayors on Pre-Existing Homicides

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

Female Victims Only Male Victims
Female Win -0.220 0.206 -3.150 -2.487

(1.045) (0.799) (2.800) (1.851)
City- and Year-Fixed Effects YES YES YES YES
Controls NO YES NO YES
Observations 323 323 323 323

Notes: This table presents RD estimates of the effect of female mayors on pre-existing homi-

cides by gender of victims. Columns 1 and 2 report estimates for homicides involving female

victims only, while Columns 3 and 4 display estimates for homicides involving male vic-

tims. Other controls include unemployment, income per capita, and population. Standard

errors, clustered at the city level, are reported in parenthesis. Significance at the 10%, 5%,

and 1% levels is indicated by *, **, and ***, respectively..

Table 5: Placebo Tests Using Alternative Thresholds

(1) (2) (3)
Thresholds Coefficients Standard Errors Observations
Panel A
-0.18 0.07 0.42 868
0.19 -0.14 0.27 847

Panel B
-0.34 -0.14 0.43 444
-0.10 1.22 0.90 424
0.10 1.03 0.87 452
0.35 -0.96 0.80 395

Notes: Notes: The table shows RD estimates of the effect of placebo thresholds on homicides

against women for the election subsample. The following female margin of victory ranges

are used: [-0.97, 0), (0, 0.98], [-0.97, -0.18), [-0.18, 0), (0, 0.19], and (0.19, 0.98]. In each

range a placebo RD threshold is created at the median.
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Table 6: RD Estimates of the Effect of Female Mayors on Homicides by Year

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

Female Victims Only Male Victims
Female Win × First Year -2.666*** -2.296*** -6.586 -3.779

(0.974) (0.815) (5.767) (4.834)
Female Win × Second Year -2.273** -1.934** -6.723 -3.737

(0.947) (0.752) (5.839) (4.592)
Female Win × Third Year -2.211** -1.940** -7.290 -4.648

(1.079) (0.771) (5.404) (4.122)
Female Win × Fourth Year -2.235** -1.908** -5.622 -2.890

(1.061) (0.872) (5.120) (4.091)
City- and Year-Fixed Effects YES YES YES YES
Controls NO YES NO YES
Observations 345 345 345 345

Notes: This table presents RD estimates of the effect of femalemayors by year of themayor’s

term on homicide rate. Columns 1 and 2 report estimates for homicides involving female

victims only, while Columns 3 and 4 display estimates for homicides involvingmale victims.

Other controls include unemployment, income per capita, and population. Standard errors,

clustered at the city level, are reported in parenthesis. Significance at the 10%, 5%, and 1%

levels is indicated by *, **, and ***, respectively.
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Table 7: RD Estimates of the Effect of Female Mayors on Homicides in the Subse-
quent Mayor Term

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

Female Victims Only Male Victims
Female Win -0.939 1.884

(1.634) (4.786)
Female Win × First Year -0.945 1.004

(1.686) (5.018)
Female Win × Second Year -1.316 1.761

(1.670) (5.189)
Female Win × Third Year -0.867 1.924

(1.675) (5.281)
Female Win × Fourth Year -0.303 1.288

(1.653) (5.422)
Observations 339 339 339 339

Notes: This table shows RD estimates of the effect of female mayors on homicides in the

subsequent mayor term. The first two columns report estimates for homicides involving

female victims only, while the last two columns display estimates for homicides involving

male victims. Other controls include unemployment, income per capita, and population.

Standard errors, clustered at the city level, are reported in parenthesis. Significance at the

10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Fig. 4: Police Responsiveness and Female Margin of Victory
Notes: This figure plots the residualised values after controlling for all covariates in the
main specification of police arresting against the margin of victory, with a negative

margin indicating a female candidate loss. Panels A and B display estimates for violence
against women and violence against men, respectively. Each point represents the average
value of the outcome in the margin of victory bin. The solid line plots predicted values,

with separate vote spread trends estimated on either side of the female win-loss
threshold, while the dashed lines identifies the 95 percent confidence level.
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Fig. 5: Crime Reporting and Female Margin of Victory
Notes: This figure plots the residualised values after controlling for all covariates in the
main specification of crime reporting against the margin of victory, with a negative

margin indicating a female candidate loss. Panels A and B display estimates for violence
against women and violence against men, respectively. Each point represents the average
value of the outcome in the margin of victory bin. The solid line plots predicted values,

with separate vote spread trends estimated on either side of the female win-loss
threshold, while the dashed lines identifies the 95 percent confidence level.
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Table 8: RD Estimates of the Effect of FemaleMayors on Probability of at Least One
Homicide Occurring

(1) (2) (3) (4)
Homicide Probability

Female Victims Only Male Victims
Female Win -0.513** -0.483** 0.085 0.069

(0.214) (0.216) (0.152) (0.159)
City- and Year-Fixed Effects YES YES YES YES
Controls NO YES NO YES
Observations 345 345 345 345

Notes: This table presents RD estimates of the effect of female mayors on probability of

at least one homicide occurring. Columns 1 and 2 show estimates for homicides involv-

ing female victims only, while Columns 3 and 4 display estimates for homicides involving

male victims. Other controls include unemployment, income per capita, and population.

Standard errors, clustered at the city level, are reported in parenthesis. Significance at the

10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table 9: RD Estimates of the Effect of Female Governors on Homicides

(1) (2) (3) (4)

Homicide Rate

Female Victims Only Male Victims

Female Governor Win -0.115 0.170 -2.087 -2.669

(0.348) (0.450) (1.589) (1.926)

State- and Year-Fixed Effects YES YES YES YES

Controls NO YES NO YES

Observations 139 139 139 139

Notes: This table presents RD estimates of the effect of female governors on homicides

by gender of victims. Columns 1 and 2 show estimates for homicides involving female

victims only, while Columns 3 and 4 display estimates for homicides involvingmale victims.

Standard errors, clustered at the state level, are reported in parenthesis. Significance at the

10%, 5%, and 1% levels is indicated by *, **, and ***, respectively. An optimal bandwidth

around the threshold has been used.
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Table 10: RD Estimates of the Effect of Female Mayors on Domestic Homicides

(1) (2) (3) (4)

Domestic Homicides

Female Win -1.174** -1.099** -1.100** -1.128**
(0.492) (0.498) (0.501) (0.484)

City- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 345 345 345 345

Notes: This table presents RD estimates of the effect of being above the female win-loss

threshold on domestic homicides against women per 100,000 persons. Other controls in-

clude unemployment, income per capita, and population. Standard errors, clustered at the

city level, are reported in parenthesis. Significance at the 10%, 5%, and 1% levels is indicated

by *, **, and ***, respectively. An optimal bandwidth around the female win-loss threshold

has been used.
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Table 11: RD Estimates of the Effect of Democratic Mayors on Homicides against Women

(1) (2) (3) (4)

Homicide Rate

Homicides against Women Domestic Homicides

Democratic Win -0.121 0.039 -0.255 -0.171

(0.580) (0.391) (0.170) (0.153)

City- and Year-Fixed Effects YES YES YES YES

Controls NO YES NO YES

Observations 621 617 621 617

Notes: This table presents RD estimates of the effect of Democratic mayors on homicides against

women. Columns 1 and 2 show estimates for homicides against women, while Columns 3 and 4

display estimates for domestic homicides. Other controls include population, female officer share,

and total police forces. Standard errors, clustered at the city level, are reported in parenthesis.

Significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table 12: RD Estimates of the Effect of Female Mayors on Police Responsiveness

(1) (2) (3) (4)
Did the Police Make Arrest? (Yes = 1)

Panel A: Violence Against Women
Female Win 0.169** 0.180** 0.188** 0.139*

(0.066) (0.066) (0.068) (0.069)
Area- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 1161 1161 1161 1161

Panel B: Violence Against Men
Female Win -0.020 -0.018 -0.010 -0.040

(0.047) (0.049) (0.044) (0.056)
Area- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 1355 1355 1355 1355

Notes: This table presents RD estimates of the effect of being above the female win-loss

threshold on the probability of police apprehending the offender. Panels A and B dis-

play estimates for violence against women and violence against men, respectively. Local

controls include female officer share, total police forces, unemployment, and income per

capita. Victim characteristics include race, Hispanic origin, marital status, and age. Stan-

dard errors, clustered at the area level, are reported in parenthesis. Significance at the 10%,

5%, and 1% levels is indicated by *, **, and ***, respectively. An optimal bandwidth of 0.25

around the female win-loss threshold has been used.
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Table 13: RD Estimates of the Effect of Female Mayors on Crime Reporting

(1) (2) (3) (4)
Was the Crime Reported to Police? (Yes = 1)

Panel A: Violence Against Women
Female Win 0.527*** 0.531*** 0.542*** 0.329**

(0.077) (0.078) (0.090) (0.148)
Area- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 1161 1161 1161 1161

Panel B: Violence Against Men
Female Win -0.083 -0.094 -0.046 0.040

(0.135) (0.137) (0.153) (0.164)
Area- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 1355 1355 1355 1355

Notes: This table presents RD estimates of the effect of being above the female win-loss

threshold on the probability that the victim reports the crime to the police. Panels A and

B display estimates for violence against women and male violence against men, respec-

tively.Local controls include female officer share, total police forces, unemployment, and

income per capita. Victim characteristics include race, Hispanic origin, marital status, and

age. Standard errors, clustered at the area level, are reported in parenthesis. Significance at

the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table 14: Placebo Tests Using Alternative Thresholds

(1) (2) (3)
Thresholds Coefficients Standard Errors Observations
Panel A: Arresting
-0.27 0.10 0.07 938
0.24 0.03 0.07 1,367

-0.37 0.04 0.03 373
-0.15 -0.06 0.04 565
0.12 0.03 0.06 675
0.55 -0.00 0.03 692

Panel B: Reporting
-0.27 0.12 0.12 938
0.24 0.02 0.15 1,367

-0.37 -0.29 0.20 373
-0.15 0.00 0.06 565
0.12 0.03 0.08 675
0.55 -0.07 0.08 692

Notes: Notes: The table shows RD estimates of the effect of placebo thresholds on arresting

and reporting outcomes for the election subsample in Panel A and B, respectively. The fol-

lowing female margin of victory ranges are used: [-0.79, 0), (0, 0.85], [-0.79, -0.27), [-0.27,

0), (0, 0.24], and (0.24, 0.85]. In each range a placebo RD threshold is created at the median.

49



1. FEMALE MAYORS AND VIOLENCE AGAINST WOMEN: EVIDENCE FROM THE U.S.

Table A1.1: Summary Statistics

(1) (2) (3)
N Mean S.D.

Panel A: Violent Crime Against Women (Dummy)
Police Make Arrest 2,334 0.05 0.21
Crime Reported to the Police 2,334 0.42 0.49

N Mean S.D.
Panel B: Violent Crime Against Men (Dummy)
Police Make Arrest 3,003 0.06 0.24
Crime Reported to the Police 3,003 0.40 0.49

N Fraction
Panel C: Female Participation
Total Elections 271
Mixed-Gender Elections 86 0.32

N Mean S.D.
Panel D: Vote Share in Mixed-Gender Elections
Female Vote Share 86 0.50 0.18
Male Vote Share 86 0.44 0.19
Female Margin of Victory 812 0.06 0.36

Notes: This table displays summary statistics of two main outcome variables and may-

oral elections matched to crime survey data from 1979 to 2004. Panel A and B display

observations, means, standard deviations of police responsiveness and crime reporting

for violence against women andmen, respectively. Panel C presents the numbers of total

elections and mixed-gender elections, and the share of mixed-gender elections. Panel D

displays observations, means, standard deviations of vote share by gender, and female

margin of victory.
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Table A1.2: Robustness of Estimates to Varying Bandwidths

(1) (2) (3) (4) (5)
0.10 0.15 0.30 0.45 0.60

Female Win -1.037*** -0.928** -0.751** -0.447* -0.507**
(0.349) (0.379) (0.349) (0.241) (0.252)

City- and Year-Fixed Effects YES YES YES YES YES
Female Officer Share YES YES YES YES YES
Police Forces YES YES YES YES YES
Other Controls YES YES YES YES YES
Observations 527 757 1,172 1,437 1,579

Notes: This table reports RD estimates of the effect of female mayors on homicides involving female victims only

across various bandwidths. See the notes to Table 3 for additional details.
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TableA1.3: RDEstimates of the Effect of FemaleMayors onHomicides Involving Female
Victims Only: A Quadratic Polynomial

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

Female Win -1.990* -1.885** -1.869** -1.663*
(1.012) (0.935) (0.934) (0.887)

City- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 345 345 345 345

Notes: This table presents RD estimates of the effect of female mayors on homicides involv-

ing female victims only with a quadratic polynomial. Other controls include unemployment,

income per capita, and population. Standard errors, clustered at the city level, are reported in

parenthesis. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table A1.4: RD Estimates of the Effect of Female Mayors on Homicides Involving Fe-
male and Male Victims

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

Female Win 0.250 0.281 0.278 0.186
(0.347) (0.356) (0.361) (0.295)

City- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 345 345 345 345

Notes: This table presents RD estimates of the effect of female mayors on homicides involving

female and male victims. Other controls include unemployment, income per capita, and pop-

ulation. Standard errors, clustered at the city level, are reported in parenthesis. Significance at

the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table A1.5: RD Estimates of the Effect of Female Mayors on Homicides (Excl. Election
Years)

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

Female Victims Only Male Victims
Female Win -3.137* -3.311** -4.490 -3.901

(1.685) (1.563) (5.228) (5.605)
City- and Year-Fixed Effects YES YES YES YES
Controls NO YES NO YES
Observations 228 228 228 228

Notes: This table presents RD estimates of the effect of female mayors on homicides excluding

the sample in election years. Columns 1 and 2 report estimates for homicides involving female

victims only, while Columns 3 and 4 display estimates for homicides involving male victims.

Other controls include unemployment, income per capita, and population. Standard errors,

clustered at the city level, are reported in parenthesis. Significance at the 10%, 5%, and 1%

levels is indicated by *, **, and ***, respectively.
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Table A1.6: Baseline Characteristics

(1) (2) (3) (4) (5) (6)
25 percent vote spread
Female
won

Female
lost

Difference
of means

p-value on
difference

RD
estimate

p-value on
RD estimate

Population density 1,501.22 2,340.52 -839.30 0.10 -3,203.66 0.28
Income per capita (in $1,000) 16.43 15.25 1.18 0.48 -2.60 0.54
Unemployed (%) 6.88 8.04 -1.16 0.20 -0.08 0.98
Land area (km2) 540.47 532.67 7.80 0.95 -493.45 0.22
Water area (km2) 101.23 46.21 55.02 0.27 -98.75 0.63
Elevation (m) 90.53 208.81 -118.28 0.12 177.53 0.28

Female incumbent 0.33 0.18 0.15 0.27 -0.30 0.39
Police officers per 100,000 persons 226.17 268.34 -42.17 0.31 -203.50 0.22
Female officer share 0.11 0.11 0.00 0.92 -0.07 0.14
Police civilians per 100,000 persons 76.94 73.98 2.96 0.82 -58.07 0.17
Female civilian share 0.73 0.70 0.03 0.35 0.03 0.73
Public employees per 1,000 persons 17.14 20.20 -3.06 0.47 -25.11 0.24
March payroll per public employee ($) 2,585.75 2,743.67 -157.92 0.52 21.92 0.95
Observations 27 17 44 44

Notes: This table examines whether pre-characteristics are balanced across female win-loss threshold. Columns 1 and 2 show the uncondi-

tional means for cities where the females barely won and where they barely lost. Column 3 shows the difference of means across columns 1

and 2, and column 4 shows the p-value for the difference of means. Columns 5 reports the estimate on female win from a RD specification

where the respective characteristic is used as the dependent variable. Column 6 is the p-value for a RD estimate. An optimal bandwidth of

0.25 around the threshold has been used.
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Table A1.7: Robustness of Estimates to Varying Bandwidths

(1) (2) (3) (4) (5) (6)
0.15 0.20 0.25 0.30 0.35 0.40

Panel A: Arresting
Female Win 0.302*** 0.079* 0.139* 0.155*** 0.104*** 0.058*

(0.047) (0.043) (0.069) (0.034) (0.036) (0.029)
Area- and Year-Fixed Effects YES YES YES YES YES YES
Female Officer Share YES YES YES YES YES YES
Police Forces YES YES YES YES YES YES
Other Controls YES YES YES YES YES YES
Observations 936 1069 1161 1382 1584 1637
Panel B: Reporting
Female Win 0.364** 0.320** 0.329** 0.233*** 0.232*** 0.127*

(0.165) (0.148) (0.148) (0.066) (0.079) (0.070)
Area- and Year-Fixed Effects YES YES YES YES YES YES
Female Officer Share YES YES YES YES YES YES
Police Forces YES YES YES YES YES YES
Other Controls YES YES YES YES YES YES
Observations 936 1069 1161 1382 1584 1637

Notes: This table reports RD estimates of the effect of female mayors on police responsiveness to violence against women and

reporting of violence against women across various bandwidths. See the notes to Table 9 for additional details.
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Table A1.8: RD Estimates of the Effect of Female Mayors: A Quadratic Polynomial

(1) (2) (3) (4)
Panel A: Arresting
Female Win 0.506*** 0.503*** 0.508*** 0.238*

(0.083) (0.093) (0.097) (0.135)
Area- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 1161 1161 1161 1161
Panel B: Reporting
Female Win 0.344*** 0.342*** 0.343*** 0.286***

(0.045) (0.046) (0.045) (0.057)
Area- and Year-Fixed Effects YES YES YES YES
Female Officer Share NO YES YES YES
Police Forces NO NO YES YES
Other Controls NO NO NO YES
Observations 1161 1161 1161 1161

Notes: This table presents RD estimates of the effect of being above the female win-loss thresh-

old with a quadratic polynomial. Panel A displays estimates for police responsiveness to violence

against women, while Panel B shows estimates for reporting of violence against women. Local

controls include female officer share, total police forces, unemployment, and income per capita.

Victim characteristics include race, Hispanic origin, marital status, and age. Standard errors, clus-

tered at the area level, are reported in parenthesis. Significance at the 10%, 5%, and 1% levels is

indicated by *, **, and ***, respectively.

57



CHAPTER 2

Female Chief Officers and Crime:
Evidence from England and Wales

Abstract: I study the impact of the appointment of female chief officers in policing
on female salient crimes: sexual and rape offences. Evidence shows that appoint-
ing more female chief officers leads to a statistically significant increase in recorded
female salient crimes in England and Wales. Yet, this rise is good news, which is
due not to a rise in actual crimes committed but, rather, to an increase in essential
inputs into the production of law enforcement services. I also find that women’s
ascension to top positions in law enforcement decreases violence against women.
These findings are further corroborated by the event study analysis for the appoint-
ment of the first female chief officers.

2.1 Introduction

Worldwide, 35 percent of women have experienced sexual violence, has been in-
creasingly recognized as a global public health problem (García-Moreno et al.,
2013). Voluminous studies show far-reaching consequences of abusing women, es-
pecially in regard to poor physical health (Ulrich et al., 2003), poor mental health
(Plichta and Falik, 2001; Oram et al., 2017), low birth weight (Aizer, 2011; Neggers
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et al., 2004), and child malnutrition (Sobkoviak et al., 2012). In line with the 2030
Agenda for Sustainable Development, the European Union and United Nations are
embarking on the Spotlight Initiative as the world’s largest targeted effort to end
all forms of violence against women, where women’s empowerment is the central
to achieve the goal (Cebula and Salsberg, 2019).

Women’s empowerment defined as improving the ability of women to access
the constituents of development—in particular health, education, earning oppor-
tunities, rights, and political participation (Duflo, 2012), consists mostly of eco-
nomic and political empowerment. In fact, many scholars have examined the re-
lationships between economically empowering women by increasing employment
opportunity and income of women and women’s exposure to domestic violence
(Bhalotra et al., 2020;Anderberg et al., 2016; Bobonis et al., 2013;Aizer, 2010;Hidrobo
and Fernald, 2013). Yet at the same time, the results of some studies also indi-
cate that promoting economic empowerment of womenwith low bargaining power
may put them at more risk of Intimate partner violence, as men seek to counteract
their increased bargaining power (Rahman et al., 2011; Friedemann-Sánchez and
Lovatón, 2012; Heath, 2014).

Apart from the intra-household bargaining channels, political empowerment of
women often plays a role in reducing sexual crimes through more channels. Based
on the evidence of the striking difference in political and policy preferences be-
tween men and women(Lott and Kenny, 1999; Inglehart and Norris, 2000; Dolan,
2000; Edlund and Pande, 2002), a number of papers have already concentrated on
how political reservations for women increase the targeting of benefits to women
(Powley, 2007; Clots-Figueras, 2011), going back to the seminal contribution of
Chattopadhyay and Duflo (2004).1 Moreover, women holding political positions
may serve as “role models” for women in the population, which echoes the eco-
nomic theory of mentoring and diversity (Athey et al., 2000).

1A separate branch of this literature investigates the impact of mandated political representation
in providing disadvantaged minorities influence over policy-making (Pande, 2003; Besley et al.,
2012). However, more recent studies have questioned the aforementioned assertions (Bardhan et al.,
2010; Rajaraman and Gupta, 2012; Dunning and Nilekani, 2013; Ferreira and Gyourko, 2014).
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There is a dense literature in the applications of the theories developed in Chat-
topadhyay andDuflo (2004) andAthey et al. (2000) in the context of crimes against
women. For instance, Iyer et al. (2012) provide empirical evidence that increased
representation amongmembers of the village council could influence the function-
ing of the police and, in turn, make police take women’s grievances more seriously.
As a result, victims are more encouraged to report sexual crimes. Similarly, Anwar
et al. (2019) find that adding females to the jury pool significantly impacted con-
viction rates on sexual offence cases. However, using data from 583 Indian districts
from 2002 to 2007, Sekhri and Storeygard (2014) do not find supportive evidence
for mitigating effects of women’s political representation in the national parliament
on dowry deaths.

A small number of studies focus on the implications of female leadership in
politics for sexual crimes.2 As described above, female leaders are more likely to
set priorities and allocate resources that are directly relevant to the needs of their
own genders. However, in contrast to most research on the influence of female
leadership, Iyer et al. (2012) find no effect of gender of council leaders at the district
level on the occurrences of crimes against women. A possible explanation for this
insignificant effect could lie in a centralised system of the Indian Police Services
where officers are appointed by the federal government (Lambert et al., 2015) and
women’s presence in leadership positions at the district level have no direct power
over police appointments, budgets or strategies.

The existing literature also investigates the direct effect of female representa-
tion in law enforcement on sexual crimes. Considering that female officers have
a distinctive advantage in interactions with female assault victims (Thielemann
and Stewart Jr, 1996; Harrington et al., 2003; Riccucci et al., 2014; Miller and Segal,
2019),3 the literature show that greater female police representation could increase

2Related is also the literature on the race of leaders, such as Bulman (2019).
3Many studies have indicated that men display a significantly higher endorsement of rapemyths

than women (Anderson et al., 1997; Suarez and Gadalla, 2010). Meanwhile, men tend to attribute
less blame in sexual assault to perpetrators than dowomen (Alicke and Yurak, 1995; García-Moreno
et al., 2013). However, Wentz and Archbold (2012) and Morabito et al. (2017) do not find support
for the above-mentioned results.
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the reporting rates of violence against women and decrease the incidence.
Additionally, concerned governments have implemented an innovative policy

intervention of women’s police stations aimed at eradicating crimes against women
where only female officers deal directly with survivors and women’s representa-
tion in policing rapidly increases. Enhancing women’s access to justice, the intro-
duction of women’s police stations improves their willingness to report crimes but
also lowers incidence of homicide for female victims (Perova and Reynolds, 2017;
Kavanaugh et al., 2018; Amaral et al., 2021).

This paper contributes to the existing literature by bringing together two streams
of literature: police leadership and gender-based crimes, adding something new to
the picture. Because sexual violence is an issues of particular concern for women,
for instance, over 83 percent and 95 percent of the victims of sexual offences and
rape offences, respectively are female in England and Wales (Flatley, 2018),4 it al-
lows an opportunity to explore the impact of female leaders in law enforcement on
a gendered issue. I investigate thoroughly whether female chief officers influence
female salient crimes recorded: sexual offences and rape offences. Also, collecting
data on homicides against women, I explore the impact of female chief officers on
actual incidence of violence against women.

In doing so, my study diverges from existing literature in two main ways. For
one, to the best of my knowledge, this is the first paper to analyse the effect of
adding female chief officers in the absence of a dramatic growth in women’s repre-
sentation across ranks of police due to affirmative action quotas or women’s police
stations. Over the period between 2005 and 2019, the number of female chief offi-
cers in England and Wales nearly tripled from 22 to 58, while that of male counter-
parts declined from 192 to 159.5 Yet little is known about the potentially important
role of female leaders in one of the most male-dominated public service fields.

Second, female leaders in law enforcement have a direct influence on police op-
4Using the CSEWdata from the Appendix Table published alongside the work by Flatley (2018),

the author calculates the percent of the victims are female in the case of rape. The percentage of
female victims of sexual offences is from Flatley (2018).

5Author’s calculation.
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erations to curb crimes against women. Distinctly, female legislators may have to
negotiate with other legislators or make concessions on bills they introduce to pre-
vent those crimes. Likewise, if law and order is not devolved to the local govern-
ment, female representatives at the local level have to lobby national level decision-
makers. Policewomen taking on leadership positions are much more likely to in-
dependently determine the policies, objectives, and structures of policing (Hewitt,
1991).

Could the increase in recorded female salient crimes be simple a measure of
greater reporting willingness after appointing female chief officers? This could oc-
cur if the actual number of those crimes does not increase after the entry of women
into top command positions, since such a rise can either be driven by an increase in
the number of reported crimes or the actual number of crimes. The under-reporting
of crime to the police is known to be particularly acute for female salient crimes,
with many more offences committed than are reported to the police, becoming a
major policy concern. Ministry of Justice (2013) admit that in England and Wales,
only around 15%of thosewho experience sexual violence report to the police.6 As a
result, increased crime reporting is being considered a rule of thumb to identifying
police responsiveness to those crimes (Soares, 2004b; Banerjee et al., 2012).

To disentangle the reporting effect from the change in actual crime incidences,
this paper tests whether homicides against women that are less prone to report-
ing biases increase after appointing females as chief officers. The hypothesis that I
advance and empirically establish is that women’s access to police leadership po-
sitions leads to an increase in recorded female salient crimes is due not to a rise
in actual crimes committed but, rather, to an increase in women’s willingness to
report.

I construct a dataset by combining detailed data sources on police workforce,
crime and socio-economic characteristics at the police force area (PFA) level. Mak-
ing use of this dataset, I find that the number of female chief officers appointed

6The reporting bias knows no geographical boundaries. which is also observed on an interna-
tional stage (Skogan, 1976; Bachman, 1998; Muratore and Sabbadini, 2005; Joseph et al., 2017).

62



2. FEMALE CHIEF OFFICERS AND CRIME: EVIDENCE FROM ENGLAND ANDWALES

is strongly positively related to the number of recorded sexual offences and rapes,
whereas it is strongly negatively associated to the number of homicides against
women even after controlling for other potential important confounding factors,
such as population, total police forces, and labour market conditions. These find-
ings provide strong support for my hypothesis. In addition, I further control fixed
effects for time-periods and PFAs respectively, and time trend across PFAs. Never-
theless, the results are maintained across various alternative specifications.

Even though I separate out actual changes in crime incidence fromcrime records,
the above-mentioned approach captures not only changes in victim reporting be-
havior, but also changes in police recording practices that come from appointing
women as chief officers, which could make interpreting results difficult. To dif-
ferentiate between the two mechanisms, this paper utilises data on the number of
transferred or cancelled records for sexual and rape offences, which could capture
police behavior with respect to the removal of crime records, to investigate the as-
sociation between the appointment of female chief officers and recording practices.
The results suggest no significant association between police recording practices
and women’s appointments to police command positions. Nevertheless, there is a
statistical power concern relating to interpretations of the results.

Another concern relates to other unobserved confounding factors such as bud-
get reforms or institutional reforms that parallel the inclusion of women in leader-
ship positions, which could have exerted a general influence on all forms of crime.
To overcome the problem I employ data on gender-neutral crimes and repeat the
same specifications. Consistent with the prediction, the results suggest that none
of these crimes has any statistically significant association with the entry of police-
women into leadership positions.

To further tackle endogeneity concerns, apart from the ordinary least squares
(OLS) approach, I also conduct an event study following Sun and Abraham (2021)
to explore the causal impact of the first appointment of female chief officers on
female salient crimes over the study period. Using variation in the timing of ap-
pointment of first female chief officers, I show that appointing female chief officers
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in particular PFAs increases documented female salient crimes and decreases the
occurrence of violence against women in those PFAs.

My study relates also to other branches of the economics of crime literature fo-
cusing on sexual crimes. Card andDahl (2011) find the significant effect of an upset
loss by the local National Football League team on intimate partner violence. There
are also some studies that highlight the effects of mandatory arrest laws (Iyengar,
2009) and no-drop policies (Aizer and Dal Bo, 2009) on reporting by domestic vi-
olence victims.7

Outside of the issue of sexual offences, this paper has a connection with a large
literature regarding the effect of police on crime, where the police are often viewed
as a primary factor generating a deterrence effect. Beginning with Levitt (1997),
much of that literature focuses on IV strategies designed to overcome simultaneity
bias, suggesting that the size of the police force significantly reduce crimes (Evans
and Owens, 2007; Chalfin and McCrary, 2018). Leveraging a redeployment of po-
lice in response to a perceived terrorist threat, three studies also investigate the
response of crime to changes in normal routines of policing (Di Tella and Schar-
grodsky, 2004; Klick and Tabarrok, 2005; Draca et al., 2011). There is a fast-growing
strand of the literature investigating relationships between information technology
and police productivity (Doleac, 2017). Unlike that literature, which focuses on in-
teractions between police and criminals, this paper primarily studies the interaction
between victims and police.

Finally, this work also echoes political theories of representative bureaucracy.8

Most studies on representative bureaucracy is concernedwith race and suggest that
minority bureaucrats often implement policies to reduce the disparate treatment
that minority clients have received historically (Meier and Stewart, 1992; Selden,
1997). Keiser et al. (2002) and Meier and Nicholson-Crotty (2006) take into ac-
count the contextual environment that influences whether sex will lead to active

7No-drop policies compel the prosecutor to continue with prosecution even if the victim ex-
presses a desire to drop the charges and ceases to cooperate with the prosecution (Aizer andDal Bo,
2009).

8The term “representative bureaucracy” comes from J. Donald Kingsley’s book titled Represen-
tative Bureaucracy.
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representation in the bureaucracy on this topic and find that increasing female rep-
resentation in bureaucratic agencies helps women in the population.

The remainder of the article proceeds as follows. Section 2 provides a brief back-
ground on crime procedures in England andWales and chief officer appointments.
Section 3 describes the data. Section 4 offers the analysis of the appointment of
female chief officers. In Section 5 I discuss my results. Section 6 concludes.

2.2 Background

In England and Wales, law enforcement is undertaken by police officers serving in
43 territorial police forces within one of those jurisdictions. These regional services
are complemented by some specialist national agencies such as the National Crime
Agency. All police forces are autonomous organisations, with responsibility for
their ownpolicing plan, resource allocation, budgets, and staffingdecisions. On the
other hand, police remuneration, minimum standards for police recruits, and legal
knowledge examination have become increasingly centralised over time (Crawford
and Disney, 2018). Figure 1 indicates the geographical boundaries of all territorial
police forces.

2.2.1 Crime Procedures in England and Wales

The Home Office Counting Rules for Recorded Crime (HOCR) set out the manner
inwhich police officers are to record crimes consistently and accurately. TheHOCR
specify that all reports of incidents, whether fromvictims, witnesses or third parties
and whether crime related or not, will, unless immediately recorded as a crime,
result in the registration of an auditable incident report by the police.

According to theNationalCrimeRecording Standard, an incidentwill be recorded
as a crime (notifiable offence) for ‘victim related offences’ if, on the balance of prob-
ability: (a) the circumstances of the victims report amount to a crime defined by
law (the police will determine this, based on their knowledge of the law and count-
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ing rules); and (b) there is no credible evidence to the contrary immediately avail-
able. Nevertheless, recorded crimes may be later changed to transferred or can-
celled records if they were determined that no notifiable crime occurred, recorded
in error, or committed within the jurisdiction of another police force area.

When a crime is reported to the police, the prosecution process generally starts
from the point. Depending on the type and seriousness of the offence committed,
a decision whether or not to prosecute is made by the police service or the Crown
Prosecution Service (CPS). In more serious or complex cases, prosecutors decide
whether a person should be charged with a criminal offence. The CPS may advise
police officers of the further evidence required before a charging decision can be
made, or to strengthen the case to secure a successful outcome (Kaufman, 1980;
Crown Prosecution Service, 2018).

2.2.2 Appointment of Chief Officers

Outside of London, each territorial police force is led by a team of chief officers
headed by a chief constable, and supported by deputy chief constables, and assis-
tant chief constables. While equivalent chief officers in the London MPS include
the commissioner, deputy commissioner, assistant commissioners, deputy assis-
tant commissioners and commanders. The role of chief officers is to provide strate-
gic leadership for the force.9

Prior to 2012, the local police authority was responsible for hiring all chief of-
ficers, ensuring that there was local accountability for policing.10 In contrast, all
police officers below the rank of chief officer were appointed by, and under the di-
rect control of, the Chief Constable. Every police force in England and Wales had
a police authority. Despite the fact that some have more, most police authorities
consisted of 17 members—9 councillors, 3 magistrates and 5 independents (Myhill
et al., 2003). Among its members, a police authority shall at its annual meeting

9Police ranks below chief officers are listed as follows: constable, sergeant, inspector, chief in-
spector, superintendent, and chief superintendent.

10Mawby and Wright (2005) discuss the responsibilities of the local police authority and chief
constable in detail.
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appoint a chairman who plays a leadership role.
However, in 2012 police authorities outside London ceased to exist and were re-

placed by directly-elected Police and Crime Commissioners (PCCs) by way of the
Police Reform and Social Responsibility Act 2011.11 The PCCs have the legal power
and duty to appoint, and where necessary, remove the Chief Constable. When it
comes to appointing other chief officers (deputy chief constables and assistant chief
constables), the Act states clearly that the chief constable must consult the PCC re-
garding the proposed appointment. Where differences in opinion occur regarding
the proposed chief officer appointment these should be discussed and resolved lo-
cally between the PCC and Chief constable (College of Policing, 2018). Hence, the
PCCs are actively involved with the appointment of deputy chief constables and
assistant chief constables. In London the City of London Police continues to be
overseen by a police authority, whilst the Mayor of London has responsibility for
the governance of the London MPS. Similar arrangements to the London MPS also
exist in the Greater Manchester Police since 2017.

2.3 Data

2.3.1 Crime Data

In England andWales, police forces supply crime data to the Home Office, who are
responsible for the collation and publication of crime data. The crime data used
in this paper is drawn from the statistics of the Home Office. I obtain annual data
on the number of crimes recorded at the police force area (PFA) level, which are
available from 2002 through 2019 on a financial year basis.12 As sexual and rape

11For the sake of brevity, PCC refers to Police and Crime Commissioner or Police Authority Chair-
man in this paper.

12There are 43 PFAs in England and Wales. However, the City of London PFA is a very small
police force which covers the ‘‘Square Mile’’ of the City of London. This force is already excluded
from all my analysis as it is not possible to obtain data on the covariates such as labor force par-
ticipation for this area. This leaves me with 42 PFAs. They are Avon and Somerset, Bedfordshire,
Cambridgeshire, Cheshire, Cleveland, Cumbria, Derbyshire, Devon andCornwall, Dorset, Durham,
Essex, Gloucestershire, Greater Manchester, Hampshire, Hertfordshire, Humberside, Kent, Lan-
cashire, Leicestershire, Lincolnshire, LondonMetropolitan Police, Merseyside, Norfolk, Northamp-

67



2. FEMALE CHIEF OFFICERS AND CRIME: EVIDENCE FROM ENGLAND ANDWALES

offences are not comparable due to recategorization in the publications of crime
statistics before and after 2005, my analysis for those offences starts from 2005. The
dataset containing information on homicides against women is directly provided
by the Home Office upon request, because the data in the publication version only
include the aggregate count of homicides. Figure 2 shows the average number of
sexual offences, rapes, and homicides against women in police force areas over the
study period, respectively.

To investigate the effect of female chief officers on crime outcomes, I also ob-
tain data on annual prosecution and convictions volumes of rape offences that are
available from 2006. The recording system for these crimes is consistent over the pe-
riod. I also collect the data on crimes that are not gender-specific, such as homicide,
assault with injury, burglary, and motor theft. In order to investigate the effect on
police recording practices, I collect data on the annual number of records for sexual
offences and rapes that are transferred or cancelled. Specifically, I obtain the data
from 14 police forces hold records from 2005 onwards. In terms of the rest of PFAs,
I employ supplementary data from the Home office that has started to release the
data from 2011.

2.3.2 Police Workforce Data

I also collect police workforce data at the PFA level from the national statistics of
the Home Office for the period 2005-2019, which are originally sourced from police
forces’ personnel records. Forces keep records of all staff employed by the force on
their human resource and payroll systems, as employees will not be paid if they
are not on these systems. The key independent variable in this paper is the number

tonshire, Northumbria, North Yorkshire, Nottinghamshire, South Yorkshire, Staffordshire, Suffolk,
Surrey, Sussex, Thames Valley, Warwickshire, West Mercia, West Midlands, West Yorkshire, Wilt-
shire, Dyfed-Powys, Gwent, NorthWales and SouthWales. Onemaywonder whether the inclusion
of LondonMetropolitan Police Service (MPS) is biasingmy results, since it is arguably very different
from other police forces. For instance, police pay scale applies across England andWales, yet officers
in the LondonMPS are entitled to additional ‘Londonweighting’ and ‘London allowance’(Crawford
and Disney, 2018). Unlike other police forces, it has certain national responsibilities such as lead-
ing counter-terrorism policing and the protection of the royal family and senior members in the
government. As a robustness exercise, I repeat the main regressions by excluding the LondonMPS.
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of female chief officers appointed within a year, which comes from the joiners data
including the number of new recruits to a particular police force by rank and gen-
der.13 Figure 2 shows the average number of female chief officers appointed from
2002 to 2019. Panels A and B present positive and strong correlations between fe-
male chief officers appointed and recorded sexual crimes and rapes, while Panel C
presents a negative and strong correlation between female chief officers appointed
and homicides against women.

To account for possible endogeneity of women’s access to chief officer positions
and control for potential confounding factors, I collect further data on police work-
force. These consist of police employment data, such as police officers by gender
and rank, as at 31 March each year, and police turnover data, such as number of
officer leavers by rank and gender within one year.

Data on area characteristics are mainly obtained from the Annual Population
Survey (APS) and theAnnual Survey ofHours and Earnings (ASHE). TheAPS has
the largest coverage of any household survey and enables the generation of statistics
for local authorities in the UK. I aggregate labour market data drawn from the APS
up to PFA level from local authority level. As the information on annual earnings,
I extract local area mean earnings from the ASHE data that are the most compre-
hensive sources of earnings data in England and Wales, and then match them into
police areas using local authority employmentweights. Population figures by PFAs
used in my analysis are extracted from publications by the Home Office.

13There are missing years for some forces. They are Thames Valley in 2006 and 2009; Suffolk from
2016 onwards; London MPS in 2017 and 2018; Dorset between 2005 to 2015.
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2.4 Analysis of the Appointment of Female Chief Of-

ficers

2.4.1 Baseline Empirical Model

Table 1 provides the summary statistics for the main variables used in my analysis.
To gauge the effects of appointing females to the role of chief officers on crimes,
and particularly female salient crimes, I begin with a simple OLS model, which is
specified as follows:

Crimeat = α + βFemaleat + φXat + ρa + γt + εat (1)

WhereCrimeat represents the recorded crime for the following crime types: sexual
offences, rape offences, homicide, assault with injury, burglary, and motor theft, in
PFA a in year t. My study primarily focuses on sexual offences, rapes, and homi-
cides against women but I examine gender-neutral crimes to identifywhether other
mechanism are in operations which have generalized effects on crimes. Observed
crime counts are annual totals, but the observed police numbers are a snapshot
as of 31 March. Thus, the number of the newly recruited female chief officers in
that locality and year, Femaleat, is used as the main explanatory variable. A set of
time-varying control variables such as the number of male chief officers recruited,
chief officers who leave from office by gender, total chief officers by gender at the
beginning of the financial year, female officers in low-ranking positions joining and
leaving, and total low-ranking officers, population size, unemployment by gender,
and earnings by gender. ρa is area fixed effects used to absorb all area characteristics
that are persistent over time. I also include γt, year fixed effects to take into account
for non-parametrically adjust for national trend in crimes. εat is idiosyncratic error
term. All standard errors are clustered at the PFA level to allow for possible cor-
related shocks to PFA-level crimes over time. Observations are also weighted by
population size.
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2.4.2 Baseline Results

2.4.2.1 Female Salient Crimes

Initially, I focus on female salient crimes and I present OLS results using variations
of the model in equation (1). Table 2 demonstrates the impact of the addition of
females to the seated chief officers on recorded female salient crimes. Considering
the differences in severity levels across female salient crimes, I carry out an analysis
of sexual offences and rape offenceswhere the former represent thosewith different
ranges of severity, and the latter stand for those with a high range of severity. In the
first three columns the dependent variable is the logged number of sexual offences
recorded, while in the last three columns that is the logged number of rape offences
recorded. The coefficients on the number of newly added female chief officers, β,
are positive and statistically significant in all specifications. To be more specific,
OLS estimates for the key independent variable is statistically significant without
control variables in columns (1) and (4). The size and statistical significance of
them are little affected by the inclusion of many control variables in columns (2)
and (4), and control variables plus area specific time trends in columns (3) and (6).
Across specifications, I include year fixed effects and area fixed effects as well.

In columns (3) and (6), the results from my preferred specification with all
controls are shown, suggesting that an increase in the number of newly appointed
female chief officers is significantly associated with the number of recorded sexual
offences and rapes. Specifically, appointing one female chief officers is strongly
and significantly associated with a 4 percent increase in recorded sexual crimes
and a 3 percent increase in recorded rapes. It is important to note that these esti-
mates remain significant even when I control for the number of female officers in
low-ranking positions. This result is valuable because it reveals that women being
represented in more influential positions at the high level can directly affect female
salient crimes, independent of large scale representation at the lower level in law
enforcement.

As discussed above, the strong and positive association between female chief of-
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ficers and female salient crimes could be attributed tomore incidence, more record-
ing, and/or more reporting. The next section tests whether the appointment of
female chief officers leads to more incidence of violence against women.

2.4.2.2 Homicides against Women

Given the challenge of disentangling an increase in recording/reporting incentives
from an increase in actual incidences of female salient crimes, this section focuses
on examining the effect of appointing female chief officers on homicides against
women where endogenous reporting is unlikely to be a concern. If appointing fe-
male chief officers leads to an surge in actual incidences of crimes against women,
then greater recording/reporting incentives cannot be considered independent drivers
of the results displayed in Table 2.

Using the data on homicides against women back to 2002, I run the same speci-
fications as the analysis earlier. Table 3 reports the corresponding results for homi-
cides against women. The results show that adding female chief officers is statis-
tically significant and negative associated with homicides against women: 1 ad-
ditional female chief officers is strongly associated with a decrease in homicides
by 1 homicide. It is economically meaningful, when compared to mean value of
around 5 homicides against women. This finding itself is important, implying that
women’s representation in the leadership of law enforcement agencies matters for
women’s safety. Furthermore, my result offers important evidence that an increase
in recorded sexual crimes after a police force appoints more female chief officers is
good news, driven by greater recording/reporting rather than greater incidence of
sexual crimes.

Although I estimate the model for homicides against women in levels, with-
out applying logarithmic transformations, because of its relative infrequency, as
shown in Appendix Table A2.1, the results are robust to logarithmic transforma-
tions. Another way to corroborate my results is to exclude the London MPS from
the regression estimates. It should be noted that the overall operational leader of
the LondonMPS is the Commissioner who is appointed by RoyalWarrant based on
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the recommendation of the secretary of state. Thus, it is entirely different for po-
lice forces in London and the rest of the country to run their process of appointing
chief officers.14 Given these differences, I further test whether the inclusion of the
London MPS is biasing my results by excluding the London MPS. Appendix Table
A2.2 offer the results from the repeated regressions. The results remain consistent
and are robust to the exclusion of the London MPS, which increase my confidence
in the validity of my results.

2.4.2.3 Police Recording Practices

If police recording practices improve in tandemwith the rising number of recorded
female salient crimes, it would be difficult to interpret an increase in those crimes as
evidence in favor of a greater reporting willingness. Many studies have shown that
there could be considerable distance remains between citizen “reported” and police
recorded crime (Skogan, 1975). In this section, I use the number of transferred or
cancelled records as a proxy for police recording practices, because it captures the
quality of police action when recording crimes.

I examine the effect of the appointment of female chief officers on the change
in transferred or cancelled records for female salient crimes, in order to get a better
understanding of the extent to which I can attribute an increase in recorded female
salient crimes to the change in victim reporting behavior. Table 4 displays these
results for sexual offences and rape offences, respectively. The estimates across
columns are insignificant at conventional levels, implying that police recording
practices might not be affected by the appointment of female chief officers. How-
ever, as I discuss in detail later, these findings remain inconclusive, owing to a sta-
tistical power challenge.

14Also, in terms of responsibilities, unlike other police forces, the London MPS has unique re-
sponsibilities with respect to leading counter-terrorism policing. As a result, chief officers in the
London MPS may be more sensitive to terrorist threats rather than other crime types.
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2.4.2.4 Gender-Neutral Crimes

One may wonder whether the addition of female chief officers plays a role in other
crime types, apart from female salient crimes too. This could occur if women are
less competent than their male counterparts at policing, and thus greater female
representation in the influential positions in law enforcement leads to a general
slump of law and order.15

Table 5 offers estimates of the influences of the entry of female chief officers on
the logged number of gender-neutral crimes: homicide, assault with injury, bur-
glary, and motor theft, respectively.16 None of these crime categories shows any
significant connection with the change in the number of female chief officers ap-
pointed. This helps to show that my main result may not be driven by a spurious
correlation or unobservable factors that might affect crime at large. Nevertheless,
I will present power analysis below and the interpretation of null effects should be
cautious.

2.4.2.5 Power

To disentangle the victims’ reportingmechanism frompolice recordingmechanism
and general mechanism, I have examined the effect of appointing female chief of-
ficers on transferred/cancelled records and other crime records, and found statisti-
cally insignificant effects. These results may not suggest that the two mechanisms
are not in operation, because it can be difficult to distinguish between lack of effect
and lack of power. This difficulty suggests an innovation in reporting results. For
each null finding, I compute the minimum detectable effect size (MDE),17 that is,
the effect that would have been detectable within 80% power at the 5% significance
level ex post. In other words, the MDE is the effect size below which I may not be
able to distinguish that the effect is different from zero, even if it is.

Results of power calculations and corresponding estimated effect size are pre-
15The role of female officers has long been controversial (Martin and Jurik, 2006).
16As there are several observations that equal to 0, I use log(homicide+1) as the outcome variable.

Nevertheless, the results are robust when excluding those observations and using log(homicide).
17MDE are calculated with Stata’s power twomeans command.
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sented in Table 6. Given my current sample size, setting α = 0.05 and 1 − β = 0.8, I
would be able to detect an effect of 40.90 for transferred/cancelled sexual offences,
which is equivalent to 33 percent of the mean value, and 0.27 standard deviations
of the records transferred/cancelled. For transferred/cancelled rape offences, the
MDE is 19.33, which is equivalent to 36% of mean value, and 0.28 standard devia-
tions. They show that I am not powered to detect very small effects, while I could
expect to detectmoderate and large effects. AsMDE are larger than estimated effect
sizes, I cannot rule out the police recording mechanism with confidence.

Panel B displays the estimates and MDE for other crime outcomes. Relative to
the estimated effect sizes, MDE are larger, and imply a large risk of not detecting
any smaller effects. Nevertheless, they are ranging between 0.02 and 0.06 percent
of mean log units. In addition, none of the point estimates show effect estimates
in excess of 0.01 percent of the mean log values, suggesting that the effects are eco-
nomically small. Therefore, I can say the appointment of female chiefs does not
have meaningfully large impacts on other crime types. Overall, I may be under-
powered to detect the police recording and general mechanisms, and those null
effects should therefore not be overinterpreted.

I summarize my key results as follows. On the one hand, appointing female
chief officers significantly increases the number of recorded female salient crimes.
On the other hand, evidence shows that the actual incidence of violence against
women decrease. Overall, my results indicate that increasing essential inputs into
the production of services in criminal justice system after appointing female chiefs
may decrease violence against women.

2.4.3 Event Study

2.4.3.1 Endogeneity concerns

In equation (1), my coefficient of interest is β whichmeasures the impact of adding
females to the chief officer pool on the number of female salient crimes. However,
for β to identify the causal effect, I have to address potential concerns that the en-
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try of women into leadership positions is correlated with some confounding fac-
tors correlated with female salient crimes. For instance, one may be concerned that
more female chief officers leaving from office are correlated with both appointing
women to the positions of chief officer and female salient crimes, and my estimates
are biased. I account directly for this by controlling for the number of female chief
officers who leave the service. It could be also the case that police forces make
decisions whether to hire additional female chief officers based on the number of
existing chief officers, which subsequently affect crimes. Considering diversity,
police forces that have fewer females in senior management team may hire more
females. To account for this, I also control for the number of female chief officers at
the beginning of the year.

It is possible that the addition of females to the top positions is accompanied
by a rise in female frontline officers. Thus, the estimates might not be clean from
biases due to an increasing in female representation across ranks. To address this
issue, I also include the number of appointed female officers in low-ranking po-
sitions as a control for varying diversity across ranks of the police, though this in
fact is a potential channel through which adding female chief officers affect crimes.
Furthermore, I controls for other factors that the literature identifies as important
determinants of crimes: population size, unemployment rate by gender, and earn-
ings. In addition to including area fixed effects and year fixed effects, I also control
for area specific time trends.

Reverse causality may be another concern which biases my OLS estimates, as it
is noticeable that areas with greater number of female salient crimes tend to hire
more female chief officers. Even though I control for potential confounding factors,
employing various measures of female salient crimes, and using additional data
sets, in terms of identifying causality, elaborating a suitable event study is still of
necessity.
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2.4.3.2 Event Study Specification

To overcome the endogeneity issue, I followSun andAbraham(2021), whodevelop
DiD (difference-in-difference) estimators of the cohort-and-period specific effects
to estimate dynamic effects in setting where there is variation in treatment across
units. Theirmethodology is robust to treatment effect heterogeneitywhich recently
has gathered a lot of attention.18 As each police force has appointed at least one
female chief officer, my analysis estimates separate event studies for each treatment
cohort (defined by the year the first female chief officer was appointed) over the
study period.19 Based on their methodology, I estimate the following equation:

Yat =
E∑

e=1

5∑
k=−5
k ̸=−1

βe,k(1{Ea = e}FirstFemaleChief k
at) + σa + ϕt + εat (2)

Where time windows span periods of one year each. Particularly,±k ranges from 5
and -5 to respectively 1 and -2 years, as -1 is omitted. Each lag(lead) takes the value
of the main regressor -k(k) years away from the first appointment of female chief
officer. FirstFemaleChief k

at is a set of relative event-time dummies, that take value
of 1 if time t is k years after (or before, if k is negative) the first female chief officer
appointment. e represents cohorts, different time periods in which police forces
appoint female chief officers. Each estimated parameter is a weighted average of
the impact of the appointment k years away (i.e., pre or post). The coefficients of
interest βe,k can be interpreted as an average effect of the treatment on the treated
periods after initial treatment.

18Recently, a growing literature has investigated the biases of the two-way fixed effects DD es-
timator associated with heterogeneous treatment effects (Sun and Abraham, 2021; Callaway and
Sant’Anna, 2021; Athey and Imbens, 2021; Goodman-Bacon, 2021). In particular, such an estima-
tor equals a weighted average of all possible simple 2x2 DDs that compare one group that changes
treatment status to another group that does not.

19Their procedure ensures nonnegative weights and better sheds light on dynamic treatment ef-
fects.
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2.4.3.3 Event Study Evidence

In this section I move to estimate the impact of appointing female chief officers by
estimating equation 2. I start by presenting evidence on the effects on recorded
female salient crimes. I later assess the impact on homicides against women, which
is followed by the impact on crime outcomes.

The event study estimates will yield a biased estimate of the causal effect of
appointing female chief officers if earlier appointment of female chiefs dispropor-
tionately occur in police forces that would have experienced a change in the female
salient crimes even absent the appointment. Although I cannot rule out such a
possibility, I can check for differential clearance trends between earlier and later
appointment police forces in the years leading up to the appointment of female
leaders.

Figure 3 displays the corresponding estimates for recorded sexual offences. Prior
to appointing female chief officers, I find little evidence of differential group trends
in sexual offences. For k < 0, all treatment coefficients never reach statistical signif-
icance, supporting the identification assumption. The effect occurs immediately af-
ter the appointment. Following the appointment event, the recorded sexual crime
increases significantly by 6 percent. But the effects subsequently reach insignifi-
cance and appear to disappear.

Two factors may explain the pattern of effects. First, victims respond to news
coverage of the appointment of female chief officers. That is, the detected reporting
effect may depend on media coverage of such appointments. A large effect imme-
diately in the first year after treatment could suggest that female chiefs are more
likely to draw the media’s focus at the beginning of the appointment. Second, it
might relate to police turnovers. Particularly, women police officers have much
higher turnover rates than their male counterparts (Miller et al., 2017).

Figure 4 presents the corresponding estimates for recorded rape offences. For
posttreatment periods, consistentwith the pattern of sexual offences, recorded rape
offences increase significantly by 9 percent in the first year of female chief officer
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appointment, and then the effects dissipate. However, unlike the above outcome
I have examined, there is evidence of differential pretrends in rape offences. The
existence of the pretrends makes me reluctant to interpret the estimated drastic
increase in recorded rape counts too strongly.

Turning to the actual crime incidence, Figure 5 plots the coefficients from re-
gressions that replace sexual offences with homicides against women for lead and
lag indicators. I do not detect differential pretrends for homicides against women.
However, police forces appointing female chief officers would experience signifi-
cantly less violence against women immediately following the appointment. This
is again consistent with the sexual crime figures and suggests that the appointment
of female chief officers bring about more reporting and lead to less violence.

2.4.4 Female Chief Officers Who Stay

Asdiscussed above, the short-lived effect of the appointment of female chief officers
could be explained by high turnover. In this section, I examine the effect of the
appointment of first female chief officers who stay after appointment by excluding
police forces areas where the first female chiefs left the areas one or two years after
the appointment.20 In doing so, I am able to investigate whether female chief officer
turnover is affecting the pattern of effects.

The same exercises as the previous section are repeated focusing on female chief
officerswho stay. Figures 6-8 report the results for sexual offences, rapes, and homi-
cides against women, respectively, showing that the effects are not lasting. These
estimates, both in terms of magnitude and significance, are strikingly similar to
those for all appointments of first female chiefs. As a result, high turnover is un-
likely to be a driver of the detected effect.

In a nutshell, the results of OLS regressions and event study analyses paint a
very consistent picture, implying that female chief officers have meaningful effects
on reducing violence against women. Considering the behavior of the three types

20The results are robust to excluding police forces areas where the first female chiefs left the areas
one year after the appointment only.
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of interacting agents–—police, victims, and criminals, I find a strong and signifi-
cant elasticity for reporting/recording incentives with respect to women’s access to
police leadership positions.

2.5 Discussion

The main argument of my analysis is that victims, police and potential criminals
respond to additional female voices in law enforcement leadership. In particular,
I find that the more female chief officers police forces appoint, the more female
salient crimes the police record. More importantly, I find that the actual incidence
of female salient crimes declines after policewomen land the coveted leadership
positions. The combination of these findings implies that women’s access to police
leadership positions substantially strongly positively affects essential inputs into
the production of law enforcement services. This result is important per se, and
also to complement the prior literature on women helping women particularly in
the previously male-only domains.

My results also offer a piece of evidence that the increase in recorded female
salient crime is not a part of an overall jump in crimes after the appointment of fe-
male chief officers. The police image is often associated with aggressive behavior
and physical strength with fast-paced violence. The debate centering on female of-
ficers’ lack of physical strength and inability to maintain an authoritarian presence
has been ongoing for decades.21 If it is simply the case that women are worse suited
to police tasks, then overall surge in crimes might occur. Yet, I find no significant
impact of the entry of policewomen into top command positions on crimes not tar-
geted toward women, such as homicide, violence with injury, burglary, and motor
theft. That is why this result justifies the unique role of top policewomen in serving
women, especially in victimization situations.

The closest papers to mine are the parallel studies by Iyer et al. (2012), Miller
and Segal (2019), and Amaral et al. (2021). They mainly focus on the impact of im-

21see, for instance, Balkin (1988).
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plementing policies pertaining towomen’s representation, such as political reserva-
tion, affirmative action, and women police stations on female salient crimes. How-
ever, the possibility of media-induced reporting effect has been ignored in the liter-
ature. The event study evidence in the study suggests a potential channel relating
to media coverage of female leadership that might drive victims’ responses.

2.6 Conclusion

This study uses the lens of gender to explore the role of chief officer preferences in
access to justice for victims. I offer the first comprehensive analysis of the effects of
increasingwomen’s ascension to top positions in law enforcement on female salient
crimes. Importantly, to overcome the problem of joint determination of crime and
police staffing, I conduct the event study analysis of the appointment of the first
female chief officers.

I find that women serving in positions of law enforcement leadership signifi-
cantly increase documented sexual crimes while, this rise is good news, which is
due not to a rise in actual crimes committed. A greater willingness of female vic-
tims to report crimes against them to the police could potentially explain this rise.
However, I cannot rule out the alternative explanation of improved police record-
ing practices after the appointment of female chief officers with confidence.

Overall, my studymakes a contribution to the related literature as it is the first to
investigate how important amplifying women’s voices in law enforcement leader-
ship is to increase essential inputs into the production of law enforcement services.
It is to be hoped that future research will cast more light on the role of law enforce-
ment leaders from racial, religious, or ethnic minority groups in crime fighting.
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Fig. 1: Police Forces in England and Wales
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Fig. 2: Female Chief Appointment and Crime
Notes: Thefigure shows the plot of the appointment of female chief officers against the crime series.
PanelApresents the average number of female chief officers appointed against the average number
of sexual offence recorded, with correlation of 0.68. Panel B presents the average number of female
chief officers appointed against the average number of rape offence recorded, with correlation of
0.70. Panel C presents the average number of female chief officers appointed against the average
number of homicides against women, with correlation of 0.40.
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Table 1: Summary Statistics

Observations Mean SD Min Max
Panel A: Police Workforce
Female Chief Officers Appointed 699 0.13 0.37 0 3
Male Chief Officers Appointed 699 0.43 0.72 0 8
Female Frontline Officers Appointed 699 53.65 90.61 0 986
Male Frontline Officers Appointed 699 113.75 224.35 0 2,375
Panel B: Crime records
Sexual Offences 573 1,846.42 1,960.14 312 17,608
Rape Offences 573 589.54 691.47 67 6,421
Cancelled or Transferred Sexual Offences 402 120.82 146.57 0 1,021
Cancelled or Transferred Rape Offences 402 53.28 69.24 0 561
Prosecution Rape Offences 531 93.89 114.19 11 878
Conviction Rape Offences 531 55.47 59.39 6 462
Homicides against Women 699 4.78 6.01 0 54
Homicides 699 16.31 24.10 0 225
Violence with Injury 699 10,098.19 10,420.64 2,009 85,845
Burglary 699 13,013 14,999.92 1,267 113,427
Motor Theft 699 3,304.70 5,547.262 170 57,269
Panel C: Other Variables
Female Chief Officer Leave 699 0.15 0.46 0 6
Male Chief Officer Leave 699 0.81 1.10 0 9
Female Chief Officers (31 March) 699 0.84 1.14 0 9
Male Chief Officers (31 March) 699 3.98 3.76 1 35
Female Frontline Officer Leave 699 33.67 43.25 1 478
Male Frontline Officer Leave 699 144.78 198.28 13 1674
Frontline Officers (31 March) 699 3,162.20 4,529.61 817 33,783
Population (000) 699 1,298.43 1,117.87 487.80 8,664.95
Female Unemployment Rate 699 5.87 1.73 2.15 11.75
Male Unemployment Rate 699 6.64 2.26 2.47 14.92
Female Earnings (£) 699 19,095.94 2,909.43 13,708.24 30,676.90
Male Earnings (£) 699 31,744.26 5,216.79 21824.00 53493.11

Notes: This table displays observations, means, standard deviations as well as the minimum and
maximum values for variables of interest. Frontline officers represent officers with ranks below
chief officers.
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Table 2: OLS Estimates of the Appointment of Female Chief Officers on Sexual
Offences and Rape Offences

Sexual Offences Rape Offences
(1) (2) (3) (4) (5) (6)

Female Chiefs 0.035** 0.046** 0.039** 0.031** 0.042** 0.027**
(0.013) (0.017) (0.015) (0.012) (0.018) (0.012)

Year Fixed Effects YES YES YES YES YES YES
Area Fixed Effects YES YES YES YES YES YES
Controls NO YES YES NO YES YES
Area Time Trends NO NO YES NO NO YES
Areas 42 42 42 42 42 42
Observations 573 573 573 573 573 573

Notes: This table reports estimates by running OLS regressions. The sample consists of

42 police forces in England andWales between 2005 to 2019. The dependent variables are

logged number of sexual offences and rape offences recorded, while the key regressor

is the number of women appointed as chief officers during a year. Controls include the

number of male chief officers recruited, chief officers who leave from office by gender,

total chief officers by gender at the beginning of the financial year, female officers in

low-ranking positions joining and leaving, and total low-ranking officers, population

size, unemployment by gender, and earnings by gender. All statistics are weighted by

police force area population. Standard errors, clustered at the police force area level, are

reported in parenthesis. Significance at the 1%, 5%, and 10% levels is indicated by ***,

**, and *, respectively.
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Table 3: OLS Estimates of the Appointment of Female Chief Officers on Homi-
cides against Women

Homicides against Women
(1) (2) (3)

Female Chiefs -2.070*** -1.734*** -1.079**
(0.692) (0.613) (0.518)

Year Fixed Effects YES YES YES
Area Fixed Effects YES YES YES
Controls NO YES YES
Area Time Trends NO NO YES
Areas 42 42 42
Observations 699 699 699

Notes: This table reports estimates by running OLS regressions. The sample consists of

42 police forces in England and Wales between 2002 to 2019. The dependent variables

are the number of homicides against women, while the key regressor is the number

of women appointed as chief officers during a year. Controls include the number of

male chief officers recruited, chief officers who leave from office by gender, total chief

officers by gender at the beginning of the financial year, female officers in low-ranking

positions joining and leaving, and total low-ranking officers, population size, unem-

ployment by gender, and earnings by gender. All statistics are weighted by police force

area population. Standard errors, clustered at the police force area level, are reported

in parenthesis. Significance at the 1%, 5%, and 10% levels is indicated by ***, **, and *,

respectively.
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Table 4: OLS Estimates of the Appointment of Female Chief Officers on Transferred/-
Cancelled Sexual Offences and Rape Offences

Sexual Offences Rape Offences
(1) (2) (3) (4) (5) (6)

Female Chiefs -9.775 0.128 -5.643 13.024 -1.517 -7.612
(11.873) (14.759) (15.912) (12.166) (6.699) (8.520)

Year Fixed Effects YES YES YES YES YES YES
Area Fixed Effects YES YES YES YES YES YES
Controls NO YES YES NO YES YES
Area Time Trends NO NO YES NO NO YES
Areas 42 42 42 42 42 42
Observations 402 402 402 402 402 402

Notes: This table reports estimates by runningOLS regressions. The sample consists of 42 po-

lice forces in England andWales. The dependent variables are the number of sexual offences

and rape offences that are transferred or cancelled, while the key regressor is the number

of women appointed as chief officers during a year. Controls include the number of male

chief officers recruited, chief officers who leave from office by gender, total chief officers by

gender at the beginning of the financial year, female officers in low-ranking positions joining

and leaving, and total low-ranking officers, population size, unemployment by gender, and

earnings by gender. All statistics are weighted by police force area population. Standard

errors, clustered at the police force area level, are reported in parenthesis. Significance at the

1%, 5%, and 10% levels is indicated by ***, **, and *, respectively.
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Table 5: OLS Estimates of the Appointment of Female Chief Officers on Other Crime
Types

Homicides Injury Violence Burglary Motor Theft
(1) (2) (3) (4)

Female Chiefs -0.037 0.004 0.019 0.020
(0.039) (0.009) (0.012) (0.016)

Year Fixed Effects YES YES YES YES
Area Fixed Effects YES YES YES YES
Controls YES YES YES YES
Area Time Trends YES YES YES YES
Areas 42 42 42 42
Observations 699 699 699 699

Notes: This table reports estimates by running OLS regressions. The sample consists of 42

police forces in England and Wales between 2002 to 2019. The dependent variables are the

logged number of homicides against women, violence with injury, burglary, and motor theft,

respectively, while the key regressor is the number of women appointed as chief officers dur-

ing a year. Controls include the number of male chief officers recruited, chief officers who

leave from office by gender, total chief officers by gender at the beginning of the financial

year, female officers in low-ranking positions joining and leaving, and total low-ranking of-

ficers, population size, unemployment by gender, and earnings by gender. All statistics are

weighted by police force area population. Standard errors, clustered at the police force area

level, are reported in parenthesis. Significance at the 1%, 5%, and 10% levels is indicated by

***, **, and *, respectively.
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Table 6: Ex-Post Minimum Detectable Effect Sizes (MDE)

(1) (2) (3) (4)
Panel A: Police Recording Practices

Transferred/Cancelled
Sexual Rape

Female Chiefs -5.643 -7.612
(15.912) (8.520)

[-37.78, 26.49] [-24.82, 9.60]
MDE 40.90 19.33
Observations 402 402

Panel B: Other Crime Types
Homicides Injury Burglary Motor Theft

Female Chiefs -0.037 0.004 0.019 0.020
(0.039) (0.009) (0.012) (0.016)

[-0.12, 0.04] [-0.01, 0.02] [-0.01, 0.04] [-0.01, 0.05]
MDE 0.16 0.14 0.16 0.21
Observations 699 699 699 699

Notes: This table presents the estimated effect of female chiefs with standard errors in paren-

thesis and 95% confidence intervals in brackets, and calculated minimum detectable effect

sizes (MDE). Panel A reports the MDE of transferred/cancelled sexual and rape offences

compared to estimated effect sizes with α = 0.05 and 0.8 power. Panel B reports the MDE

of other crime types compared to estimated effect sizes with α = 0.05 and 0.8 power. MDE

are expressed in the same units as the outcome variables.
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Fig. 3: Event Study Analysis for Sexual Offences
Notes: The figure presents the event-study plots of the effect of the appointment of the first
female chief officer on sexual offences over the period, following Sun and Abraham (2021).
Standard errors are clustered at the PFA level and observations are weighted by PFA popu-
lation. The dotted vertical line represents the time of treatment. Bands indicate 90 percent
confidence intervals.
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Fig. 4: Event Study Analysis for Rape Offences
Notes: The figure presents the event-study plots of the effect of the appointment of the first
female chief officer on rape offences over the period, following Sun and Abraham (2021).
Standard errors are clustered at the PFA level and observations are weighted by PFA popu-
lation. The dotted vertical line represents the time of treatment. Bands indicate 90 percent
confidence intervals.
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Fig. 5: Event Study Analysis for Homicides against Women
Notes: The figure presents the event-study plots of the effect of the appointment of the first
female chief officer on homicides against women over the period, following Sun and Abra-
ham (2021). Standard errors are clustered at the PFA level and observations are weighted by
PFA population. The dotted vertical line represents the time of treatment. Bands indicate 90
percent confidence intervals.
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Fig. 6: Event Study Analysis for Sexual Offences (Female Chiefs Who Stay)
Notes: The figure presents the event-study plots of the effect of the appointment of the first
female chief officer who stay on sexual offences over the period, following Sun and Abraham
(2021). Standard errors are clustered at the PFA level and observations are weighted by PFA
population. The dotted vertical line represents the time of treatment. Bands indicate 90 per-
cent confidence intervals.

Fig. 7: Event Study Analysis for Rape Offences (Female Chiefs Who Stay)
Notes: The figure presents the event-study plots of the effect of the appointment of the first
female chief officer who stay on rape offences over the period, following Sun and Abraham
(2021). Standard errors are clustered at the PFA level and observations are weighted by PFA
population. The dotted vertical line represents the time of treatment. Bands indicate 90 per-
cent confidence intervals.
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Fig. 8: Event Study Analysis for Homicides against Women (Female Chiefs Who
Stay)
Notes: The figure presents the event-study plots of the effect of the appointment of the first
female chief officer who stay on homicides against women over the period, following Sun
and Abraham (2021). Standard errors are clustered at the PFA level and observations are
weighted by PFA population. The dotted vertical line represents the time of treatment. Bands
indicate 90 percent confidence intervals.
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Table A2.1: OLS Estimates of the Appointment of Female Chief Officers on Homicides
against Women: Robustness

Log(Homicides against women) Log(Homicides against Women + 1)
(1) (2) (3) (4) (5) (6)

Female Chiefs -0.091* -0.132* -0.122* -0.072** -0.099* -0.087*
(0.049) (0.071) (0.068) (0.035) (0.053) (0.052)

Year Fixed Effects YES YES YES YES YES YES
Area Fixed Effects YES YES YES YES YES YES
Controls NO YES YES NO YES YES
Area Time Trends NO NO YES NO NO YES
Areas 42 42 42 42 42 42
Observations 649 649 649 699 699 699

Notes: This table reports estimates by running OLS regressions. The sample consists of 42 police

forces in England and Wales between 2002 to 2019. The dependent variables are logged number of

homicides against women without and with plus 1, respectively. The key regressor is the number

of women appointed as chief officers during a year. Controls include the number of male chief

officers recruited, chief officers who leave from office by gender, total chief officers by gender at

the beginning of the financial year, female officers in low-ranking positions joining and leaving,

and total low-ranking officers, population size, unemployment by gender, and earnings by gender.

All statistics are weighted by police force area population. Standard errors, clustered at the police

force area level, are reported in parenthesis. Significance at the 1%, 5%, and 10% levels is indicated

by ***, **, and *, respectively.
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Table A2.2: OLS Estimates of the Appointment of Female Chief Officers on Crime (excl.
London MPS)

Sexual Offences Rape Offences Homicides against Women
(1) (2) (3)

Female Chiefs 0.043** 0.029* -0.820*
(0.018) (0.017) (0.435)

Year Fixed Effects YES YES YES
Area Fixed Effects YES YES YES
Controls YES YES YES
Area Time Trends YES YES YES
Areas 41 41 41
Observations 561 561 684

Notes: This table reports estimates by running OLS regressions. The sample consists of 41 police

forces excluding the London MPS in England and Wales. The dependent variables are the num-

ber of sexual offences, rapes, and homicides against women, respectively. The key regressor is

the number of women appointed as chief officers during a year. Controls include the number of

male chief officers recruited, chief officers who leave from office by gender, total chief officers by

gender at the beginning of the financial year, female officers in low-ranking positions joining and

leaving, and total low-ranking officers, population size, unemployment by gender, and earnings

by gender. All statistics are weighted by police force area population. Standard errors, clustered

at the police force area level, are reported in parenthesis. Significance at the 1%, 5%, and 10%

levels is indicated by ***, **, and *, respectively.
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CHAPTER 3

Role Models Among Us: Experimental
Evidence on Inspirations and Gender
Disparities Set in Stones

Abstract: In this randomised controlled trial, we test the presence of such commu-
nications and their consequences from an inspirational lens. Focusing on a cohort
of primary school students in India, we study the role modelling effect of histor-
ical statues. Students in the statues group were exposed to a short video of these
locally present. The placebo group experienced an identical narrative on the same
role models, with the visuals being composed of images of these role models and
not their statue. There was a third pure control group. We find that a virtual tour
to four statues of distinct role models in Jaipur leads to an increase in students’
academic performance. Importantly, immediately after the intervention, students
watching the statues video perform better in a memory test than the placebo and
control groups. We postulate familiarity and susceptibility as the two fundamental
constituents for relatability and as key mechanisms that fuel a motivational effect
within the role modelling literature.
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3.1 Introduction

Statues are erected as powerful pedagogical devices to transmit dominant political
ideologies (Cohen, 1989; Kelly, 2015); or to serve as highly visible and respected
symbols of prosperity attained by role models (Bell, 2008), and in the process pay-
ing them a tribute. Often they are associatedwith adding to the aesthetics of a city/-
town, maintaining heritage of the people and attracting tourism too (Benhamou,
2020). However, it is not the complete story. Statues - as a mnemonic device - have
also been identified to aid memory (Bower, 1970; Manuel, 2000) of a particular vi-
sion of ‘ideal´ behaviour.

This is their role-modelling effect that channels information and influences be-
haviour by invoking past memories. For instance, portrait statues in ancient Roman
societymanifest the different roles that were then deemed appropriate for men and
women in the society (Davies, 2008). Nevertheless, due to the lack of empirical
data and methodological difficulties for comparative studies stemming from cul-
ture and context, very limited research has been performed on them, especially in
economics. Using an experimental technique and limiting our attention on one city
in Rajasthan, we assess these role-modelling effects in the short andmedium run on
children’s academic performance. We also encounter the issue of gender disparity
upon the analysis that is discussed in more detail later.

As a part of the research design, we exploit the effect that such statues of promi-
nent individuals can have due to their accomplishments (by achieving high goals
they serve as an inspiration to the society, or are at least expected to be by the in-
stallers)1, visible grandeur2, location (geographical accessibility) and by their ori-
gin and overall historical significance in the Indian society (being a part of the aca-
demic curriculum). In that sense, they cover all the tenets of role-modelling. For
this reason, we label any treatment effects that we find as a result of role-modelling
and introduce a conceptual framework of the underlying mechanisms. These fur-
ther our understanding of the role-modelling literature and provide a completely

1Goal-attainability
2Aesthetics and being entertaining to look at or visit
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new way to look at statues in policy discourses.
We start by identifying these role models and selecting a representative homo-

geneous sample of primary school children in urban parts of Jaipur - the study
location. These students were then randomised at an individual level to three com-
parable groups at baseline.

Abiding with the school closures we resorted to an online experiment, benefit-
ing largely by the support of the school staff. Without revealing the true intention
of the study or our research questions, we conducted the experiment online using
Qualtrics. To exercise control and ensure a somewhat neutral environment for the
study, the baseline, intervention and endline phases were organised as a part of
an activity during regular school periods. These were audited by a member of the
research team and facilitated by the school teachers. Students filled online ques-
tionnaires in the baseline and watched the intervention videos right before filling
those questions during the endline phase. The two waves of data collection hap-
pened in subsequent weeks.

This experiment is approved by the College of Social Sciences Research Ethics
Committee of University of Glasgow (No: 400200239) and registered at the AEA
RCTRegistry (No: 0008055) before the intervention and survey data collection. The
intervention consisted of a 6-minute video of four role-models3 who had a statue in
the city. We hired a production team to produce the short film on the role models
and their statues. Our first (statues) group saw the videos on the statues - a virtual
tour. The second (placebo) group saw a video on the same role models that was
composed of their images. The third group served as a pure control. The videos
had an identical narrative play in the background that was scripted carefully using
the principles of the role-modelling and bearing close connections with the stories.
Themes of hope, self-efficacy, hard-work, grit, breaking stereotypes and high aspi-
rations were carefully embedded in these narratives.

A comparison between the two intervention groups with the control group, de-
tected the effect of statues over and above the role modelling effect of these per-

3This was a compilation of a 90 seconds video for each.

99
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sonalities by invoking additional feelings of familiarity and susceptibility. Using
school’s administrative data on academic performance we tracked the students for
a period of one year and present effects immediately, one month and six months
after the intervention.

We find that right after the intervention there wasmarked improvements in stu-
dent’s effort and career aspirations for public service. Students of the statues group
had a 0.12 sd higher effect. This can be attributed to the additional memory stim-
ulus received by only the statues group. Students of both the statues and placebo
groups increased their aspirations by 0.14 sd.

One month after the intervention, students of the statues group increased their
performance in Mathematics and Computer. On an average their scores increased
by 0.21 sd and the number of students passing these exams by 0.23 sd. They also
recorded an improvement of 0.04 sd in scores and 0.34 sd in passing the exam in so-
cial sciences, with no effects on languages (Hindi and English). All of these effects
are strongly significant.

After 6 months, statues group students still performed better on Mathematics
and Computer. The number of students passing the exam increased by 0.24 sd,
which is significant at 5%. We detect no effects for the placebo group. The effect
was driven by boys of the statues group. We find that boys scored 0.22 sd (im-
mediate), 0.32 sd (1-month) and 0.25 sd (6-months) higher in the memory task,
and mathemetics and computer exams. These effects are also strongly significant.
These results and corresponding heterogeneities are discussed in more detail later.

Firstly, we contribute to a small but fast growing literature that studies role-
modelling effects from movies and video clips on education attainment (Bhan,
2020; Riley, 2022), entrepreneurial aspirations (Bjorvatn et al., 2020; Dalton et al.,
2021), labour market choices (Ahmed et al., 2022; McKelway, 2019) and youths’
behaviour (Kearney and Levine, 2015). Yet, unlike that literature, we focus on the
effect of real-life role models set in stones that have been existing for years. Instead
of devising highly entertaining tools, we invoke susceptibility to otherwise invisi-
bly camouflaging stone figures that may be appealing aesthetically, have a limited
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entertainment quotient. Inspirationmay be lost in the crowd of concrete and build-
ings, but like a pair of car keys is readily present once you start looking.

Secondly, this study links to studies focusing on real-life role models as well.
For instance, Kipchumba et al. (2021) show that visits from college students in ran-
domly selected treatment schools impact students’ aspirations. Porter and Serra
(2020) investigate the effect of exposing students enrolled in introductory classes
to successful and charismatic women who majored in economics at the same uni-
versity. Much alike, Bettinger et al. (2018) and Chung (2000) find similar effects.
The present study also looks into real-life role models made tangible due to their
statues. We rely on recalling the content of students’ memory rather than the direct
interaction with role models. Here the principle mechanism is heightened sense
of familiarity. We constantly draw comparisons from familiar and relevant others
(WorldBank, 2014).

We see statues having an eventual role-modelling effect through the increased
familiarity and susceptibility. Both of these are novel introductions to the rolemod-
elling literature which are the key components of relatability. Individuals’ memory
about rolemodelsmay help to identify the common characteristicswith those of the
role models. The process may be viewed as communications between individuals
with the role models, which is comparable with that of memory helping form com-
mon ground during communicative exchanges (Brown-Schmidt and Duff, 2016).
Familiarity with and susceptibility to a given role model are the pre-conditions and
determinants for how much an individual can relate to them. Role models rely on
this tenet to ’speakwith the viewer/audience/masses’ and offer new information or
shape their attitudes and behaviours. This conceptual deepening is illustrated em-
pirically in our results. Using a placebo group that is equally familiar to role mod-
els, we manipulate the susceptibility and future familiarity of the statues group.
Because the role models are locally presented in the form of statues, students might
feel more relatable to them, which might help explain the lasting effects. For exam-
ple, some ethnographic evidence from the northern India indicates that people set
their reproductive goals based on the mortality experience of infants or children in
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their own locality (Lewis et al., 1958; Egerö and Hammarskjold, 1994). Neverthe-
less, it is only a hypothesis, as we do not measure the relatability in the data.

Thirdly, this study also contributes to the literature that examines the role mod-
elling effect of political leaders on civilians’ norm behaviour. Beaman et al. (2009,
2012) find that exposure to female political leaders increases women’s aspiration
and changes their gender norms. Also, conducting laboratory experiments, Gächter
and Renner (2018) find that political leaders as role models can influence people’s
behavior in domains like charitable giving, tax evasion, and corruption. Our inter-
vention videos include political leaders, enabling us to test for the effect of political
leaders. We find that our intervention increase students’ aspiration towards public
services. Hence, this study may help explain why the Indian citizens are highly
enthusiastic to be a part of public governance (IndiaGov, 2021; Forbesindia, 2020).

The rest of the paper is structured as follows. In section 2, we talk about the
background literature on statues and their perception through a lens of role-modelling.
Section 3 presents the research design with details about the intervention and the
outcome variables. Section 4 includes our timeline, a description of the data and
randomisation, along with the estimation strategy. Results are presented in section
5 and discussed in section 6 that also focuses on the potential mechanisms. Section
7 concludes.

3.2 Background

3.2.1 Statues, legacies and their implications

Statues (and monuments in general) built and installed to be seen and respected,
often become invisibly blended into the daily hustle-bustles of people’s lives (Marschall,
2017). People may barely pay conscious attention, let alone respect and actively
appreciate these statues and their stories. Statues andmonuments worldwide have
recently become a matter of debate for what they represent, glorify and communi-
cate in an unspoken manner.
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Ever since the Roman imperial society4, portrait statues were used to represent
individuals worth emulation, and being regarded as ’role models’ for ’the contem-
porary society’ (Davies, 2008). While the former notion still prevails in today’s soci-
eties (strategic remembrance), the finer latter caveat has been overlooked (selective
forgetfulness) over the decades. While statues are erected in the present, often their
installers do not take into account the preferences of contemporary society or con-
template the associated role-modelling effect. This has led to inconsistencies with
what was deemed appropriate several hundred years ago, in the recent past and in
the present. Also, completely ignored is the how they develop societies attitudes
and behaviours.

3.2.2 Role models among us

Exposure to role models via multimedia channels can influence human behaviour
and their aspirations (Bernard et al., 2014; Bhan, 2020; Chong and Ferrara, 2009;
Chung, 2000; La Ferrara et al., 2012; Lafortune et al., 2018; Riley, 2022; Dalton et al.,
2021). Role models have been found to affect household autonomy, improve aca-
demic performance, increase entrepreneurial spirit and savings, raise family in-
comes, appease gender biases and stereotypes, and foster hope andoptimismacross
developing and developed countries. Interestingly there is plenty of evidence on
their efficacy across different age-brackets too.

Studies with role models have widely used exposure to real life role models
(in person and virtually) and fictitious characters (protagonists of films/televi-
sion series/advertisements). Such interventions aim to offer a blend of informa-
tion, encouragement and entertainment (in some cases) through an individual (or
a group) that the subjects can associate with. Their achievements (often in the face
of adversity) serve to instigate feelings of self-confidence, self-efficacy and hopeful-
ness. A complementarity between beliefs about one’s abilities and performance is
central to their effect on different developmental outcomes. For instance, Bettinger

4Or even longer back in ancient Egypt. For more detail please see Blackman (1923).
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et al. (2018) investigate how schools can increase students’ perseverance in math
by shaping students’ beliefs in their abilities to learn.

Marking a departure from the standard literature, we explore whether ’statues’
of real life historical icons can instigate a similar effect. In an attempt to compre-
hend the mechanisms of such an effect we extend our understanding of the under-
lying principles of role modelling. In that process, we present evidence on ways to
strengthen role-modelling interventions. As mentioned formerly, public opinion
and scientific discourses on the power and weaknesses of statues are mixed and
limited. Through a role-modelling lens, we unearth their implications on psychol-
ogy, academic performance and gender disparity in the following sections.

3.3 Research Design

Brocas and Carrillo (2020) argue that studies on children bring their own novel
challenges for experimental designs that demandpremeditateddesigns, andmethod-
ological adjustments based on the sample and context. Children grasp information,
fuel their motivations, and adjust their behaviours in their own ways. For this rea-
son, we adopt a host of measurement tools to collect information on their psycho-
logical characteristics and academic performance.

3.3.1 Sample

The sample consisted of 1571 students from eight schools in urban parts of Jaipur,
India. They were selected based on a simple identification strategy that required
each school to be co-ed (having both boys and girls), follow a Central Board of
Secondary Education (CBSE) curriculum, have at least 40 students in class 4 and 5
each, and agree to share administrative data on school performance. We limit our
attention on students in class 4 and 5 as younger children could lack the necessary
comprehension and technical skills to partake in the intervention or the question-
naires. These students are randomised at an individual level to three homogeneous
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groups (one statues, one placebo, and one pure control). The schools were ap-
proached in April-May 2021 to gather consent.

Given the online nature of the research design and the ongoing remote school-
ing, information elicitation was purely digital. Nevertheless, we cross-checked the
information collected from the surveys on childrenwith the school’s administrative
records. Appendix TableA3.1 presents the summary statistics. Our average sam-
ple age at baseline is 9.5 years with 42 percent of the sample being girls and half of
them in class 4 (and the other half in 5). Students scored at an average level of hope
and aspiration levels with respect to the literature (Snyder, 2002; Bhan, 2020). At
baseline, 75 percent of the students wanted to enter public services and the aver-
age sample scored 5.13 out of a 10 mark memory test. Exam score as a percentage
is provided for five subjects including math, computer, English, Hindi, and social
science. Their mean scores range from 0.82 to 0.86.

3.3.2 Intervention

As a part of the online RCT, we requested and received assistance from school
teachers to ensure that participants pay attention to the videos. In August’21, all
the teacher coordinators (1 teacher per class) were trained online to passively facili-
tate the intervention. During the intervention, students joined a zoom room shared
by their corresponding teachers as they would on an average (at that time). When
they joined, they were informed that they could participate in an activity and as a
part of it, open a link that was shared in the chat box. This contained the link for a
Qualtrics survey questionnaire.

Unlike the baseline5, there were three distinct links for the endline. Contents of
each link were treatment dependent, in so far that they first requested consent, fol-
lowed by a video in the statues and placebo groups or no video in the pure control
arm, and then survey instruments in the same order as the baseline. Hence, each

5Students received a common link during a similar zoom room organised and audited by the
teachers. Since there was no treatment involved, each child received a common link that collected
information on baseline covariates and outcomes of interest.
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school organised three different zoom rooms, distinct to each group and carefully
‘marked student attendance´ at the beginning and towards the end of the session.
This step ensured (and to some extent prevented) compliance 6.

We hired a production company (‘Braille Cam’) to produce the intervention
videos. Statues and placebo interventions comprise of a set of four role models,
namely, Mahatma Gandhi, Indira Gandhi, Arjuna and Dr. B.R. Ambedkar. How-
ever, in the former, students watch a virtual tour of their statues in the city of Jaipur
with a short narrative on their lives. Students in the latter watch a video with the
same narrative and duration, but devoid of any statues and instead images of these
role models stitched into a short video. The videos were narrated in Hindi, which
is the local language of communication. The third group serves as a pure control.
Each of the four videos was approximately a minute and half long and was deliv-
ered within one session in the local language (Hindi). Kids were exposed to the
role-modelling content on individual screens7.

The group watching the statues video (referred to as the statues group hereon)
differed from the group watching the video composed of the images of these role
models (referred to as the placebo group hereon) only in terms of the visual cues
that they were exposed to. The two videos shared an identical narrative to specif-
ically disentangle any treatment effects due to the virtual stimulus on children’s
memory. These role models were carefully selected from the twofold identifica-
tion criteria. First, they should be a part of the children’s academic curriculum and
students may have some modest levels of familiarity to them. Second and impor-
tantly enough, they should have a statue in the urban part of Jaipur. This strategy
enabled us after an exhaustive exercise to narrow down to four iconic figures in
Indian history and mythology. These are Mahatma Gandhi, Dr. B.R. Ambedkar,
Indira Gandhi, and Arjuna. Interestingly and much to our expected dismay, there
was only one statue of a female potential role model.

6Students that had accidentally joined a group that did not correspond with their treatment
status, were asked to leave and join the apt room before rolling out the link. For instance, if a student
who belongs to statues group, entered the room for pure control students, s/he would be identified
during the attendance and asked to join room for the statues group.

7As they are home and no households had siblings in the same class.
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Mohandas Karmchand Gandhi, popularly known as Mahatma Gandhi world-
wide, is a beacon of the strength of non-violence and peace. His video contains ele-
ments from his time in South Africa and India, from humble beginnings to becom-
ing the father of the nation through sheer will and perseverance. The key message
focuses on having faith in oneself - “The future depends on what you do today.”

Dr. Bhimrao Ramji Ambedkar, was theMinister of Justice and Law and the head
of the drafting committee of the Indian Constitution. This narrative is premised on
hope, aspirations and grit. Overcoming discrimination and hopelessness at a very
young age, B.R. Ambedkar secured a scholarship to earn a doctorate in Economics
from Columbia University and became a social reformer. “They tried to bury me.
They did not know that I was a seed.”

Indira Gandhi, the iron lady of India, was the first female prime minister of
independent India. Central to this video’s theme are the emotions of confidence,
courage and strength. These echo is a letter from her father“... Be brave, and all the
rest follows. We work in the sun and in the light.”.

Arjuna, third son of Pandu, is a popular character from Mahabharata (a San-
skrit epic from ancient India) famous for his archery skills. The video highlights
his eagerness to learn and passion to perfect his skills. From practicing archery in
the dark to focusing only on his target (The eye of a wooden fish) Arjuna excelled.
Quoting Dronacharya8 “... to achieve something, you must focus on it....and con-
centrate only on your target”, the video emphasises the significance of goal-setting,
focus and hard work.

The overarching theme of the intervention videos in general and the narrative
to be precise, was to showcase the power of grit, hope and resilience in the face of
adversity. With a focus on goals, consistent effort and power of will, each narrative
delivers a key message, with the common element of ‘you can do everything that
you aim for´.

8Arjuna’s teacher.
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3.3.3 Main outcomes

We collected information on twomain strands of outcomes of interest, namely psy-
chological/motivational and academic performance. While the former is captured
in the short-run using information elicited on a memory task and career aspira-
tions, the latter is tracked over a span of 6 months since the intervention. To do so,
we relied on administrative data from schools on examperformance of the students
right before the intervention and one and six months afterwards.

Several instruments were employed to measure information on student moti-
vation. Effort -as an objective proxy of motivation- was measured on a cognitive
memory test Ariely et al. (2009) and an arduous spot the differences task. As a
part of the online survey, students were displayed a sequence of five numbers for
10 seconds, which they had to memorise and re-write as an exercise in the sub-
sequent page. This step was repeated thrice to ascribe a total score out of 10 for
each student. In the second task, students were presented with two similar images
with subtle differences in each. The students were asked to ‘spot as many differ-
ences as they could between the two images and write them´ in an open text field
in Qualtrics. However, the quality of data collected on this indicator is poor and
subject to extensive scrutiny that has yet to be undertaken. Although, it is a novel
indicator of effort, we had to drop it from the current analysis9.

Information was collected on individual hope and aspirations. Alongside, we
use information from children’s career aspirations to create a dummy variable for
whether they wish to go into public sector service, solely to capture the effect of the
treatment on aspirations bearing in mind the role models and their accomplish-
ments10. Information on these indicators was collected to identify any immediate
boosts to motivation11.

9Since there measure relied on an open field format for collecting the responses, students fol-
lowed no consistent approach to answer. These range from answering just a final number to writing
complete sentences for each of the total 15 difference.

10Mahatma Gandhi and Dr. B.R. Ambedkar excelled in academics (Law and Economics, respec-
tively) before serving their nation in a not electoral-way. Indira Gandhi served the society by be-
coming a political and the first female prime minister of independent India.

11For information on other pre-registered but unanalysed indicators please refer to the PAP. These
include a math test and word-completion task. As it was unexpected to identify any improvements
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For collecting information on students’ academic performance, we collected ad-
ministrative data from schools on examinations conducted in March 2021, Septem-
ber 2021 and March 2022. Since different schools had by and large an identical cur-
riculum, we compare the treatment effects on individual subjects and across STEM
and languages (the STEM subjects include Mathematics and Computer, and the
Language subjects include English and Hindi). In addition to assessing the treat-
ment effects on scores, we also analyse the impact on the passing rates by disci-
pline. In the short run, as a part of the survey questionnaire, we collect information
on student’s math and English language performance using simple math tests and
word completion tasks, respectively12. In the former, students answer 10 simple
arithmetic questions (suitable to their age group) and receive a score for each. In
the latter they are asked to complete 5 incomplete words being rewarded with one
point for each correct word formation.

Employing our research design and using these outcome variables, we answer
three questions: (i) does exposure to statues motivate students; (ii) do they have a
role modelling effect on academic performance; and (iii) can they explain dispar-
ities in academic performance in India? We answer these one by one in section 5
and 6.

3.4 Data and Estimation Strategy

Students of class 4 and 5 from the selected schools were organised to participate in
an online session. Information on the contents of this session was withheld from
them. Thesewere organised and communicated to the students by the school teach-
ers disguised as a regular school period. As the session started, the teachers took
student attendance.
in these, we included them to ensure that the sample is balanced on measures of academic perfor-
mance over and above the secondary data supplied by the schools.

12Besides the examination scores, we use these as useful proxies for learning levels at baseline
for balancing checks. We do not report any analysis of treatment effects on these two variables as
mid-way through the data collection we realised that it is unlikely that learning outcomes would
change overnight. Since, these were administered right after the endline, it would have been much
against the literature and intuition to observe any changes in these two.
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These teachers were trained two weeks in advance and offered a script for that
session. By training, scripting and anonymously auditing the session the research
team ensured that no details about the experimental design, its intent or the out-
come variables is communicated to the students. It was all the more difficult for
the teachers to do so, as they or the school administration did not know of it them-
selves. Following Zizzo (2010), we adopted a non-deceptive obfuscation technique
to avoid any potential experimenter demand effects. The RCT was presented as a
general study to learn whether students like activity-based learning on online plat-
forms. They then informed the students that it was an activity-based session and
shared a link to an online survey questionnaire in the chat window. Teachers were
informed that they should not help the students with any part of the survey and
the students were instructed to not seek help from the teachers or their parents13.
Endline surveys were conducted in a similar fashion with the exception of having
groups segregated by the treatment assignments. Neither the teachers nor the stu-
dents had any information on this randomisation.

3.4.1 Timeline

We administered a baseline survey in August 2021 to track the initial scores on the
outcome variables, along with collecting essential information on other confound-
ing factors (including but not limiting to age, gender, type of device used to attend
online schools, class). The respondents to this questionnaire formed the participant
pool and were randomised at an individual level.

In the next week, we rolled out the endline survey, of which, the intervention is
the first part. We had the videos in-built as part of the online surveys. So any indi-
vidual who wished to fill the endline survey - if belonging to the statues or placebo
group - had to watch the videos in the beginning. Three types of endline surveys

13The studentswere also asked to keep their video on at all times to ensure the latter aspect. While
a handful of parents intervened at a few occasions in baseline, it is safe to assume that randomisation
balanced it across the different groups. Also at any such instance the teacherswarned them instantly
and that set example for others and avoided any repetitions of a similar malpractice. Additionally,
by design, students were not allowed to chat amongst the participants of the call.
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were administered to the participant pool, on the basis of their experiment assign-
ments. As soon as the participants finished watching the videos14, they progressed
to the information elicitation tools for the variables of interest.

The online survey captured information on the outcome variables only. Infor-
mation on student performance in school examinations both before and after the
intervention were gathered using administrative records. Each of the two online
sessions that included the surveys lasted for approximately 1 hour much alike a
regular class would otherwise. The timeline is presented in Figure 1. Starting with
a baseline survey in the last week, we conducted the intervention and the end-
line survey in the beginning of September. All the eight schools had their exams
in March 2021, last week of September or early October 2021 and then again in
March/April 2022. This allowed us to compare the academic performance of the
students belonging to different groups, one- and six-months after the intervention.

After consulting local fieldworkers andhead teachers in the experiment schools,
and looking into the media reports and government announcements, we also show
the lockdown timeline with school status in Figure 1. In addition, using data from
Google Mobility Reports (Google, 2022), we present the trends in mobility activi-
ties in parks and outdoor spaces in Jaipur in Figure 1.

As a precautionary measure, the Rajasthan government decided to close all
schools on 14 March 2022 (The Hindu, 2020b). Later, in response to the first wave
of covid-19 cases, the Rajasthan government announced a complete lockdown of
the state on 21 March 2021 (The Hindu, 2020a). As shown in the mobility graph,
the activity in the outdoor spaces collapsed after implementing the lockdown pol-
icy. The lockdown restrictions were partly released in May 2020, yet the schools
remained closed (India Today, 2020). Since then, the outdoor activities started to
recover.

In light of the delta variant rapidly spread during second wave of covid -19,
14To ensure attention over and above the presence of a school teacher to audit the session, we

included some basic questions about each role model - and not their statue - as a part of the survey
that followed the videos. Three questions appeared after each video that could not be replayed or
recorded by the programming design. Only after answering them could a student proceed to the
next video and repeat the exercise two more times.
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the Rajasthan government imposed a state-wide lockdown in May 2021 (Business
Standard, 2021). To secure livelihood of people, the government ease restriction
measures on mobility in June 2021 (The Hindu, 2021). The mobility graph also
shows that the outdoor activities increased accordingly. Because of school closures
we resorted to an online approach towards data collection and intervention deliv-
ery. Our intervention was conducted at the start of Sep 2021. During the time, the
mobility in outdoor spaces were not fully recovered, the schools remained closed,
and all teaching activities were delivered online.

Importantly, Covid vaccination for kids was not approved and the Delta vari-
ant was leaving children vulnerable to Covid-19 (Rackimuthu et al., 2022; CNN,
2021b). Meanwhile, the reported cases of children contracting the virus increased,
and experts suggested that parents should be more cautious in India (CNN, 2021a;
Indianexpress, 2018). Therefore, statues and outdoor spaces were not inaccessible
for children, yet school closure and the covid infection concerns may ebb regular
exposure to these centrally located and frequently accessed statues by the students.
This feature allowed our intervention to offer a jog down thememory lane forwhen
the studentswould usually come across these statues in everyday life, while return-
ing from school.

Due to the third wave of covid-19 cases, the lockdown was re-imposed in Jan-
uary 2022, while Rajasthanwas completely unlocked and the schools were reponed
after almost 2 years in February 2022 (Abp, 2022). As suggested in the mobility
figure, the outdoor activities were fully recovered. We assume that this point on, a
month before the examinations, students had an almost pre-covid level of exposure
to these statues. However, only the statues group students may be nowmade more
familiar to these iconic landmarks.

3.4.2 Randomisation and balance

Randomisation -at an individual level- was performed on Microsoft Excel, such
that each participating student was assigned uniquely to one of the three groups -
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statues, placebo or pure control. The statues group witnessed a virtual tour to four
monumental statues of Jaipur with a short narrative in the background about the
individual in that statue; the placebo group watched a video about the same role
model that was prepared using images of those role models (but not their statue)
with the same narrative as in the statues arm. The third group acted as a pure
control. The design of experiment allocations is depicted in Figure 2.

As shown in Table 1, the three groups are comparable across a range of base-
line characteristics. These include information on confounding factors (like age,
gender, or the type of device used), psychological outcomes (hope, aspiration or
memory task score) and academic performance parameters across different sub-
jects. Column 7 presents the p-values of an F-test of mean equality across the three
groups for these different variables. Since these are all insignificant, it is safe to
say that the sample is balanced across the treatments. Additionally, as indicated
in Appendix TableA3.5, attrition rate was also balanced across the three groups.
Overall, we had approximately 27% attrition from baseline on an average, which is
not surprisingly high for online experiments (Özler et al., 2021; Chin et al., 2021).

3.4.3 Empirical strategy

We estimate the treatment effects using an ANCOVA specification of the form:

Yit = β0 + β1Statuesi + β2Placeboi + Yi0 + φX
′

i0 + εi (1)

where Yit is the outcome of interest for student i in time t. Statuesi is a binary
indicator equal to one if student i is assigned to the statues group, Placeboi is a
binary indicator equal to one if student i is assigned to the placebo group. Yi0 is the
baseline value of the outcome. X ′

i0 is a vector of baseline characteristics for student
i such as gender, age, class and among others. εi is the error term. Robust standard
errors are calculated to allow for heteroskedasticity. β1 and β2 coefficients capture
the effects of students watching a video of statues and a video of role models only,
respectively.
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As presented earlier, we try to ensure compliance in a number of ways. First, we
have the intervention videos in-built as part of the online surveys and the videos
cannot be speeded up or slowed down. As a result, participants have to watch the
intervention videos before progressing to fill the endline survey. Second, school
teachers carefully audited each session and marked the attendance throughout the
session. Students that had accidentally joined the opposite of their treatment as-
signment, were asked to leave, and join the apt room. Third, we added some basic
knowledge questions about each role model, as a part of the surveys that followed
the videos. However, ensuring perfect compliance is difficult for our online ses-
sions, because it is possible for students to be easily distracted by social media or
other sites while videos are playing. Therefore, we are estimating the intention-to-
treat (ITT) effect, that is an estimate of the effect of the program on those assigned
to watch the videos, regardless of their take-up.

Gender disparities in education attainment have remained deep and persistent
in India (World Economic Forum, 2020). We are also interested in identifying the
effects by gender as well as the difference in effects between female and male stu-
dents. Therefore, we estimate the following equation:

Yit = γ0 + γ1Statuesi + γ2Statuesi × Femalei + γ3Placeboi + γ4Placeboi × Femalei

+ γ5Femalei + Yi0 + ϕX
′

i0 + ϵi
(2)

where Femalei is a binary indicator equal to one if student i is a female stu-
dent and 0 otherwise. γ1 measures the statues intervention onmale students, while
the sum of γ1 and γ2 measures the statues intervention on female students, and γ2

measures the statues intervention on the gap in outcome between female and male
students. Similarly, γ3 measures the placebo intervention effect on male students,
the sum of γ3 and γ4 the placebo intervention effect on female students and γ4 the
placebo intervention effect on the gender gap.

In the next sectionwe present our findings for the effects. We assess these effects
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immediately, 1-month and 6-months after the intervention depending upon the
outcome variable and the instrument.

3.5 Results

3.5.1 Main findings

A 6-minute treatment video consisting of four prominent Indian role-models had
a striking effect on children’s memory test. The video consisting of the statues only
had an instant memory stimulus and heightened effort in a memory-based num-
ber retention task. Alongside, for either of the groups receiving a role-modelling
treatment we find an increased aspiration towards public service. Academic per-
formance of the statues group students increased a month after and the number
of students scoring below the passing threshold fell. Effects on passing sustained
after six months.

In Table 2, we report results from a survey questionnaire conducted right after
the intervention. We find an increase of 0.12 sd in amemory task at 10 percent level
of significance only for the statues group. Aspirations towards a public service ori-
ented career increased for both the statues and placebo groups. The statues group
recorded an increase of 0.14 sd with a slightly lower effect on the placebo group,
both of which are significant at 5 percent15.

Although the point estimates of the memory test suggest a substantially larger
positive reaction to statues videos compared to the placebo videos, we cannot reject
that the impacts are equal, with p-values of the test for equality of 0.31 and 0.29 for
the specifications excluding and including controls, respectively in Table 2. Simi-
larly, we cannot reject that the effects of statues videos on public service aspiration
are the same as for placebo videos. These suggest that some caution is warranted in
interpreting the short-term effects of comparing the statues videoswith the placebo

15As students had the freedom to select an option of ’do not know’ in the question for aspirations,
we score it as missing. Hence, the analysed samples are slightly different across the two variables
and in different tables.
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videos on the memory stimulus and aspirations.
Table 3 shows the estimates for the impact of the intervention on the score and

the average number of students passing the exam for an aggregated variable of the
two STEM subjects (Computer and Mathematics). In Table 4, we show the effects
on languages (Hindi and English) and social sciences. We report the effects both 1-
and 6-months after in panel (a) and (b), respectively. In Table 3, we find that in the
medium run the number of passing students in statues group increased by 0.23 sd
(column 4) with the effect increasing to 0.24 sd after 6 months. Both of these effects
are significant at 5%. As in column 2, statues group students’ score increased by
0.21 sd with the effect being strongly significant.

Turning to the comparison with the placebo videos in the medium run, we can-
not reject that placebo videos have zero effect on score of math and computer, but
neither can we reject that its effect is equal to the statues one, though the impact es-
timate of the placebo is much smaller compared to that of the statues in columns 1
and 2 of Table 3. However, as shown in columns 3 and 4 of panel (a), we findmean-
ingfully significant and different effects of statues and placebo videos on passing
exams after one month, and the estimated effect of placebo videos is very close to
0. For the six-month result, we are marginally able to reject the hypothesis of equal
impacts of the statues and placebo videos with a p-value of 11% in the baseline
specification in column 3 of panel (b).

As depicted in Table 4, we do not detect any effect on languages. In column 3
and 4, we find increments of 0.04 and 0.34 sd in the scores and exam passing in
social sciences in statues group. These effects are significant at 5% only in panel
(a). Nevertheless, we could not reject the null that the coefficients estimates for
the impact of the statues and the placebo are not different from each other. As in
panel (b), we do not find any significant effect after six months. Fearfulness to-
wards Mathematics is prevalent in students aged 10-15 years (Soni and Kumari,
2017). Mathematics in particular, is also imperative for excelling in academics in
that age. We propose that the impression of the role models made students focus
courageously on important yet difficult tasks and perform better specifically on
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Mathematics (and computer). These were messages communicated through the
intervention videos. These in turn also validate the presence of a role modelling
channel.

3.5.2 Heterogeneous treatment effects on boys and girls

In order to parse out differential treatment effects between boys and girls, we in-
teract a variable containing that information with that of the treatment status. We
find a strong and interesting association between gender and the extent of these
effects. Boys and girls, in our sample, were very differently impacted by the inter-
vention. We find that our intervention disproportionately impacted only the boys
in the statues group. Table 4 shows a negative but insignificant effect on memory
task for females in either of the statues or placebo group. While the statues group
recorded significant improvements, they were completely driven by boys in that
group. For the memory task, the overall effect of statues videos for male students
is positive and significant 0.18 sd and its effect for female students is no longer sig-
nificant (insignificant -0.02).

Likewise, the improvements in passing in the statues group were driven by
boys. In Table 3, we find a strong and significant effect of 0.22 sd on passing for
Math and Computer after a month. The effect amplified to 0.24 sd after six months.
Column 2 and 3 of Table 5’s first row show that boys recorded a higher and stronger
improvement in passing the exam at 0.32 sd and 0.25 sd after one and six months.
Although the effect after six months is weakly significant, the effect after a month
is significant at 5%. While the overall effects on girls are not significant. We find
a particularly strong effect on the performance of statues group students in STEM
subjects16, mostly driven by boys17.

16A decomposition of these findings for different subjects are presented in Appendix TableA3.2.
In addition ofMathematics andComputer, we also find aweakly significant 0.15 sd effect on English
scores for both the placebo and placebo groups. There is no effect on the scores in Hindi although
the statues and placebo videos were delivered in Hindi.

17A further decomposition of the HTE based on the subjects is presented in Appendix TableA3.4.
As expected, for mathematics and computer the effect is run solely by boys in the statues group.
Heterogeneity based on gender in English scores follows suit. Both the statues and placebo groups
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At the bottom of Table 5, I also present the full effect of statues and placebo
videos for each specification, respectively. Specifically, the full effect of statues
videos refers to coefficient (A) + coefficient (B) * share of females in the sam-
ple. The results show that the effects of statues videos on memory task and exam
outcomes of Math and Computer are statistically significant, while the effects of
placebo videos are statistically insignificant. These results are consistent with those
from the baseline specifications. As before, I show the p-values of the test for equal-
ity of the full effect of statues and placebo videos. Again, we cannot reject that stat-
ues and placebo videos have the same effect on the memory task immediately after
the intervention, while we are (marginally) able to reject that they have equivalent
effect on exam performance one month (six month) after the intervention.

A number of factors could explain the heterogeneous treatment effects. First,
much in lines with the literature, females correspond only to female role models
(Meier et al., 2020; Stout et al., 2011; Lockwood, 2006), unlike men who respond to
role models regardless of their sex (Kipchumba et al., 2021). A dearth of female
role models in our intervention may become a source for disparity in the form of
inspiration that fuels effort and performance. Perhaps being predominantly sur-
rounded by male role models signals to girls that conformity in the society may
even mean not behaving like the other boys or sharing the same aspirations.

Second, the controversiality of our chosen role models may lead to the hetero-
geneous treatment effects by gender. Studies of brain activation during process-
ing have documented greater activation in women than men in the left amygdala
when processing negative emotional stimuli (Stevens and Hamann, 2012; Williams
et al., 2005). In particular, Soroka (2014) has shown that negative trait ratings have
a stronger effect on women’s assessments of political leaders than men’s. Soroka
et al. (2016) find that women are more attentive than men to negatively framed
political stories. In terms of the controversiality of the chosen role models in this
study, Indira Gandhi may be one of the most salient ones. For instance, PrimeMin-
ister Indira Gandhi declared a state of emergency across India in 1975. During the

record a higher improvement in the scores of boys. There is no effect on the scores in Hindi.
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Emergency, many of her political opponents were imprisoned and the press was
censored. It has been widely seen as the darkest hour of India’s democracy (An-
derson and Clibbens, 2018; Indianexpress, 2015; Morris-Jones, 1975). As a result,
girls participating in our experiment may be sensitive to the negative evaluations
of Indira Gandhi, be reluctant to view her as a role model, and not be motivated by
our intervention.

Third, the characteristics of the messages conveyed in the videos may explain
the results. For example, the messages include many political elements, as most of
the chosen rolemodels are well-known because of their political influence. Consid-
ering that females are generally less interested in politics than men due to cultural,
institutional, and family reasons, female students may simply be less inspired by
the political messages in the videos than male students (Cowper-Coles, 2020). In
addition, a small literature has detected gender differences in processing and eval-
uating information recorded with male and female voices (Linek et al., 2010; Kang
et al., 2019). The messages for three male role models in our videos were conveyed
by a male speaker. Therefore, female students may prefer female speakers and be
less likely to be motivated by the videos than male students. Put together, there
could be different reasons independent of the persons used to illustrate the mes-
sages that explain the heterogeneous treatment effects.

Lastly, the way to deliver the message may play a role in explaining the gender
difference in the impact of our intervention. A branch of literature finds that there
is a persistent patter of difference in the attitude, ability, and use of remote devices
that favours males and boys in the learning context (Whitley Jr, 1997; Kay, 2008,
2009). Our intervention consisted of videos, whichmay result in a gender disparity
by influencing boys only.

3.5.3 Robustness checks

Aone-off treatment at an individual level preempts clustering bydesign. We still es-
timate equation 1 without andwith controls (X it). Apart from controlling baseline
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characteristics in all the estimates of treatment effects, we perform three robustness
checks.

Firstly, we check if the attrition rate is associated with the outcome variables
across the experiment groups. In Appendix TableA3.6 we find an absence of a
significant relationship for the two groups. This ensures that the treatment did not
relate or affect the rate at which students participated in the endline. Secondly,
we also run a set of multiple hypothesis tests, following the method developed
by Benjamini et al. (2006). Appendix TableA3.7 shows that the overall results are
robust to multiple hypothesis testing. Particularly, the math and computer results
remain significant. Thirdly, there is wide variation in the time used to complete the
endline survey among participants. To take account of potential compliance issue,
we have controlled for the time used to complete the endline survey in the main
analysis. As a further robustness check, we examine whether the main results are
sensitive to the exclusions of a small number of outliers regarding survey duration.
Appendix TableA3.8 suggests that the magnitude and significance of the estimates
is nearly identical through the varying specifications.

3.6 Discussion

3.6.1 Relevance of the role models

The famous figures are role models for students in many perspectives such as their
personalities, experience, and actions. First, Mahatma Gandhi is known as the na-
tional father of India because of the role he played for freedom of the country. It
was a very long and difficult journey of seeking his dream. He had to face many
problems along theway. He spent over two thousand days in jail and suffered from
several health problems during his journey (Jegen and Deats, 2005). Nevertheless,
he never gave up, used positive thinking to overcome many difficulties and reduce
stress (Gupta et al., 2019). His personality traits such as optimism and willpower
may relate to the needs of students in India. National surveys have shown that a
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vast majority of primary and secondary students are suffering from math phobia
in India (Times of India, 2014; Soni and Kumari, 2017; India Today, 2021). Students
may learn from him and realize the strength of willpower. He may therefore act as
a role model.

Second, Dr. Bhimrao Ramji Ambedkar was born an untouchable, and then be-
came a famous figure in the history of India (Panyamanee, 2022). When he was in
school, Ambedkar and other untouchable children were segregated and given no
attention or assistance from the teachers. Even they were not allowed to sit inside
the class (Zelliot, 2008; Sampathkumar, 2015). However, He studied hard to gain
knowledge and respect. After he graduated from Bombay University, He received
a scholarship to go to Columbia University and the London School of Economics
(Zelliot, 2008). His life is a good example to illustrate how education could make a
big difference in life. His experience may be relatable to disadvantaged students in
India, and may update their beliefs about returns to getting education. Therefore,
students may view him as a role model in life.

Third, Indira Gandhi is the first, and to this day, the only female Prime Minis-
ter of India (Malhotra, 2014). Gender inequality is still rife in many perspectives
such as schooling and labor force participation in India (Dhar et al., 2022). Indira
became an incredibly powerful force, even as a woman in a society dominated by
patriarchal ideologies. Her career experiences may lead students to rethink their
social position and potentially break stereotypes regarding gender roles (Beaman
et al., 2012). Thus, she may be a role model as a counter example of traditional
women.

Fourth, Arjuna is one of the chief protagonists of theMahabharata. From a very
young age, he started to show exemplary qualities of a student such as passion
and commitment to learning. He practiced at night and showed activeness in his
learning throughout. Hard work led him one day to all the strength and capability
to become a great warrior, world class archer (Kelkar et al., 2022). Learning from
Arjuna’s experience, students may realise the importance of focus and dedication
for them to achieve their goals and view him as a role mode.
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Nevertheless, there were actually some aspects of their characteristics may not
serve as the role models. For instance, an Emergency was imposed in India by the
Prime Minister Indira Gandhi in 1975 that was very controversial, as it could sus-
pend constitutional rights and restrict the democracy (Prakash, 2019). In addition,
born into a prominent family, Indira was exposed to politics at an early age and
led a highly politicized life, which may contribute to her success in politics (Green,
2013). However, such an experience may not be similar and attainable to many
students. Students may think that she is just too far away from who they are. That
is why she may not be a role model in this aspect. Also, most of the famous figures
achieve their life goal in politics. However, some students may not be interested
in political career. Therefore, they may not view them as role models. Overall,
the famous figures, to a large extent, could be role models in terms of personality
and experience, while in a number of aspects, they may not act as role models for
students.

Relevance of the role models matters for the role-modelling effect. Ray (2006)
develops the concept of an aspirations window, which is formed from an individ-
ual’s cognitive world, her zone of “similar,” “attainable” individuals. One indi-
vidual draws her aspirations from the lives, achievements, or ideals of those who
exist in her aspirations window and changes her behavior accordingly. Dalton et al.
(2016) also highlight the importance of relevant role models for updating people’s
beliefs about their effort and aspirations. Students could reassess the feasible paths
to success for themand change their beliefs about their ability to be successful based
on the experience of role models (Riley, 2022). In the role models literature, there
are mainly three dimensions of relatability.

First, people are motivated because of relevance in terms of physical character-
istics such as sex and race. Many studies have shown that successful women can
motivate other women (Beaman et al., 2012; Stout et al., 2011) and the role mod-
els from racial minorities matter for minorities (Aish et al., 2018). Second, people
are influenced because of spatial relevance. There is some evidence that success-
ful people cannot influence aspirations or behavior among the young after they
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emigrate from the inner city are no longer there to be observed (Wilson, 2012).
Third, people are affected because of similar circumstances. Literature has shown
that when people face threats such as cancer or marital breakup, they could be in-
fluenced by others in similar circumstances (Lockwood and Kunda, 1997). Taken
together, relevance of the role models is important, as individuals use their peers
(or near-peers) to form their aspirations and adjust their behavior.

3.6.2 Short run and long run effects

Statues could function as the repository of memory, commemorating role models
and their inspiring stories, and then motivating students to emulate good deeds.
Surprisingly, there is little literature in Economics on them and an absence of any
experimental study on the relationship between statues and people’s aspirations
and behaviour. We do this precisely and find that such a relationship demands
further exploration with very encouraging results. These results are not only of
significance for broadening our understanding of statues and their role in society
but also enhancing the literature on role models.

We think our statues intervention having an eventual role-modelling effect through
the improved familiarity with and susceptibility to the role models. Statues and
messages conveyed in the videos may help to invoke feelings of familiarity with
and susceptibility to the role models.

First, drawing from corporate brand literature (Perera and Chaminda, 2013),
familiarity refers to cumulative knowledge about the role models that is acquired
through exposure to the role models. Familiarity with the role models is the pre-
condition for individuals to spot the common characteristics with that of the role
model and to be influenced by the role model. Literature on psychology about
brand familiarity has shown that an automatic frequency counting mechanism ex-
ists in memory, and frequent exposure to the brand can influence consumers’ pref-
erence and behaviors (Hasher and Zacks, 1984; Baker et al., 1986). Importantly,
literature on the role models has emphasized the frequency of exposure to the role
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models and found that frequent contact with the role models can lead to stronger
self-esteem and more career ambitions (Asgari et al., 2010). In our study, students
in statues group becomes more familiar with the role models by attending the vir-
tual tour to statues, as locally presented role models in the form of statues could
have a memory stimulus on students.

Second, familiarity only may not enough to activate a role-modelling effect.
Based on the literature (Laursen and Faur, 2022), susceptibility refers to the will-
ingness for individuals to identify the common characteristics with that of the role
model and further conform. It could be an important determinant of inducing the
role-modelling effect. In particular, the studies on social networks have shown that
individuals’ susceptibility to social influencers is one key factor for effective so-
cial influence and behavior changes (Watts and Dodds, 2007; Aral and Walker,
2012; Stöckli and Hofer, 2020). Moreover, literature on heritage has suggested
that positive emotions are associated with destination experience at heritage sites
such as museums (Tung and Ritchie, 2011; Prayag et al., 2013; Isaac and Budryte-
Ausiejiene, 2015). Likewise, the virtual tour to statues may induce positive emo-
tions, and therefore make students become more susceptible to the role models.
That is why we introduce susceptibility in our context. However, we did not mea-
sure the susceptibility in the data, and it is only a hypothesis.

Amemory stimulus and increase in career aspirations that are pro-socially driven
for public service suggest the presence of vicarious effects. These rely on two pil-
lars. Firstly, we invoke familiarity by presenting carefully tailored stories that these
role models lived (our narratives)18. Secondly, by developing susceptibility (only
for the statues group) for these statues in the near future using associative memory
(Kahneman, 2011). However, our data analysis is not able to show the associative
memory of students relating to statues. Therefore, it is only a hypothesis. These
are presented in Figure 3.

The one-month effects include an improvement in academic performance (scores
18And in the statues group only, showcasing easily accessible statues (visual cues that are appeal-

ing) of these role models
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and number of students passing the exam) on Mathematics and Computer, and
Social Sciences. These improvements are markedly significant only for the statues
group19. The longer run effects mimic these to some extent for the passing rate in
Math andComputer. These results are strong, significant and special due to the fact
that the intervention was merely a 6-minute video (or virtual tour for the statues
group students).

3.6.3 Mechanism

Aesthetic experiences affect psyche and mood, and promote health and well-being
by eliciting positive emotional outputs (Mastandrea et al., 2019). Statues are one
such subtle aesthetic experience that if conditioned strategically can influence indi-
vidual motivation and performance. We employ the concept of role-modelling as
the best fit to explore such an influence.

We find that our intervention had an effect on student effort and academic per-
formance. While the intervention tool in itself is a role-modelling video, we scrtu-
nitize the constituting pieces of the intervention to explain the mechanisms. In that
attempt we unearth two key components that may be fundamental for relatability
to different role models. As part of the experimental design we manipulate this
facet.

Any role-modeling intervention may depend if the sample/viewer’s can (i) re-
late to the protagonists and (ii) the level of their goals and the one’s attained by the
protagonists. We delve deeper into the first constituent of relatability or relevance
of the role-model. We suggest that it may rely on two key constituents, namely
familiarity and susceptibility.

Familiarity suggests possessing knowledge about the role model. The amount
of knowledge may vary depending upon priors and information exposure. This
may help individuals assimilate information about themselves and identify the

19We do have some significant estimate for the placebo group too. These include the scores in
English after a month and the improvements in career aspirations, much alike the statues group.
This does not come as a surprise, aswedo expect that placebo video to still have some -albeitweaker-
role modelling effect. The rationale for such an expectation is summed up in Figure 3.

125



3. INSPIRATIONS AND GENDER DISPARITIES SET IN STONES

overlapping characteristics with that of the role model. Higher the overlap the
more they may relate with the role model. The higher the familiarity, the more
characteristics may they explore to examine this overlap (as an automatic process).
Familiarity therefore, may offer a wider array of aspects of personality traits and
life experiences to match between the role models and the subject based on their
spectrum of such traits, worldviews and experiences.

Susceptibility, captures a likelihood of being influenced in light of new informa-
tion or experiences. Within the framework of relatability, the more susceptible an
individual is, the more likely are to try and identify the above-mentioned overlaps.
Higher susceptibilitymay correspond to an increased chance of willingly identified
overlaps resulting in higher levels of perceived relevance of the role model. To-
gether, familiarity and susceptibility may determine the level at which any subject
relates (voluntarily and involuntarily, knowingly and unknowingly, consciously
and unconsciously20) to a role model.

While familiarity may offer to determine how relatable a role model will be by
expanding the spectrum of traits and experiences, susceptibility may warrant the
will to identify overlaps out of this set of traits, vignettes and life-experiences. In
close conformity, these twomay be the building blocks of any role-modelling effect
along with the goals set and attained by these role models.

In this RCT, using statues wemaneuver subtle manipulations in these fine-grain
constituents within relatability. In the statues group, we show a virtual tour of
four statues to which, the students in the sample might possess some amounts of
familiarity, though we did not measure their initial familiarity in the data. This is
because four rolemodels are introduced in their textbooks and theymay learn them
in the curriculum (see Figure 4 to Figure 7 for students’ textbooks about the role
models). In the placebo group, we replace the statues with images of the same role
models. This allows to take one element of familiarity away from the placebo group.
Having attended the virtual tour, students in the statues group are more familiar
with the statues and in turn the role models that they embody. Likewise, with the

20Resulting from the two systems that are automatic and deliberative at work (Kahneman, 2011).

126



3. INSPIRATIONS AND GENDER DISPARITIES SET IN STONES

same manipulation, we heighten the susceptibility of the statues group students to
these statues for future. This feature is missing in the placebo or control groups.
Lastly, using a meticulously scripted narrative that is played in the background of
both the groups’ video, we balance the goals-attained by these rolemodels. Placebo
and statues groups hear the same narrative where role models in both groups are
shown to attain the same goals. By the virtue of this design, students in the statues
group endupbeingmore familiar and susceptible to the statues and the rolemodels
they represent. This translates into the treatment effects thatwediscussed in section
5.

Figure 3 displays the conceptual framework of this study and offers a roadmap
for the channels. Immediately after the intervention, heightened relatability (stem-
ming from higher familiarity and susceptibility) results in higher aspiration and
effort in amemory task. Dalton et al. (2016) show that aspirations and effort are co-
determined and our findings echo this. These improvements later reflect in higher
academic performance.

In total, there are five hypotheses in Figure 3. First, the statues group feels more
familiarwith statues after the intervention. We test this hypothesis by exploring the
effect of our intervention on a memory test. We show that our statues intervention
has an instant memory stimulus among students. However, our data analysis can-
not test its impact in a relatively long term. Second, both groups are equally familiar
to the role models accessible as a part of their curriculum. This is an untestable hy-
pothesis, as we did not measure students’ initial knowledge about the role models
in the data.

Third, treated students become more susceptible to the role models that are
readily accessible and available in the form of statues. This is an untestable hy-
pothesis, as we did not capture students’ willingness to identify the overlapping
characteristics with the role models or their emotional feelings for them in the
data. Fourth, identical narrative exposes the students across both groups to the
same goals. We test this hypothesis by investigating the impact of our intervention
on students’ career aspirations for public service. We find that both statues and
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placebo videos have statistically significant and positive influence on their career
aspirations for public service. Lastly, aspirations and effort are co-determined. We
do not directly test this hypothesis. Nevertheless, this connection has been well-
documented in the literature (Dalton et al., 2016; Fruttero et al., 2021).

Up until January 2022, primary school students in Jaipur had online classes.
This restricted their contact with the statues. However, this changed when schools
were re-opened in February. With the easing of lockdown restrictions students
regained frequent access to the statues (that only the statues group students had
visited virtually) among every other place of visit. A month before the examina-
tions, only the statues students were more familiar to these statues. We justify our
results on the premise that the intervention had strong effects immediately after
the intervention that lasted after 6 months due to increased familiarity.

Many role-modelling interventions fall short of having a desired effect. Ev-
idence and explanation for this is mixed. Appreciation for context, culture and
knowledge of the two fundamentals of relatability and goal-setting have enabled
researchers and policy makers to better equip themselves. Complemented with ex-
perimental evidence we further this understanding. Surely, more research in this
direction will be largeley beneficial as one of the key advantage of such interven-
tions is their cost-effectiveness. To highlight this, to produce the intervention we
spent a little over 800 GBP21.

3.7 Conclusion

Statues are one of the strongest and loudest expressions of a society/nation’s power
and pride and paradoxically, an immediate source of their vulnerability and incon-
gruity. A peripheral view of the costs and benefits associated with erection of a
statue is usually limited to the costs of material and maintenance, and the employ-
ment or revenue from tourism they may generate.

21The statues were free. The same applied to the voice-over artists. We are extremely grateful to
the Rajasthan Police and the Traffic Police Department, Government of Rajasthan for their support
with the production of the intervention.
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A deeper view may also involve their existence benefit for the local community
via pride and utility gains (in the form of their aesthetics translating into general
well-being). Their option value involves the gains to those who do not directly con-
sume their benefits but may wish to preserve these to reap potential future benefits
(Benhamou, 2020). The opportunity cost of having something less aesthetically ap-
pealing to replace them can also be taken into consideration. Nevertheless, beyond
these, we introduce two distinct constituents to this cost-benefit equation for policy
makers.

First, an inspirational role-modelling effect contributes to early child develop-
ment and improved human capital accumulation. Such motivational effects can be
manifold and we barely scratch the surface by limiting our attention to a sample of
primary school children. It would be useful to assess similar effects across other
dimensions and in different settings.

Second, we show that role model intervention could give rise to gender dispari-
ties. We find that our intervention causes a memory stimulus and improvement in
effort only for boys. There could be multiple explanations for this finding such as
lack of female role models, existence of controversiality of the chosen role models,
and/or absence of interests in politics for females.

The limitation of this work is that no further surveys were conducted with the
students, preventing a deeper understanding of the change in the additional mem-
ory stimulus in a relatively long horizon after the intervention. Particularly, we can-
not reject that statues andplacebo interventions have the same effect on thememory
stimulus immediately after the intervention, though the placebo intervention on its
own does not have statistically significant effect and its coefficient is much smaller
than that of the statues in magnitude.

Statues are important commemorative tools that bear aesthetic beauty, histor-
ical information and implications on socioeconomic development of the society.
They should be harnessed carefully to overcome stereotypes, disparities and foster
harmony and development. Statues can help inspire and if installed and main-
tained sensitively, bridge gaps within our society. Our study opens avenues for
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future research and broadens our understanding of historic monuments and role
models.

Fig. 1: Timeline
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Fig. 2: Experiment Assignment

Table 1: Balance Table

(1) (2) (3) (4) (5) (6) (7)
Statues Placebo Control

Obs Mean Obs Mean Obs Mean p-value
Female 538 0.42 513 0.41 520 0.42 0.91
Age 538 9.43 513 9.48 520 9.46 0.61
Class 4 538 0.54 513 0.51 520 0.49 0.28
Duration 523 1.15 523 1.44 524 1.15 0.74
Device (Computer) 523 0.23 523 0.23 524 0.23 0.99

Memory Score 491 5.26 482 5.04 488 5.09 0.56
Public Career Aspiration 393 0.74 395 0.76 389 0.75 0.73
Hope 517 24.63 517 24.82 520 25.24 0.19
Aspiration 511 21.39 510 21.28 517 21.04 0.30
Math Score 538 0.85 513 0.85 520 0.84 0.65
Computer Score 396 0.84 375 0.85 388 0.84 0.61
English Score 537 0.82 513 0.83 520 0.81 0.29
Hindi Score 538 0.87 513 0.87 520 0.86 0.28
Social Science Score 458 0.84 428 0.85 446 0.84 0.52
Notes: This table examines whether baseline characteristics and main outcomes are balanced across treatment, placebo, and control groups. Column 7

shows an F-test of equality of the means across the three groups for each characteristic and outcome.
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Fig. 3: Conceptual Framework
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Table 2: Estimates of the Effect of Statues (Short Term) on memory stimulus and aspira-
tions

Memory Test Public Service Aspiration
(1) (2) (3) (4)

Statues 0.139** 0.119* 0.111** 0.143**
(0.062) (0.066) (0.056) (0.061)

Placebo 0.075 0.052 0.106* 0.137**
(0.065) (0.067) (0.055) (0.063)

P-value: Statues=Placebo 0.31 0.29 0.92 0.91
Controls NO YES NO YES
Observations 981 981 790 790
Notes: This table reports estimates of the effect of treatment on students’ memory test scores and public career aspiration immediately after the intervention. All outcomes are

standardised. Controls include gender, age, class, device used to watch the videos, and the time used to complete the endline survey. Heteroskedasticity robust standard errors
are reported below point estimates. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table 3: Estimates of the Effect of Statues onMean Score of Math and Com-
puter (One/Six-Month)

Score Pass
(1) (2) (3) (4)

Panel A: One Month
Statues 0.207*** 0.211*** 0.218* 0.225**

(0.080) (0.082) (0.127) (0.114)
Placebo 0.099 0.114 -0.004 0.013

(0.089) (0.090) (0.160) (0.158)
P-value: Statues=Placebo 0.18 0.22 0.08 0.09
Controls NO YES NO YES
Observations 1,026 1,026 1,026 1,026

Panel B: Six Month
Statues 0.065 0.091 0.225** 0.240**

(0.080) (0.085) (0.099) (0.115)
Placebo 0.064 0.096 0.097 0.115

(0.084) (0.087) (0.133) (0.147)
P-value: Statues=Placebo 0.98 0.94 0.11 0.12
Controls NO YES NO YES
Observations 1,001 1,001 1,001 1,001

Notes: This table reports estimates of the effect of treatment on students’
math and computer performance. Panel A reports the effect one month
after the intervention, while panel B reports the effect six months after
the intervention. The dependent variable is the mean score of math and
computer exams in Columns 1 and 2, while the dependent variable is a
dummy for whether a student passed the exams in columns 3 and 4. All
outcomes are standardised. Controls include gender, age, class, device
used to watch the videos, and the time used to complete the endline sur-
vey. Heteroskedasticity robust standard errors are reported below point
estimates. Significance at the 10%, 5%, and 1% levels is indicated by *, **,
and ***. respectively.
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Table 4: Estimates of the Effect of Statues on Language and Social Science
(One/Six-Month)

Language Social Science
Score Pass Score Pass
(1) (2) (3) (4)

Panel A: One Month
Statues 0.108 0.191 0.039** 0.336**

(0.083) (0.130) (0.016) (0.161)
Placebo 0.108 0.089 0.025 0.217

(0.088) (0.147) (0.017) (0.177)
P-value: Statues=Placebo 0.99 0.43 0.35 0.39
Controls YES YES YES YES
Observations 1051 1051 903 903

Panel B: Six Month
Statues 0.032 -0.071 0.073 -0.173

(0.077) (0.095) (0.087) (0.106)
Placebo 0.008 -0.180 0.020 -0.186

(0.086) (0.127) (0.093) (0.125)
P-value: Statues=Placebo 0.78 0.38 0.56 0.92
Controls YES YES YES YES
Observations 1019 1019 879 879

Notes: This table reports estimates of the effect of treatment on the mean
score of students’ language exams including English and Hindi, and social
science exam score. Panel A reports the effect one month after the interven-
tion, while panel B reports the effect six months after the intervention. The
dependent variable is exam score in Columns 1 and 3, while the dependent
variable is a dummy for whether a student passed the exam in columns 2
and 4. All outcomes are standardised. Controls include gender, age, class,
device used to watch the videos, and the time used to complete the endline
survey. Heteroskedasticity robust standard errors are reported below point
estimates. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and
***.
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Table 5: Heterogeneity in Treatment Effect by Gender

Memory Test Math/Computer Passing
Immediate One-Month Six-Months

(1) (2) (3)
(A) Statues 0.216** 0.317** 0.245*

(0.085) (0.146) (0.147)
(B) Statues * Female -0.234* -0.211 -0.013

(0.124) (0.260) (0.199)
(C) Placebo 0.144 0.236 0.107

(0.088) (0.157) (0.200)
(D) Placebo * Female -0.220* -0.532 0.019

(0.131) (0.347) (0.261)
Female 0.112 0.015 0.027

(0.090) (0.225) (0.197)
Controls YES YES YES
Observations 981 1026 1001
Overall Treatment Effect
Female in Statues (A) + (B) -0.018 0.106 0.232

(0.085) (0.201) (0.158)
Female in Placebo (C) + (D) -0.076 -0.296 0.127

(0.100) (0.309) (0.189)
Full Effect
Statues 0.118* 0.229** 0.240**

(0.065) (0.114) (0.116)
Placebo 0.053 0.017 0.115

(0.067) (0.156) (0.148)
P-value: Statues=Placebo 0.31 0.09 0.12

Notes: This table reports estimates of the effect of treatment on students’ mem-
ory test scores and math/computer passing by student gender. All outcomes
are standardised. Controls include age, class, device used to watch the videos,
and the time used to complete the endline survey. The bottom panel shows the
overall treatment effect for each sub-group. Heteroskedasticity robust standard
errors are reported below point estimates. Significance at the 10%, 5%, and 1%
levels is indicated by *, **, and ***, respectively.
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Fig. 4: Mahatma Gandhi
Notes: This photo is from the school teacher showing that Mahatma Gandhi is introduced

in students’ textbook.
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Fig. 5: Indira Gandhi
Notes: This photo is from the school teacher showing that Indira Gandhi is introduced in

students’ textbook.
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Fig. 6: Arjuna
Notes: This photo is from the school teacher showing that Arjuna is introduced in

students’ textbook.
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Fig. 7: B.R. Ambedkar
Notes: This photo is from the school teacher showing that Dr. B.R. Ambedkar is

introduced in students’ textbook.
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Table A3.1: Summary Statistics

Label Observations Mean SD Min Max
Female 0 - male, 1 - female 1,571 0.42 0.49 0 1
Age # years 1,571 9.46 0.79 5 12
Class 4 0 - class 5, 1 - class 4 1,571 0.51 0.50 0 1
Duration # hours 1,570 1.25 7.24 0.07 169.86
Device (Computer) 0 - others, 1 - computer 1,570 0.23 0.42 0 1

Memory Score 0 - 10 1,461 5.13 3.29 0 10
Public Career Aspiration 0 - other, 1 - public career 1,177 0.75 0.44 0 1
Hope 0 - 36 1,554 24.90 5.50 6 36
Aspiration 0 - 24 1,538 21.24 3.75 3 24
Math Score school exam 1,571 0.84 0.15 0 1
Computer Score school exam 1,159 0.85 0.16 0 1
English Score school exam 1,570 0.82 0.16 0 1
Hindi Score school exam 1,571 0.86 0.14 0 1
Social Science Score school exam 1,332 0.84 0.17 0 1

Notes: This table displays observations, means, standard deviations as well as the minimum
and maximum values for variables of interest.
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Table A3.2: Estimates of the Effect of Statues by Subject (One/Six-Month)

Math Computer English Hindi
(1) (2) (3) (4)

Panel A: One Month
Statues 0.180* 0.223** 0.149* 0.069

(0.092) (0.097) (0.080) (0.087)
Placebo 0.083 0.116 0.154* 0.069

(0.103) (0.107) (0.085) (0.093)
P-value: Statues=Placebo 0.30 0.27 0.94 0.99
Controls YES YES YES YES
Observations 1053 796 1051 1053

Panel B: Six Month
Statues -0.012 0.045 0.079 -0.007

(0.088) (0.093) (0.073) (0.084)
treat2 0.031 -0.026 0.040 -0.003

(0.095) (0.099) (0.081) (0.093)
P-value: Statues=Placebo 0.64 0.45 0.63 0.96
Controls YES YES YES YES
Observations 1020 771 1019 1021

Notes: This table reports estimates of the effect of treatment on exam score
by subject. Panel A reports the effect one month after the intervention, while
panel B reports the effect six months after the intervention. All outcomes are
standardised. Controls include gender, age, class, device used to watch the
videos, and the time used to complete the endline survey. Heteroskedasticity
robust standard errors are reported below point estimates. Significance at the
10%, 5%, and 1% levels is indicated by *, **, and ***.
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Table A3.3: Estimates of the Effect of Statues (Short Term)

Hope Aspiration Happy Life Satisfaction

(1) (2) (3) (4)

Statues 0.099 -0.082 -0.031 -0.100
(0.064) (0.081) (0.075) (0.075)

Placebo 0.057 0.057 -0.020 -0.095
(0.062) (0.074) (0.065) (0.072)

P-value: Statues=Placebo 0.47 0.05 0.87 0.94
Controls YES YES YES YES
Observations 1048 1041 1039 1036

Notes: This table reports estimates of the effect of treatment on students’ psycho-
logical outcomes immediately after the intervention. All outcomes are standardised.
Controls include gender, age, class, device used to watch the videos, and the time
used to complete the endline survey. Heteroskedasticity robust standard errors are
reported below point estimates. Significance at the 10%, 5%, and 1% levels is indi-
cated by *, **, and ***, respectively.
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Table A3.4: Gender Heterogeneity in Treatment Effect on Exam Score by
Subject

One-Month
Math Computer English Hindi
(1) (2) (3) (4)

(A) Statues 0.306*** 0.330** 0.177* 0.138
(0.118) (0.135) (0.106) (0.118)

(B) Statues * Female -0.301 -0.165 -0.065 -0.165
(0.184) (0.191) (0.159) (0.171)

(C) Placebo 0.033 0.217 0.194* 0.045
(0.134) (0.139) (0.109) (0.119)

(D) Placebo * Female 0.118 -0.143 -0.094 0.055
(0.207) (0.221) (0.170) (0.184)

Female 0.006 0.132 0.108 0.133
(0.143) (0.148) (0.126) (0.134)

Controls YES YES YES YES
Observations 1053 873 1051 1053
Overall Treatment Effect
Female in Statues (A) + (B) 0.005 0.164 0.112 -0.027

(0.143) (0.139) (0.121) (0.126)
Female in Placebo (C) + (D) 0.151 0.074 0.100 0.101

(0.160) (0.173) (0.132) (0.143)
Full Effect
Statues 0.179* 0.260*** 0.149* 0.069

(0.092) (0.098) (0.080) (0.087)
Placebo 0.082 0.158 0.155* 0.068

(0.103) (0.109) (0.085) (0.093)
P-value: Statues=Placebo 0.29 0.29 0.93 0.99

Notes: This table reports estimates of the effect of treatment on students’
exam scores by gender one month after the intervention. All outcomes are
standardised. Controls include age, class, device used to watch the videos,
and the time used to complete the endline survey. The bottom panel shows
the overall treatment effect for each sub-group. Heteroskedasticity robust
standard errors are reported below point estimates. Significance at the
10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table A3.5: Attrition Table

(1) (2) (3)
Statues Group Images Group Control Group

Obs Mean Obs p-value
Baseline 538 513 520
Attrition Rate 0.27 0.26 0.28 0.70

Notes: This table examines the attrition rate by groups. Column 4 shows
an F-test of equality of the means across the three groups for attrition.

Table A3.6: Attrition Regression

(1)
Attrition

Statues -0.013
(0.028)

Placebo -0.023
(0.028)

Observations 1,571

Notes: Linear regression of treatment indicators
on a variable equal to one if the student was not
surveyed at endline. Robust standard errors in
parentheses.
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Table A3.7: Multiple Hypothesis Tests for Estimates of the Effect of Statues
(One/Six-Month)

Exam Passing
Math/Computer Language Social Science

(1) (2) (3)
Panel A: One Month
Statues 0.225** 0.191 0.336**

(0.114) (0.130) (0.161)
[0.099]* [0.285] [0.074]*

Placebo 0.013 0.089 0.217
(0.158) (0.147) (0.177)
[1.000] [1.000] [0.439]

P-value: Statues=Placebo 0.09 0.43 0.39
Controls YES YES YES
Observations 1,026 1,051 903

Panel B: Six Month
Statues 0.240** -0.071 -0.173

(0.115) (0.095) (0.106)
[0.076]* [0.915] [0.205]

Placebo 0.115 -0.180 -0.186
(0.147) (0.127) (0.125)
[0.866] [0.312] [0.279]

P-value: Statues=Placebo 0.12 0.38 0.92
Controls YES YES YES
Observations 1,001 1,019 879

Notes: This table reports estimates of the effect of treatment on exampassingwith
q-value. All outcomes are standardised. Controls include gender, age, class, de-
vice used to watch the videos, and the time used to complete the endline survey.
Heteroskedasticity robust standard errors are reported below point estimates.
Significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respec-
tively. Sharpened q-value in square brackets.
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Table A3.8: Sensitivity Test for Excluding Outliers of Survey Duration
(One/Six-Month)

Math/Computer Exam Passing
Duration

< 1.5 Hours < 2 Hours < 4 Hours
(1) (2) (3)

Panel A: One Month
Statues 0.266** 0.249** 0.233**

(0.120) (0.119) (0.118)
Placebo 0.031 0.030 0.013

(0.166) (0.165) (0.163)
P-value: Statues=Placebo 0.08 0.09 0.09
Controls YES YES YES
Observations 1,011 1,022 1,026

Panel B: Six Month
Statues 0.270** 0.262** 0.249**

(0.130) (0.127) (0.120)
Placebo 0.133 0.133 0.120

(0.160) (0.159) (0.152)
P-value: Statues=Placebo 0.11 0.12 0.12
Controls YES YES YES
Observations 986 997 1,001

Notes: This table reports estimates of the effect of treatment on exam
passing by the time used to complete the endline survey. All outcomes
are standardised. Controls include gender, age, class, device used to
watch the videos, and the time used to complete the endline survey.
Heteroskedasticity robust standard errors are reported below point es-
timates. Significance at the 10%, 5%, and 1% levels is indicated by *, **,
and ***, respectively.
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3.7.1 Intervention script

M.K. Gandhi

Mahatma Gandhi is known as the father of our nation. He led India to freedom
against the British. His legacy, however, has a humble beginning.

One night, he was boarding a train in South Africa. He had a ticket for a first
class compartment. When he went to his seat, he was told that the compartment
was for whites only. He was thrown out.

He spent the whole night in the cold, thinking about how much discrimination
he would face in the future. He thought: he can either accept reality - as it is - give
up his career, and go back. Or he can stay, and fight for his rights and those of his
people!

He spent 21 years in SouthAfrica fighting against discrimination, and thenwent
back to free India from the British. He led the Satyagraha Movement. In spite of
all the challenges that came his way, his faith was unfettered. As he persevered,
people joined him in his quest.

He had to facemany problems along the way. He spent over two thousand days
in jail, and suffered from several health problems during his journey.

The dream of India’s freedom was the only thing in his mind. It was because
of this determination and will power that we are living a free and happy life in our
Independent India!

“The future depends on what you do today.”
Arjuna

Arjuna - the son of Kunti and Pandu - was one of the most important charac-
ters of the Mahabharata. From a very young age, his passion and commitment to
learning was clear.

Never missing an opportunity to learn, one evening, while eating in the dark,
he realised that his hands reached his mouth effortlessly. He figured, if practice
could help him eat in the dark, it could also help him aim in the dark. He started
practicing archery immediately, and perfected his aim.
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Later one day, Guru Dronacharya - the teacher of the Pandavas - asked them
to aim and shoot at the eye of a wooden fish that he had tied to a tree. They had
to shoot by looking at its reflection in the lake below. He then asked each student
what they saw. Their answers ranged from the tree, water, leaves, to the sky. But
Arjuna said: “The eye.”

Arjuna could disregard everything else, and focus his mind and attention only
on his target. Naturally, the shot was executed successfully.

Through focus and dedication, Arjuna emerged as one of the strongest andmost
skilled characters in the Mahabharata.

“When youwant to achieve something, youmust focus on it. Close out all other
distractions, and concentrate only on your target.” -Guru Dronacharya

Indira Gandhi

Indira Gandhi, the Iron Lady of India, was the first, and to this day, the only
female Prime Minister of India. She brought prosperity to the general public and
strength to the nation.

Her father, Dr. Jawaharlal Nehru, was often away, and her mother, frequently
sick. She spent a lonely childhood. But her father used to write her letters full of
wisdom and inspiration. In one letter he wrote-

“For the desire to hide anything means that you are afraid, and fear is a bad
thing and unworthy of you. Be brave, and all the rest follows. We work in the sun
and in the light.”

These letters had a significant impact on her personality, bold and courageous.
Growing up, she didn’t let gender stereotypes stop her. She grew up climbing

trees, flying kites, and playing marbles with her cousins, most of whomwere male.
Indira Gandhi stunned the whole world with her fearlessness, confidence, and

strength by breaking the glass ceiling!

“Let’s not forget, in India the symbol of strength is a woman. The Goddess
Shakti.”

Bhim Rao Ambedkar

149



3. INSPIRATIONS AND GENDER DISPARITIES SET IN STONES

Dr. Bhimrao Ramji Ambedkar, was one of the most learned Indian politicians
of his time. He yearned to learn, but surprisingly he wanted to stop studying at the
age of 10. Nevertheless, as we all know, the story turned out differently.

He was born in a backward caste and faced discrimination. Even in school, he
was humiliated, and treated as an ‘untouchable’ because of his caste. He was not
even allowed to touch the tap for drinking water. When he was really thirsty, the
peonwould pour water into his upturnedmouth, taking care not to touch his body.
When the peon was unavailable, he had to stay thirsty all day long.

Once, he thought of running away from school, and taking a job in a factory in
Bombay, but decided against it. Trying to run awaywas useless. He decided to face
his problems. He studied hard to gain knowledge and respect. This self-motivation
proved to be a life-changing event not only for himself, but also for the nation.

After he graduated from Bombay University, He received a scholarship to go to
Columbia University and The London School of Economics. When he came back,
he took it upon himself to end discrimination in India. He became an economist
and a social reformer, who inspired the Dalit Buddhist movement. Later, he was
appointed by the Assembly to write Independent India’s first Constitution.

“They tried to bury me. They did not know that I was a seed.”
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CHAPTER 4

Does Health Care Save Battered
Women’s Lives: Evidence from the U.S.

Abstract: This study examines the effect of medical care on domestic violence. I
find that improving access tomedical care significantly decreases domestic violence
against women, and have no effect on domestic violence against men. I corrobo-
rate this by instrumenting private health insurance coverage with premium taxes.
I close by examining the effect of expanding Medicaid coverage. Evidence indi-
cates that the adoption of the ACA Medicaid expansion leads to a 32% decline in
domestic homicides against women. Exploration of mechanisms suggests that the
Medicaid expansion can lower domestic violence by reducing women’s economic
dependency on their spouses.
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And yet the same question, “Why doesn’t she leave him?” or its obverse, “Why
does she stay?” continues to gnaw at the moorings of the domestic violence
revolution. The durability of abusive relationships remains their central para-
dox......

Evan Stark,
Coercive Control: The Entrapment of Women in Personal Life (2009).

4.1 Introduction

In the United States, around 36 percent of women under age 65 experience financial
burdens of health care (Centers for Disease Control, 2012).1 As adverse physical,
mental, and sexual and reproductive health consequences of domestic battery can
result in a great need for health care, battered women face much heavier financial
burdens than non-battered women (García-Moreno et al., 2015).2 The economic
barrier to health care for them continues to be one of the major policy concerns
(Daniel et al., 2018).

What are the effects of increasing health insurance coverage to battered women
on victimization? On the one hand, around a third of women are covered as depen-
dents under their husbands’ insurance policies (Current Population Census, 2019).
Offering a woman’s independent option can decrease their economic dependency
on spouses, and therefore help them to leave abusive relationships. On the other
hand, empowering women economically may lead to backlash from their spouses
(Bobonis et al., 2013; Field et al., 2016; Erten and Keskin, 2018), potentially even
escalating the level of stress or conflict in intimate relationships.3

1Women incur greater health care costs than men, and they are more likely to skip a recom-
mended health test or treatment due to cost (Ranji et al., 2019).

2The average health costs by injury type range from $1,700 to $95,300 in the United States (Pe-
terson et al., 2021).

3Women’s access to health care may also trigger the police interventions. Such interventions
might deprive abusers of their “rightful authority or control” in partners, escalating the level of
stress or conflict in intimate relationships. For example, a physician in California documented a
retaliation case: “Awoman came into an Emergency Department in Los Angeles with facial injuries.
A mandatory report was made to the police, resulting in her husband being arrested in the hospital
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Although domestic violence has recently gathered attention from economists,
there is little definitive evidence of whether places with and without affordable
health care vary in their experience of domestic violence. This stands in contrast
to other arenas such as health outcomes as a result of biological differences, where
large literature documents differences in women’s pregnancy andmenopause, and
gynecological conditions arising from seeking health care services (Weissman and
Olfson, 1995; Bennett, 2002; Combs Thorsen et al., 2012; Espey et al., 2019). The
existing studies that do relate health care expansion to crime focus exclusively on
overall crime (Wen et al., 2017; He and Barkowski, 2020; Borgschulte and Vogler,
2020) and are also difficult to interpret, since the underlyingmechanisms for violent
and property crime could be different.

This paper provides the first empirical evidence on the effect of women’s access
to health care on domestic violence. I approach estimation in three phases. In the
first, I study variation in medical care prices and women’s private insurance cover-
age, while in the second I concentrate on variation in access to health care exoge-
nously due to differences in insurance premium tax across states. My initial mod-
els include fixed effects, time-varying local controls, and local linear time trends to
control for a large range of potentially important confounding factors. My analy-
sis of premium tax yields important insights into the implications of levying taxes
on insurance premiums for access to health care that are less understood.4 In fact,
only a few states have changed the premium tax rate over the last several decades
(Grace et al., 2014; National Association of Insurance Commissioners, 2017). Thus,
the premium tax does not respond to a sharp fall in domestic violence. Using both
OLS and IV approaches enables me to offer stronger causal evidence about the im-
pact of affordable health care.

waiting room. After the patient was finished being treated for her injuries, she went home thinking
she was safe. However, her husband had already been released and was home waiting for her. She
came back to the Emergency Department later that day ”worse off“ than she had been on the first
visit as a result of her husband’s retaliation”(Hyman, 1997).

4The reason that I focus on private insurance coverage in the first two phases is that people
insured through public insurance program such as Medicaid are exempt from premiums or eligible
for premium tax credits in most states (Centers for Medicare and Medicaid Services, 2014; Blavin
et al., 2018).
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In the third, I explore the impact of Medicaid expansion after the Affordable
Care Act on domestic violence.5 Medicaid is the largest public health insurance
program,which covers 1 in 5Americans. Prior to the passage of theAffordableCare
Act (ACA), Medicaid was mainly used to assist only very poor people. The ACA
expands Medicaid to all adults with income up to 138% federal poverty level. The
Medicaid expansion was made a state option, while 24 states and Washington DC
adopted expansion on January 1st, 2014, the first day of ACA eligibility expansions.
Leveraging adynamic difference-in-difference design, I exploit variation in the state
and timing of the Medicaid expansion to compare changes in domestic violence in
expanding states to domestic violence in non-expansion states. In doing so, this
paper can paint a complete picture of whether or not health care affects domestic
violence.

I find that improvingwomen’s access to health care decreases domestic violence.
This is true under both the direct approach based onmy primarymeasures and the
approach based on premium taxes. Lower medical care prices or higher private
insurance coverage in a place can save battered women’s lives in that place. Also, I
find that states that expand Medicaid experience a reduction in domestic violence
relative to nonexpansion states. These findings are economically important, as they
suggest thatmaking health caremore affordable and accessible is an effective policy
lever to support battered women, which in turn, can cost-effectively save lives.

The second focus of this study is to understand the mechanism behind the ef-
fect of health insurance on domestic violence. One potential mechanism is that
the Medicaid expansion can provide abused women with an independent health
insurance and reduce their economic dependence on spouses. I find considerable
evidence that the ACA Medicaid expansion decreases women’s dependent cover-
age under their spouses’ health insurance plans. Also, evidence suggest that do-
mestic violence is reduced, entirely in states experience an above median decrease
of women’s dependent coverage after the insurance expansion. Therefore, I inter-

5In 2019, percentages of women under age 65 with private coverage and public coverage are 64
and 27, respectively, in the United States (Centers for Disease Control, 2019).
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pret these results as reflecting the direct impact of empowering women via offering
independent and secure health insurance plans in decreasing domestic violence.

Is the decrease in domestic homicides driven by the deterrence effect? In most
states, health care providers have a legal obligation to report injuries or domestic
abuse to the police. One of the main goal of mandatory reporting is holding perpe-
trators accountable (Hyman et al., 1995; Lizdas et al., 2019). In this regard, seeking
out health care may trigger a response by the criminal justice system, and deter
potential domestic violence. I examine whether there exist heterogeneous effects
based on the size of policing. The results rule out the possibility that the decline in
domestic violence is driven by deterrence.

The natural question to ask is whether insurance expansion has generalized ef-
fects on violence against women, regardless of crime types. If so, different potential
channelsmight be in operation. To tackle this concern, I perform falsification checks
by investigating its effects on non-domestic violence against women. There are no
changes after improving access to the Medicaid program. This finding is useful
to reveal that lack of secure health insurance is an issue, particularly for battered
women.

In broad terms, I see my work fitting into three main strands in the literature.
First, it closely relates to the economics of crime literature on domestic violence by
examining the role of health services for battered women. Existing research ex-
plores the effects of gender pay gaps (Aizer, 2010), labor market conditions (An-
derberg et al., 2016; Bhalotra et al., 2020), family types (Tur-Prats, 2019), emotional
cues (Card and Dahl, 2011), intergenerational transmissions (Pollak, 2004), and
ancestral features (Alesina et al., 2016).

Second, this paper contributes to the literature on the impact of increasing in-
surance coverage on crime outcomes. These studies have shown the effect of the
Medicaid expansion induced by the Health Insurance Flexibility and Accountabil-
ity initiative (Wen et al., 2017) and the Affordable Care Act (He and Barkowski,
2020; Borgschulte and Vogler, 2020). However, unlike that literature, which is pri-
marily concerned with public insurance coverage, this paper considers both public
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and private insurance coverage. That literature also concentrates on overall crime
as the outcome of interest, while my outcome is domestic violence.

Third, I view this paper as additionally linked to growing studies of female-
friendly services. The bulk of this literature looks at supportive services for female
victims of domestic abuse including domestic abuse shelters (Schechter, 2021; Sims,
2021), women’s police stations (Amaral et al., 2021), women’s justice centers (Ka-
vanaugh et al., 2018), and nutritional assistance (Carr and Packham, 2021)6. This
study contributes to the literature by shining light on the importance of health care
services in reducing domestic violence.

The remainder of the article is structured as follows. Section 2 describes the
data and offers some descriptive analysis. Section 3 reports empirical strategies
that are used. Section 4 conducts the analysis ofmedical price andprivate insurance
coverage. Section 5 does the same for theMedicaid expansion. Section 6 concludes.

4.2 Data and Initial Descriptive Analysis

My analysis matches data on crime to prices and insurance coverage, with the aim
of estimating elasticities for domestic violence with respect to health care. This
is done in three main ways. First, sources of crime data are matched to medical
care prices and private insurance coverage. Second, in order to identify the causal
effects, state insurance premium taxes are studied. Third, in the case of public in-
surance coverage, a dichotomous indicator is created, which captures the imple-
mentation of Medicaid expansions.

4.2.1 Medical Care Prices

The data source for consumer price index (CPI) is the FRED, Federal Reserve Bank
of St. Louis. It measures inflation by tracking retail prices of a good or service of
a constant quality and quantity over time. The major component of medical care

6Parallel studies also focus on the effect of female police officers (Miller and Segal, 2019) and
female jurors (Anwar et al., 2019)
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index is professional services. The data are available for 27 metropolitan statistics
areas (MSAs) in the United States. I collect annual prices data between 1976 and
2019, which can be matched to homicides data.

4.2.2 Private Insurance Coverage

Data on private insurance coverage come from the Current Population Survey. This
survey is one of the largest and most well-recognized surveys in the United States.
Participants are asked questions for their insurance coverage, including whether
they were covered by a private insurance plan during the preceding calendar year.
Having collected the data for surveys between 2017 and 2019, I calculate the av-
erage private insurance rate for each state that is used to match to state premium
tax rate. In order to perform the falsification analysis of the effect of premium tax
on private insurance coverage, I collect additional data on public insurance and
compute coverage rates for Medicare and Medicaid, respectively, in the same vein.

4.2.3 Premium Taxes

Premiums collected by insurance companies have been subject to state taxation in
the United States. The state premium taxes are often a percentage of the premiums
paid by the insured. I obtain data on health premium tax rates for states andWash-
ington DC from National Association of Insurance Commissioners (NAIC), which
are available only for 2017 and later. Over the period, none of states change their
policy on taxation. Oregon and Wisconsin are excluded in the main analysis, as
they impose taxes in different ways (such as imposing fixed taxes).

4.2.4 Medicaid Expansion

Medicaid is a publicly funded health insurance program for low-income families
and individuals in the US, which is founded in 1965. Prior to the Affordable Care
Act (ACA), one consistent policy has been categorical restrictions that limit cov-
erage to the disabled, children, and members of families with dependent children.
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The ACA expandsMedicaid benefits to all adults with incomes at or below 138 per-
cent of the federal poverty level (FPL). Many states have started to implement the
ACA Medicaid reform since 2014.

I collect data from the Kaiser Family Foundation (2019c) to identify states that
expandMedicaid and thedates that the expansions become effective. Table 1 presents
the names of states that expandMedicaid through the ACA, and the corresponding
dates. Then, they arematchedwith state-level crime data for the years 2009 through
2019. My main analysis is at the state and month levels. I classify the expansion
treatment for New Hampshire to begin in August of 2015 because the reform be-
comes effective in the first half of August. While for analysis at the state and year
levels, I code treatment to start in 2015, 2016 and 2017 for New Hampshire, Alaska,
and Louisiana, respectively, as these expansions do not become effective until late
2014, 2015, and 2016.

4.2.5 Domestic Homicides

The homicides data are collected from the Supplemental Homicide Reports (SHR)
within the Uniform Crime Reporting (UCR) program, starting in 1976. The SHR
contains detailed information on relationships between victims and perpetrators
and victim sex. Domestic homicides include homicides committed by a current or
former boyfriends, girlfriend, or spouse of a victim.

In the primary analysis I categorize domestic homicides into two types: (i) the
victim is female, (ii) the victim is male. The main outcome variables are domestic
homicide rates by victim sex at the MSA or state level, calculated by dividing do-
mestic homicide counts respectively by the population (in 100,000s) in that MSA
or state.7

7Data on homicides for Alabama and Florida are not available for the Medicaid expansion anal-
ysis at the state-month level.
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4.2.6 Other Characteristics

To take account of the effect of policing, I use the information on police employment
obtained from the Law Enforcement Officers Killed or Assaulted (LEOKA) collec-
tion. I supplement my analysis with additional data on social-economic character-
istics including income, unemployment, and population from the Current Popula-
tion Survey and U.S. Census.

4.2.7 Initial Descriptive Analysis

Figure 1 shows trends in the total number of domestic homicides by victim sex in
the United States. What stands out is the decline of domestic homicides, regardless
of victim sex. Domestic homicides againstwomen (the left axis) fall from just under
1,200 in 1976 to just over 900 in 2019, while domestic homicides against men (the
right axis) drop from just over 900 in 1976 to just under 300 in 2019.

Figure 2 shows average annual changes in the medical price index and the do-
mestic homicide rates for female victims and male victims, respectively. The av-
eraged changes in domestic homicides against women and medical prices are evi-
dently associated as the positively sloped (and statistically significant) regression
line fit through the points in Panel A. On the contrary, such a relationship is not
clear for domestic homicides against men. Study of the two charts indicates that
economic burden of health care might disproportionately affect battered women.
In addition, Table 2 displays summary statistics of key variables used in the main
analysis for analysis of Medical prices and private insurance.

In terms of the analysis of the Medicaid expansion, Table 3 presents population
weighted means and standard deviations of baseline variables,measured for 2009–
2013, in expansion and non-expansion states, respectively. Expansion states gen-
erally have experienced slightly less domestic violence against women. In terms of
other baseline characteristics such as labor market conditions for women and men,
they are very similar.
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4.3 Empirical Strategy

4.3.1 Baseline Model: Medical Care Price

The primary outcome variable is the domestic homicide rate because it is ameasure
of the most severe form of violence and a major policy concern. Moreover, endoge-
nous reporting is unlikely to be a concern for homicides. My empirical specification
for the effect of medical care prices is specified as follows:

Ymt = β1MedicalCarePricemt + β2Xmt + σm + ϕt +mt + εmt (1)

Where Ymt is the rate of domestic homicide per 100,000 population in MSA m

in year t. My main focus is on domestic abuse against women but, as a falsification
exercise, I examine domestic abuse against men. The main explanatory variable,
MedicalCarePricemt is the price index for medical care in that locality and year.
The termXmt is a set of controls for all goods price, food price, alcohol price, police
employment by gender, unemployment by gender, average income by gender, and
population. σm and ϕt are MSA and year fixed effects, respectively. To account for
MSA-specific linear time trends, I also include the trend control, mt. The term εmt

represents the error term.

4.3.2 Baseline Model: Private Insurance Coverage

I also examine the impact of private insurance coverage on domestic violence, as
private insurers pay the largest share of patients’ medical costs (Centers for Disease
Control, 2018a). I estimate the following equation:

Ys = β1PrivateInsurances + β2Xs + εs (2)

Where Ys is the mean rate of domestic homicide per 100,000 population in state
s between 2017 and 2019. PrivateInsurances is the mean rate of women’s private
insurance coverage in that state. As before, Xs includes controls such as police
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employment by gender, unemployment by gender, average income by gender, and
population.

4.3.3 Instrumental Variable Approach

Although the above frameworks can deal with a large range of possible confound-
ing factors, they may not have entirely solved the potential issue of omitted vari-
ables. This motivates my use of instrumental variable approach. For a valid instru-
ment variable, it influences domestic homicides againstwomen exclusively through
women’s private insurance coverage. I use state health insurance premium tax rates
to instrument women’s private coverage rates. As discussed, there is a dramatic
change in domestic homicides against women over the past several decades, while
premium tax rates are not adjusted in response to such a change. In this regard, this
approach can be considered as a quasi-experiment where variation in premium tax
rate across states is exogenous.

The main reason for women having difficulties purchasing insurance is high
premiums (Centers for Disease Control, 2015).8 Therefore, the relevance condition
for a valid IV is satisfied, as clearly the instrument is correlated with the potentially
endogenous regressor. Also, the results of the “horse race” analysis support the
exclusion restriction condition.9

According to Imbens and Angrist (1994), the standard IV assumption would
be violated if the instrument is related to domestic violence through some variable
other than private insurance coverage. For instance, the assumption would not
hold, if the premium tax affects materially economic welfare for women, and thus
domestic violence.

The IV assumption seems plausible. First, the premium tax is a small amount
of revenue for government. In 2021, the revenue from insurance premium tax is
less than $25 million in the US, which only accounts for around 2% of total tax rev-

8In 2020, the average monthly premium of health insurance in the United States is $505 (Price,
2020).

9See Section 4.3 for details.
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enue (Census Bureau, 2021). Second, improving women’s welfare requires large
public expenditures. Based on the estimation of National Women’s Law Center
(2022), millions of women are still struggling to make ends meet in the US. The
US government has announced an historic commitment of over $12 billion dollars
to improve women’s welfare that includes advancing women’s employment and
closing gender pay gap (White House, 2021). A small amount of revenue from in-
surance premium tax is unlikely to play an important role in improving women’s
welfare. Third, I conduct further exercises where the women’s economic outcomes
are used as the dependent variables. Table A4.2 shows the estimates of the effect of
premium tax rate on female employment and income. The results suggest no sig-
nificant association between premium tax and women’s economic welfare, offering
support for its plausibility. Lastly, my horse race analysis also provides suggestive
evidence in favour of the assumption in Table 8.

The IV approach is to identify the local average treatment effect (LATE), that is,
the average treatment effect on the complier subpopulation (Imbens and Angrist,
1994). In my IV setting, the LATE applies to those womenwhose private insurance
uptake is affected by the insurance premium tax. This group is not small. In the
US, there are 35 million uninsured nonelderly adults and 70% of them are work-
ers in 2013. More than 60% of these workers are employed by small companies
with fewer than 100 employees (Kaiser Family Foundation, 2014). Less than half
of workers are offered health insurance through their employers (Robertson et al.,
2012). The cost of health insurance, particularly premium, is an important factor
for insurance coverage among small businesses (Buettgens et al., 2010; Gruber and
Lettau, 2004). Therefore, small firms could be sensitive to the insurance premium
tax, which could affect private insurance coverage (employer-provided coverage
accounts for 90% of total private coverage). For instance, Jensen and Gabel (1992)
find that the probability of coverage is extremely elastic to the insurance premium
tax rate: one unit increase in the average tax rate would cause the probability of
private insurance coverage to fall from 0.488 to 0.323.

In the separate regression, I test for effect of premium tax rates on domestic
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homicides against men, finding no effect. This result shuts down any unobserv-
able channels through which premium taxes influence overall domestic violence.
As already mentioned, premiums are not required for public insurance programs
such as Medicare and Medicaid in most states. That is why private insurance cov-
erage is used in the main analysis. In the Appendix Table A4.1, I present evidence
suggesting that premium taxes do not influence Medicare and Medicaid coverage
for women, hence further justifying the use of premium taxes as an instrument for
women’s private insurance coverage. I also test whether there is a weak instrument
problem, further ensuring the validity of my proposed instrument.

The specifications used to conduct the IV analysis are as follows:

Ys = θ1PremiumTaxs + δ1Xs + εs (3)

̂PrivateInsurances = θ2PremiumTaxs + δ2Xs + εs (4)

Ys = θ3 ̂PrivateInsurances + δ3Xs + εs (5)

Equation (3) presents the reduced form specification where PremiumTaxs is
the health premium tax rate in state s. Equation (4) is the first-stage equation that
associates premium tax with women’s private insurance coverage. Equation (5)
corresponds to the second-stage equation. The IV estimate is then the ratio of the
reduced form to the first stage coefficient, so that θ3=θ1/θ2.

4.4 Results

4.4.1 Baseline Results: Medical Care Price

This section describes estimates from Equation (1), which examines the effect of
medical care prices. Table 4 shows the impact of medical care prices on domestic
homicides against women. Columns 1 through 4 report results without controls,
with all goods price control, with full controls, and with full controls plus MSA-
specific linear time trend controls, respectively. Across specifications, the estimates
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are statistically significant, strongly implying that the estimated effect is thus insen-
sitive to the inclusion of control variables.

The magnitudes of the estimates are nearly identical through the varying speci-
fications, ranging from 0.06 to 0.08. The preferred specification is displayed in Col-
umn 4withMSA-specific linear time trends. Identification of the impact of medical
care prices in such a specification comes from within-MSA variation after netting
out variation in domestic homicides against women caused by factors that vary lin-
early over time and that are specific to individual MSAs. The point estimate of 0.07
indicates that increasing medical care price index by 0.26 (equivalent to around
10% of mean value) increases the female domestic homicide rate by around 0.02
homicides per 100,000 population (equivalent to around 5% of mean value).

Table 5 presents corresponding estimates for domestic homicides against men.
Unlike estimates in Table 4, these estimates are highly unstable. Specification 1 esti-
mates the effect of medical care prices on domestic homicides against men without
controls, suggesting a positive and significant effect. However, once eliminating
variation in such homicides driven by the overall price index in specification 2, the
point estimate not only loses statistical significance but also drops considerably in
magnitude. It suggests that a large part of the medical care price captures is an
overall goods price in specification 1. Specification 3 and 4 show that the estimate
continues to remain statistically insignificant after accounting for other covariates
andMSA-specific time trends. Thismay be interpreted as implying that the scarcity
of medical care is less likely to be a concern for battered man.

4.4.2 Baseline Results: Private Insurance Coverage

The analysis so far has used the medical care price to measure access to health
care. Because the primary source of payment for health care resulting from do-
mestic abuse is private insurance, I also use a different proxy of access to health
care, private insurance coverage, to investigate whether the results from the two
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measures are in parallel.10

Figure 3 depicts a strong, negative and significant correlation between average
private insurance coverage rates of women and average female domestic homi-
cide rates between 2017 and 2019.11 The chart very clearly shows that states with
higher private insurance coverage rate — like Minnesota, New Hampshire, and
Massachusetts see relative higher rate of domestic abuse against women. On the
other hand those with far less coverage — like New Mexico, Louisiana, and Mis-
sissippi experience more violence against women.

Table 6 presents estimates fromEquation (2), which examines the effect ofwomen’s
private insurance coverage on domestic violence. Column 1 reveals the uncondi-
tional cross-state relationship. Specifically, the estimated coefficient, statistically
significant at the 1 percent level, implies that a 10% increase in women’s private
insurance coverage rate is associated with a decline in domestic homicides against
women by around 0.10 homicides per 100,000 population. It is economically mean-
ingful, when compared to mean value of 0.36 homicides per 100,000 population.
Column 2 shows that the coefficient retains its sign and continues to remain highly
statistically significant after accounting for the influence of law enforcement. Reas-
suringly, the estimate in Column 3 is robust to the introduction of other important
confounding factors.

Overall, there are two points of note. First, the baseline analyses are based on
different measures of women’s access to health care, yet both show a significant
elasticity for domestic violence with respect to health care. As a result, these find-
ings lend credence to the assertion that health care can save batteredwomen’s lives.
Second, the absence of a negative (positive) impact ofmedical care price (insurance
coverage) on domestic violence allowsme to interpret these results as evidence that
there is no significant backlash against women in response to their access to health
care.

10Appendix Table A4.3 displays the distribution of primary source of payment for health care
resulting from domestic violence against women.

11There are 49 states and Washington DC in the analysis. Data on homicides for Florida are not
available during the time period.
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4.4.3 Instrumental Variable Results

The results presented in the baseline analysis give me confidence that a robust and
strong relationship exists between health care and domestic violence. However, a
more rigorous evaluation is required to tackle the potential issue of omitted vari-
ables. A quasi-experimental design can be set up where variation in private insur-
ance coverage across states is explained by the health insurance premium tax policy
that did not change in response to a dramatic change in domestic homicides.

Figure 4 provides support for the relevance condition with respect to a valid IV
by showing that premium tax is statistically significantly correlated with women’s
private insurance coverage. The descriptive statistics for health insurance premium
tax are displayed in Table 7. An evident feature of the Table is that a large number
of states impose a tax rate in the range of 1% - 2%, whereas only few states are
under or over the range. Columns 1 and 2 present the average rate of women’s
private insurance coverage and domestic homicides against women by ranges of
premium tax rates. Importantly, inspection of Column 1 further suggests that the
higher a premium tax rate is, the lower a private insurance coverage rate. Turning
to domestic homicides against women in Column 2, there are positive and negative
associations with premium tax and insurance coverage, respectively.

For the exclusion restriction condition, I conduct a formal examination ofwhether
premium tax influences domestic violence solely via the effect of private insurance
coverage. This is a particularly important examination because, if premium tax in-
fluences domestic violence either directly or via some other unobserved channels,
then the analysis using the IV approach would be attributing this latent effect to
the private insurance channel.

Building on the work of Ashraf and Galor (2013), I implement the aforemen-
tioned examination by the “horse race” analysis. First, I estimate a specification
that includes premium tax rather than private insurance coverage to explain the
cross-state variation in domestic homicides against women. Second, I examine an
additional specification that includes both premium tax and private insurance cov-
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erage as covariates. Lastly, the observed results from the first specification are com-
pared to those from the latter. Unless premium tax and private insurance coverage
are ultimate and proximate determining factors within the same mechanism, then
private insurance, once included in the specification, should not capture most of
the explanatory power otherwise attributed to premium tax.

The corresponding results are reported in Table 8. Column 1 shows the estimate
of the unconditional effect of women’s private insurance coverage on domestic
homicides against women, which is statistically significant. Even though Column
2 shows a highly statistically significant unconditionally impact of premium tax on
domestic homicides against women, however, such an impact not only lose statistic
significant but also drops substantially in magnitude after controlling for women’s
private insurance coverage in Column 3. Strikingly, conditional on premium tax,
the estimate associated with private insurance remains highly statistically signifi-
cant, reflecting that private insurance survives a horse race. Taken together, these
results provide strong evidence in support of the view that premium tax affects do-
mestic homicides against women via women’s private insurance coverage alone.

Table 9 shows estimates of four specifications given byEquations (2)-(5), namely
the OLS estimate, the reduced form estimate where the instrument is the premium
tax, the first stage estimate, and the IV estimate. Considering the OLS estimate first,
it is clear that there is significant and negative elasticity of domestic violence with
respect to private insurance coverage in Column 1. However, the OLS estimatemay
be downward biased — for example, if the abusers prevent victims from accessing
health care even when the associated costs are covered.

Further to this, there is a strong reduced form relationship between domestic
violence andpremium tax (seeColumn 2). Themagnitude of the estimate indicates
that a 1 percentage point increase in health premium tax rate (equivalent to 50% of
mean value) leads to an increase of 0.07 deaths per 100,000 population (equivalent
to 19% of mean value). The first stage in Column 3 is also strong with an F-statistic
of 18.14, and the point estimate suggests that a 1 percentage point increase in health
premium tax rate (equivalent to 50% of mean value) decreases women’s private
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insurance coverage rate by 3 percentage points (a 5% decrease relative to the mean
value).

Turning to the IV estimate, Column 4 of Table 9 confirms a negative and sta-
tistically significant effect of women’s insurance coverage on domestic violence.
More specifically, the coefficient of -2.07 shows that a 5 percentage point increase
in women’s private insurance coverage rate (corresponding to an increase of 8%
of mean rate) decreases domestic homicides against women by around 0.10 homi-
cides per 100,000 population (27% of mean rate). Put differently, it implies that
6 battered women’s lives can be saved in a state, if there are around 170,000 new
women enrolling a private insurance in that state. The larger coefficient on the IV
estimate relative to theOLS estimate is consistent with downward endogeneity bias
on the OLS estimate.

As a falsification check, I examine the effect of premium tax on domestic vio-
lence against men and find no effect in Table 10. This result is consistent with the
claim that access to health care is a concern mainly for battered women. More-
over, it rules out any potential explanations of generalized effects of premium tax
on domestic violence against women and men at large.

Lastly, I explorewhether there are generalized effects that reduce violence against
women due to improving access to health care. Access to health care and domestic
violence are very closely linked through repeat victimization but the samemay not
be true for violence against women in general. The same exercises as Table 9 are
repeated using homicides against women as the dependent variable. The results in
Table 11 suggest that health care has no effect on violence against women. Hence,
my results are unlikely to be driven by generalized mechanisms.

Homicides have high direct costs to society. Cohen and Piquero (2009) estimate
that the cost per homicide offence is around $7 million. Back of the envelope cal-
culations suggest that a 1 percentage point decline in premium tax rate can save 4
women’s lives per year in a state, and thus yield an average saving of $28 million.
Given that the average premium tax revenue for one state is $0.5 million in 2019,
improving insurance coverage for women by reducing taxes for premium has the
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potential to result in large savings.

4.5 Medicaid Expansion

Thus far the analysis has focused on the crime-reduction effect of private health
insurance coverage, but expanding public health insurance program may also im-
pact domestic violence. In the United States, Medicaid is the largest public health
insurance program, which covers 1 in 5 Americans. Prior to the passage of the Af-
fordable Care Act (ACA), Medicaid eligibility was tied to assistance for only very
poor people in specific categories (e.g. children and some of their parents, disabled
people, and pregnant women). The ACA expands Medicaid to nonelderly adults
with income up to 138% federal poverty level, which increased average annual en-
rollment by 6.3 million (Centers for Medicare and Medicaid Services, 2015). The
Medicaid expansion was made a state option, so it allows to examine the effects of
the ACA Medicaid expansion on domestic violence by exploring variation in the
state and timing of the expansion. Figure 5 indicates the states that adopt the Med-
icaid expansions by the end of 2019.

4.5.1 Empirical Strategy

The primary outcome variable is the domestic homicide rate because it is ameasure
of the most severe form of violence and a major policy concern. Moreover, endoge-
nous reporting is unlikely to be a concern for homicides. To estimate the effect of
the ACA Medicaid expansion on such a measure of domestic violence, I exploit
the variation in expansion placement and timing applying a flexible difference-in-
difference (DD) specification. The model enables me to include state fixed effects
to take level difference between states into account and time fixed effect to control
for unobserved shocks.

I analyze whether the ACA Medicaid expansion affects domestic homicides us-
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ing the following base equation:

Yst = βMedicaidExpansionst + σs + ϕt + εst (6)

The dependent variable Yst is the number of domestic homicides in state s in
month-year period t (t = my, where m is month and y is year). The variable
MedicaidExpansionst is an indicator that takes the value 1 for the post-expansion
period, and 0 otherwise. The terms σs and ϕt correspond to indicators for state and
time, respectively. Drawing on Bertrand et al. (2004), all SEs are clustered at the
state level to allow for correlation of errors over time within states.

The identification strategy compares the post-expansion changes in domestic
homicides in states that implement the expansionwith changes in those that do not
implement the expansion. Two-way fixed effects DD estimates will yield a biased
estimate of the causal effect of the ACA Medicaid if expansion states would have
experienced a decrease in domestic homicides even absent the expansions. I cannot
rule out such a scenario, but I can test for differential trends in domestic homicides
between treatment and control states in the years leading up to expansions.

Furthermore, a recent body of research has investigated the biases of the two-
way fixed effects DD estimator associated with heterogeneous treatment effects
(Sun and Abraham, 2021; Callaway and Sant’Anna, 2021; Athey and Imbens, 2021;
Goodman-Bacon, 2021). In particular, such an estimator equals a weighted aver-
age of all possible simple 2x2 DDs that compare one group that changes treatment
status to another group that does not. In other words, earlier-expanding states are
comparedwith later-expanding states, where earlier-expanding states serve as con-
trols, which might lead to a bias in presence of heterogeneous treatment effects
across states adopting Medicaid expansion at different time points.

To tackle this concern, I follow Sun and Abraham (2021), who develop DID
estimators of the cohort-and-period specific effects that only rely on the parallel
trends assumption, and that are robust to heterogeneous treatment effects. Their
estimators categories units into different cohorts based on their initial treatment
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timing, to avoid the estimates of lags and leads being contaminated by effects from
other periods. Specifically, they define their estimates as “interaction-weighted”
estimates, which are generated mainly in two steps. First, the cohort average treat-
ment effects on the treated (CATT) are computed by estimating the cohort-specific
average difference in outcomes relative to never being treated. Second, their esti-
mator estimates a weighted average of CATT with weights equal to the share of
each cohort in the relevant period(s).12 Based on their methodology, I estimate the
following equation:

Yst =
E∑

e=1

4∑
k=−5
k ̸=−1

βe,k(1{Es = e}MedicaidExpansionk
st) + σs + ϕt + εst (7)

Where time windows span periods of one year each. Particularly, ±k ranges
from4 and -5 to respectively 1 and -2 years, as -1 is omitted. Each lag(lead) takes the
value of the main regressor -k(k) years away from the ACA Medicaid expansion.
MedicaidExpansionk

st is a set of relative event-time dummies, that take value of 1 if
time t is k years after (or before, if k is negative) the expansion. e represents cohorts,
different time periods in which states implement the expansion. Each estimated
parameter is a weighted average of the impact of the expansion k years away (i.e.,
pre or post). The coefficients of interest βe,k can be interpreted as an average effect
of the treatment on the treated periods after initial treatment.

4.5.2 Results

In this section, I show that expanding health insurance coverage can reduce do-
mestic violence. I start by presenting evidence on the effects of the ACA Medicaid
expansion on domestic homicides against women. Commencing with the two-way
fixed effects DD and dynamic DD results on the number domestic homicides, I later
assess the impact on extensivemargin of domestic homicides. A series of sensitivity

12Their estimators use the never-expansion units are used as controls if there are never-treated
units. Their procedure ensures nonnegative weights and better sheds light on dynamic treatment
effects.
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checks are performed to ensure the robustness of the findings.

4.5.2.1 Main Results

I first examine the effects of the ACA Medicaid expansion on domestic homicides
against women by estimating Equation 7. Table 12 presents the results. Column 1
shows the estimate including state, year, andmonth fixed effects. Column 2 replace
year and month fixed effects with year-month fixed effects. Column 3 adds other
controls including the log of police rate, unemployment by gender,and income by
gender at the state-year level. Column 4 presents the result with the inclusion of
state-specific time trends.13 Throughout the specifications the coefficients are sta-
tistically significant and negative, suggesting that the ACA Medicaid expansion is
associatedwith less domestic violence against women. In particular, the estimate in
Column 4 implies that expanding Medicaid decreases domestic homicides against
women by approximately 0.55 homicides (equivalent to 16% of mean value).

As a falsification check, I examine the effect on domestic violence against men.
Appendix Table A4.4 repeats the same exercise using domestic homicides against
men as the outcome variable. None of the results in Columns 1-4 is statistically
significant, indicating that unmet need for health insurance is a concern mainly for
battered women. Moreover, it rules out any potential explanations of effects of the
expansion on domestic violence against women and men at large.

Adults are the target of theACAMedicaid expansion. Using information on vic-
tim age, I next explore the effects on the occurrence of domestic homicides against
adults and non-adultswomen, respectively. Table 13 follows suit, displaying the es-
timates of the effect of the expansion on domestic homicides against adult women.
The estimates for adult women, both in terms of magnitude and significance, are
strikingly similar to those for all women. On the contrary, I find little evidence
that domestic homicides against non-adult women response to the ACA Medicaid
expansion (see Table 14). In this light, the findings suggest that providing health

13Since it is plausible that state population may change throughout the time, all regressions con-
trol for the log of annual population.
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insurance to adult victims has no spillover effect on non-adult victims. Also, the
absence of a positive impact allows me to interpret these results as evidence that
there is no significant backlash against abused women in response to improving
access to health care.

I further presents evidence of the validity of my empirical design and dynamic
effects from the event study analysis. Figure 6 shows the results of running Equa-
tion 7, where the dependent variable is the number of domestic homicides against
women, and supports the identification assumption. Specifically, it shows that the
coefficients for years prior to the ACA Medicaid expansion never reach statistical
significance, even at the 10% level, indicating little evidence of differential group
trends. Importantly, the Medicaid expansion marks a clear break from the pat-
tern of the pre-period. Following expansions, domestic homicides decrease sig-
nificantly. Domestic homicides decline by around 0.61 homicides in the year of
the expansion and by 0.59 in the following year. Effects then dissipate, reaching
insignificance two years after expanding.

A number of factors might explain the pattern of effects. First, health insurance
plans in the ACAmarketplace are unaffordable for manymiddle-class people, who
don’t qualify for Medicaid or federal subsidies to help buy an individual policy.
According to the Kaiser Family Foundation (2019a,b), the average premium for
a midlevel plan for a 40-year-old has climbed to $478 a month in 2019 from $273
in 2014.14 Therefore, as relative time increases, the decline in coverage of middle-
income adults may offset the rise in coverage of low-income adults.

Alternatively, even though there are additional federal matching funds for ex-
panding Medicaid eligibility, state budgets may be affected. That is, expanding
states may have to cut spending in other parts of their Medicaid programs, or cut
spending outside of Medicaid (Ward, 2020). The fiscal stress faced by state govern-
ments may becomemore salient when considering periods farther after expanding
Medicaid under the ACA. Finally, the ACA was attacked under the Trump admin-

14New regulations restricting insurers’ ability to charge higher premiums to older and sicker
adults may lead to unnecessarily high premiums for younger and healthier individuals (Eibner
and Nowak, 2016).
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istration, which might also help explain the fading effect of the ACA Medicaid ex-
pansion.

I estimate separate event studies for domestic homicides against adult women
and non-adult women. As shown in Figure 7, the effects on victimization of adult
women for years prior to the Medicaid expansion are relatively small and statisti-
cally equal to 0, indicating flat pre-trends. Evidently, the effects occur immediately
after extending insurance coverage and last for two years. In contrast, Figure 8
shows that there is no a marked divergence of trends before and after the Medicaid
expansion for domestic homicides against non-adult women. These are consistent
with the main tables and suggests that adult victims of domestic abuse are exclu-
sively affected.

As an additional robustness check, I test whether the results hold without con-
sidering potential biases from heterogeneous treatment effects. Appendix Figures
A4.7.1-3 shows the same regressions but employing the two-way fixed effects event
study model. The analogous point estimates are documented, suggesting that my
findings are robust to varying specifications. More importantly, they serve as im-
plicit evidence of absence of heterogeneous treatment effects across expanding states.
Such findings seem reasonable, because most states expanded Medicaid (75%) on
the first day of 2014.

4.5.2.2 Extensive Margin: the Probability of Homicide Occurring

An important question to ask is whether expanding Medicaid eligibility brings
about a decrease in domestic violence only in states that would have experienced
some domestic violence in any case? What about states where the frequency of do-
mestic violence is relatively low? To offer a better understanding of the full picture,
I examine the effect of the ACA Medicaid expansion on the probability that at least
one domestic homicide against women occurs. The same exercise is repeated for
extensive margin and Figure 9 displays the point estimates.

The results show that there seems no change in the pattern of extensive mar-
gin of domestic homicides before and after Medicaid expansion, suggesting that
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the crime-reduction effects of expanding insurance coverage concentrate on vio-
lent places. This may be plausibly explained by the fact that the ACA Medicaid
expansion does not intend to specifically target domestic abuse victims in the first
place. A key implication of this result is that a victim-specific Medicaid expansion
may be useful to decrease domestic violence.

4.5.2.3 Placebo Test: Randomization Inference

In light of the concern that the data are highly serially correlated across states, all
my regressions have been clustered at the state level. Nevertheless, in this section
I conduct a further test to account for this concern. Analogous methods are de-
veloped and used in Aglasan et al. (2017), Pinotti (2017), and Ciacci and Sviatschi
(2021).

Figure 10 shows the estimates of randomizing the Medicaid expansion treat-
ment across time within states with one thousand permutations. The red vertical
line indicates the estimated coefficient in my primary equation with full set of con-
trols, whereas the blue curve indicates the distribution of estimates from the ran-
domization test. If the same estimate can be obtained by chance, I would expect
the junction of the red vertical line and the blue curve. The results suggest that the
probability of obtaining the identical estimate obtained in my primary equation by
change is very unlikely: out of one thousand permutations, none can generate the
same result. The result nets out the possibility that serial correlation is biasing my
estimate, and again helps bolster validity of my research design.

4.6 Mechanisms

In this section I examine three mechanisms that may help explain the decrease in
domestic violence caused by the ACA Medicaid expansion: economic indepen-
dence channel, deterrence channel andmental health channel. Each of these mech-
anisms can be explored applying additional data. I also discuss potential general-
ized channels by directly investigating the effects on non-domestic violence against
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women.

4.6.0.1 Economic Independence Channel

There is a growing literature devoted to the causes of domestic violence that doc-
uments that women’s economic empowerment could reduce the prevalence of do-
mestic violence (Aizer, 2010; Bobonis et al., 2013; Anderberg et al., 2016; Tur-Prats,
2019). In particular, Aizer (2010) shows that the way of improving women’s out-
side options involves improving labor market conditions for women that helps ter-
minate abusive relationships and lower levels of domestic violence.

The same may apply to independence of health insurance for women. In the
US, around a third of women are covered as dependents under their husbands’ in-
surance policies (CPS, 2019). It is one of the key indicators of women’s economic
dependency on their partners. As discussed by Short (1998), single women are
in a particularly vulnerable position when it comes to health insurance. Unlike
their married counterparts, who have spouses to fall back on, singlewomen are less
likely to have insurance, and more likely to lose their insurance when they have it.
Furthermore, married women who are insured as dependents are less secure than
married women with their own health benefits. That is why women with depen-
dent coverage could be more likely to be trapped in risky and violent relationships.
In this regard, expanding Medicaid eligibility could reduce women’s reliance on
dependent coverage, allowing them to make their own choices such as dissolving
the relationship.

I approach examination in two ways. In the first, I study variation in dependent
coverage for women across states before and after the ACA Medicaid expansion.
Specifically, I use data available at the state-year level from the Population Sur-
vey. The respondents have been asked if they have coverage, as a dependent, on
employment-based health insurance.15 If the Medicaid expansion leads to greater
economic independence for women, I would expect a decline in the proportion of

15The majority of Americans (55%) were covered by employer-based health insurance (Berchick
et al., 2019).
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married women with dependent coverage.16

Figure 11 depicts the event-study plots of the effect of the ACAMedicaid expan-
sion on rates of married women with dependent coverage on employment-based
insurance at the state-year level, following Sun and Abraham (2021). In the years
leading up to the expansion, women’s dependent coverage is statistically identical
in level and trend between the groups. In the immediate aftermath of the expan-
sion, it decreases sharply among expansion states but remains smooth among those
farther away. One may wonder whether the effect is driven by the improvement
of labor market conditions for women after the Medicaid expansion. For example,
the ACA Medicaid expansions may result in a growth in the nurse labor market.
Thus, I explore the effect on women’s unemployment rate. Figure 12 shows that
coefficients are not statistically different from zero. This finding seems to exclude
such a possibility.

In the second, to better understand the salience of this explanation, I explore
the heterogeneous effect by the change in women’s dependent coverage on domes-
tic homicides. It is important to note that women with dependent insurance cov-
erage may not enroll in Medicaid, though they are eligible for it under the ACA.
Particularly, Medicaid may provide less comprehensive services, compared with
private insurance programs. To this end, I categorize expansion states into above
and below median decrease states based on the percentage decrease of women’s
dependent coverage in the first year of expansion. Then, estimating Equation 8, I
compare them with non-expansion states, respectively.

Figure 13 plots the estimates of the effect of the ACA Medicaid expansion in
states with above median decrease in women’s dependent coverage on domestic
homicides against women. It shows very similar point estimates as in Figure 7.
Conversely, Figure 14 shows little evidence of differential trends between expansion
states with median decrease in women’s dependent coverage and non-expansion
states after the ACA Medicaid expansion. Taken together, these findings suggest

16Generally, legal spouses are eligible for dependent health insurance (Health Markets, 2019).
Hence, my analysis focuses on married women.
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that the effect of expanding Medicaid is primarily driven by a decrease in women’s
reliance on their spouses’ health insurance plans. This is again consistent with the
economic independence channel through which the Medicaid expansion reduces
domestic violence.

4.6.0.2 Deterrence Channel

Heath care providers can help battered women obtain justice even though the first
thing that victims of domestic violence need is often medical attention. Crime re-
porting is a crucial input into the production of law enforcement services. Most
U.S. states have enacted mandatory reporting laws that require the reporting of in-
juries and wounds to law enforcement in health care settings. For example, the law
in California requires medical professionals to notify local law enforcement if he or
she provides health services for a physical condition to a patient whom he or she
knows or reasonably suspects is suffering from any wound or other physical injury
that is the result of assaultive or abusive conduct.17 As a result, improving vic-
tims’ access to health care may increase the the likelihood of police interventions.
This might ultimately increase the expected costs of abusing partners, deterring
potential abusers from committing violence. The logic I put forth parallels the de-
terrence theory that an increase in an offender’s chances of being caught decreases
crime (Chalfin and McCrary, 2017).

I examine heterogeneity by police size. Specifically, I incorporate state police
rates into the regression specifications by interacting the post dummywith the state
police rate (and including the police rate as a standalone variable). If deterrence
matters, high rates of police would meaningfully reinforce the estimated effect in
violence reduction.

Figure 15 shows the corresponding results. In the figure, I assess the effect of
the Medicaid expansion on domestic homicides both at a low level of policing (the
twenty-fifth percentile: 189 officers per 100,000 persons) and at a high level of polic-

17https://www.futureswithoutviolence.org/wp-content/uploads/Compendium-4th-Edition-
2019-Final.pdf
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ing (the seventy-fifth percentile: 256 officers per 100,000 persons). Moving from
the twenty-fifth percentile of police rate to the seventy- fifth percentile does not sta-
tistically increase the crime-reduction effect. Hence, this finding is not in favor of
the deterrence interpretation.

By and large, these results do not support the deterrence mechanism connected
to changes in domestic violence occurring at the same time as expansions of the
Medicaid eligibility.

4.6.0.3 Mental Health Channel

In this section, I examine one alternative account positing that the occurrence of
domestic violence relates to mental health. There is a significant association be-
tween lifetime domestic violence and a wide range of mental health problems in
women (Tol et al., 2019). On the other hand, Symptoms of mental illnesses include
aggression and agitation, an exaggerated sense of self-confidence, poor decision-
making, racing thoughts, and risk-taking behaviors. The Medicaid expansion may
bring about an increase in the use of mental health services for potential offenders,
which in turn, can reduce domestic violence (analogous to the effects of mental
healthcare on crime in Deza et al. (2022)).

To explore it, I test the effect mental illness prevalence by employing data from
the U.S. Department of Health and Human Services for 2009-19.18 Figures 16 and
17. present the point estimates for prevalence of mental illness and serious mental
illness, respectively. All posttreatment estimates are insignificant, suggesting that
the crime-reduction effect does not seem to arise from such preventive interven-
tions. This result is consistent with the finding in Wen et al. (2017) that treatment
for mental illness does not influence homicides.

18It publishes data on the prevalence of (serious) mental illness among adults at state and year
levels.
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4.6.1 Generalized Channels for Non-Domestic Violence

Lastly, I explore whether there are generalized effects that reduce domestic vio-
lence due to improving access to health care. As discussed earlier, insurance cov-
erage and domestic violence are very closely linked through economic dependency
for spouses in the households but the same may not be true for non-domestic vio-
lence against women. The same exercise as Figure 7 is repeated using non-domestic
homicides against women as the dependent variable. The results in Figure 18 sug-
gest that the Medicaid expansion has no effect on other violence against women.

The result also provides important insight into the observed effect on domes-
tic violence, because it shows that such an effect is unlikely to be driven by any
generalized mechanisms for other crime types. For example, expanding Medicaid
insurance program may reduce domestic violence through timely health care for
acutely injured victims of domestic violence. If this is the case, I would expect
the same effect on non-domestic violence. However, the finding does not support
it. Similarly, potential mechanisms such as healthcare facility expansion could be
ruled out.

Overall, while no examination individually offers conclusive evidence of the
presence or absence of a particular channel, I, on the basis of these results from dif-
ferent tests, interpret the effect of the ACA Medicaid expansion on domestic vio-
lence to be reflection of economic independence. That is, expanding insurance pro-
gram can lower domestic violence through reducingwomen’s economic reliance on
spouses.

4.7 Conclusion

This study provides causal estimates of the impact of health care on domestic vi-
olence. I find that improved access to health care significantly decreases domestic
violence. The results for different measures of accessing health care are consistent,
speaking to the strength of the results. Importantly, I exploit variation in women’s
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health insurance exogenously due to differences in insurance premium tax across
states, confirming the baseline results. Furthermore, I examine the potential mech-
anism for why expanding Medicaid may affect domestic violence. My results are
consistent with the economic independence account in which the Medicaid expan-
sion decreases women’s dependency on their spouses’ health insurance plans.

Taken together, this study has several important implications. First, while pre-
vious academic research has focused on the causes of domestic violence, here I
focus on the delivery of supportive healthcare services to abused women that can
contribute to prevention of abuse. Second, these findings suggest that in addition
to improved access to health care services, policies that serve to address health in-
equality also reduce domestic abuse and the costs associatedwith it. Third,millions
of people across the US have become uninsured due to the COVID-19 pandemic.
Increasing flexibilities for Medicaid could be potentially important in response to
the surge in domestic violence, particularly in states not expandingMedicaid under
the ACA.
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Fig. 1: Trends in Domestic Homicides
Notes: This figure shows the total counts of domestic homicides by victim sex over the sample
period from 1976 to 2019 in the US. The left vertical axis measures the number of domestic homi-
cides involving female victims, while the right axis records the number of domestic homicides
involving male victims.
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Table 1: State Medicaid Expansion

State Expansion Date
Alaska 9/1/2015
Arizona 1/1/2014
Arkansas 1/1/2014
California 1/1/2014
Colorado 1/1/2014
Connecticut 1/1/2014
Delaware 1/1/2014
District of Columbia 1/1/2014
Hawaii 1/1/2014
Illinois 1/1/2014
Indiana 2/1/2015
Iowa 1/1/2014
Kentucky 1/1/2014
Louisiana 7/1/2016
Maine 1/1/2019
Maryland 1/1/2014
Massachusetts 1/1/2014
Michigan 4/1/2014
Minnesota 1/1/2014
Montana 1/1/2016
Nevada 1/1/2014
New Hampshire 8/15/2014
New Jersey 1/1/2014
New Mexico 1/1/2014
New York 1/1/2014
North Dakota 1/1/2014
Ohio 1/1/2014
Oregon 1/1/2014
Pennsylvania 1/1/2015
Rhode Island 1/1/2014
Vermont 1/1/2014
Virginia 1/1/2019
Washington 1/1/2014
West Virginia 1/1/2014

Notes: This table presents the names of states that adopted the Medicaid expansions
through the ACA, and the corresponding dates.
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Panel A: Female Victims
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Fig. 2: Domestic Homicide and Medical Care Price
Notes: The figure shows the correlation between the average annual change over the sample pe-
riod in domestic homicide rate and medical care price at the MSA level. Panels A displays do-
mestic homicides involving female victims against medical care price. Panels B displays domestic
homicides involving male victims against medical care price.
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Table 2: Summary Statistics of Key Variables

(1) (2) (3)
N Mean S.D.

Panel A: MSA-Year Level
Domestic Homicides against Women 934 0.384 0.220
(per 100,000 population)
Domestic Homicides against Men 934 0.174 0.203
(per 100,000 population)
Medical Care Price 934 2.602 1.333

Panel B: State Level
Domestic Homicides against Women 50 0.353 0.174
(per 100,000 population)
Domestic Homicides against Men 50 0.101 0.069
(per 100,000 population)
Women’s Private Insurance Coverage 50 0.670 0.061
Health Insurance Premium Tax (%) 48 2.030 0.675

Notes: Panel A displays summary statistics for annual domestic homicide rates and medical

care price between 1976 and 2019 at the MSA level. Panel B presents summary statistics for

average domestic homicide rates, average women’s private insurance coverage, and premium

tax between 2017 and 2019 at the state level. For each variable, I report the observation, the

mean, and the standard deviation.
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Table 3: Summary Statistics

(1) (2) (3) (4)
Expansion States Nonexpansion States
Mean SD Mean SD

Panel A: Domestic Violence
Domestic Homicides against Women 3.33 3.61 3.83 3.44

Adult Women 3.28 3.54 3.76 3.37
Non-adult Women 0.05 0.24 0.07 0.32

Extensive Margin 0.81 0.39 0.85 0.35
Non-domestic Homicides against Women 7.00 6.50 7.90 6.57
Domestic Homicides against Men 0.76 1.04 1.15 1.28

Panel B: Other Outcome Variables
Women’s Dependent Coverage 0.39 0.05 0.34 0.05
Mental Illness 0.18 0.01 0.18 0.02
Serious Mental Illness 0.04 0.01 0.04 0.01

Panel C: Control Variables
Police Officers (per 100,000 Persons) 233.05 58.83 248.54 57.17
Female Unemployment rate 0.08 0.02 0.08 0.02
Male Unemployment rate 0.11 0.02 0.09 0.02
Female Income (in $1,000) 28.85 2.87 26.32 1.66
Male Income (in $1,000) 39.75 4.20 36.36 2.53

Notes: The above table presents population weighted means and standard deviations of base-

line variables, measured for 2009–2013, in states that expand Medicaid under the ACA and non-

expansion states, respectively. Extensive margin represents the monthly probability that at least

one domestic homicide against women occurs. Women’s dependent coverage is the rate of married

women have health insurance coverage, as a dependent, on employment-based health insurance.
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Table 4: OLS Estimates of the Effect of Medical Care Price on Domestic Homi-
cide Rate: Female Victims

Female Domestic Homicide Rate
(1) (2) (3) (4)

Medical Care Price 0.076*** 0.060*** 0.072*** 0.070**
(0.014) (0.015) (0.016) (0.035)

MSA- and Year-Fixed Effects YES YES YES YES
All Goods Price NO YES YES YES
Other Controls NO NO YES YES
MSA-Specific Time Trend NO NO NO YES
Observations 934 934 934 934

Notes: This table presents OLS estimates of the effect of medical care price on domestic

homicides against women per 100,000 population. Other controls include food price,

alcohol price, police employment by gender, female officer share, unemployment by

gender, personal income by gender, and population. Observations are weighted by

MSA population. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and

***, respectively.
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Fig. 3: Female Domestic Homicides and Insurance Coverage
Notes: The figure presents the correlation between average private insurance coverage
of women and average female domestic homicide rates between 2017 and 2019.
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Table 5: OLS Estimates of the Effect of Medical Care Price on Domestic Homi-
cide Rate: Male Victims

Male Domestic Homicide Rate
(1) (2) (3) (4)

Medical Care Price 0.077*** 0.006 0.016 0.011
(0.011) (0.012) (0.013) (0.024)

MSA- and Year-Fixed Effects YES YES YES YES
All Goods Price NO YES YES YES
Other Controls NO NO YES YES
MSA-Specific Time Trend NO NO NO YES
Observations 934 934 934 934

Notes: This table presents OLS estimates of the effect of medical care price on domes-

tic homicides against men per 100,000 population. Other controls include food price,

alcohol price, police employment by gender, female officer share, unemployment by

gender, personal income by gender, and population. Observations are weighted by

MSA population. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and

***, respectively.
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Fig. 4: Insurance Premium Tax and Insurance Coverage
Notes: The figure presents the correlation between insurance premium tax rates and
average private insurance coverage of women between 2017 and 2019.
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Table 6: OLS Estimates of the Effect of Women’s Private Insurance Coverage on
Domestic Homicides

Female Domestic Homicide Rate
(1) (2) (3)

Private Insurance -0.985*** -1.309*** -1.473***
(0.256) (0.193) (0.344)

Police Employment by Gender NO YES YES
Other Controls NO NO YES
Observations 50 50 50

Notes: This table presents OLS estimates of the effect of women’s private insurance cov-

erage rate on female domestic homicides. Other controls include female officer share,

unemployment by gender, personal income by gender, and population. Observations

are weighted by state population. Heteroskedasticity robust standard errors are re-

ported below point estimates.Significance at the 10%, 5%, and 1% levels is indicated by

*, **, and ***, respectively.

Table 7: Descriptive Statistics of Premium Insurance Tax

(1) (2) (3)
Mean Value

Private Female Number
Insurance Coverage Domestic Homicide of States

Premium Tax
Under 1% 0.71 0.26 4
1% to 2% 0.68 0.35 27
2% to 3% 0.65 0.39 12
Over 3% 0.58 0.40 5

Notes: This table presents the average rate of women’s private insurance coverage and

domestic homicides against women between 2017 and 2019 by ranges of state health pre-

mium tax rates.
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Table 8: Estimates from the Horse Race Analysis

Female Domestic Homicide Rate
(1) (2) (3)

Private Insurance -0.951*** -0.862***
(0.263) (0.288)

Premium Tax 0.056** 0.023
(0.027) (0.029)

Controls NO NO NO
Observations 48 48 48

Notes: This table presents estimates of the effect of women’s private insurance coverage

and health insurance premium tax on female domestic homicides across specifications.

Heteroskedasticity robust standard errors are reported below point estimates. Signifi-

cance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.

Fig. 5: Status of State Medicaid Expansion Decisions
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Table 9: Estimates of the Effect of Insurance Coverage on Female Domestic Homicides

(1) (2) (3) (4)
OLS Reduced Form First Stage IV Structure

Domestic Domestic Private Domestic
Homicides Homicides Insurance Homicides

Private Insurance -1.350*** -2.068***
(0.338) (0.662)

Premium Tax 0.066** -0.032***
(0.027) (0.011)

F-Statistic 18.14

Controls YES YES YES YES
Observations 48 48 48 48

Notes: This table displays the results from 2SLS, where the dependent variable is the average

female domestic homicide rate per 100,000 between 2017 and 2019, the endogenous regressor

is the average private insurance coverage for women between 2017 and 2019, and the instru-

mental variable used is insurance premium tax rate. Controls include police employment by

gender, female officer share, unemployment by gender, female officer share, personal income

by gender, and population. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and

***, respectively.
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Table 10: Estimates of the Effect of Insurance Coverage on Male Domestic Homicides

(1) (2) (3) (4)
OLS Reduced Form First Stage IV Structure

Domestic Domestic Private Domestic
Homicides Homicides Insurance Homicides

Private Insurance -0.117 -0.274
(0.124) (0.349)

Premium Tax 0.009 -0.032***
(0.012) (0.011)

F-Statistic 18.14

Controls YES YES YES YES
Observations 48 48 48 48

Notes: This table displays the results from 2SLS, where the dependent variable is the average

male domestic homicide rate per 100,000 population between 2017 and 2019, the endogenous

regressor is the average private insurance coverage for women between 2017 and 2019, and

the instrumental variable used is insurance premium tax rate. Controls include police employ-

ment by gender, female officer share, unemployment by gender, female officer share, personal

income by gender, and population. Significance at the 10%, 5%, and 1% levels is indicated by

*, **, and ***, respectively.
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Table 11: Estimates of the Effect of Insurance Coverage on Homicides against Women

(1) (2) (3) (4)
OLS Reduced Form First Stage IV Structure

Domestic Domestic Private Domestic
Homicides Homicides Insurance Homicides

Private Insurance -1.908 -2.438
(1.303) (2.169)

Premium Tax 0.030 -0.032***
(0.098) (0.011)

F-Statistic 18.14

Controls YES YES YES YES
Observations 48 48 48 48

Notes: This table displays the results from 2SLS, where the dependent variable is the aver-

age rate of homicides against women between 2017 and 2019, the endogenous regressor is the

average private insurance coverage for women between 2017 and 2019, and the instrumental

variable used is insurance premium tax rate. Controls include police employment by gender,

female officer share, unemployment by gender, female officer share, personal income by gen-

der, and population. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***,

respectively.
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Table 12: Estimates of the Effect of ACA Medicaid Expansion on Domestic Homi-
cides against Women

Female Domestic Homicides
(1) (2) (3) (4)

Medicaid Expansion -0.312* -0.323* -0.362* -0.548**
(0.180) (0.182) (0.197) (0.250)

State Fixed Effects YES YES YES YES
Year Fixed Effects YES NO NO NO
Month Fixed Effects YES NO NO NO
Year-Month Fixed Effects NO YES YES YES
Other Controls NO NO YES YES
State Trends NO NO NO YES
Observations 6,120 6,120 6,120 6,120

Notes: This table presents DiD estimates of the effect of ACA medicaid expansion on

domestic homicides against women. The dependent variable is the number of domestic

homicides against women in state s on a given month m. The variable Medicaid Expan-

sion denotes a dummy variable that takes the value one for the post-expansion period. All

regressions control for the log of population. Other controls include the log of police rate,

unemployment by gender, and income by gender at the state-year level. All SEs are clus-

tered at the state level and observations are weighted by state population. Significance at

the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Table 13: Estimates of the Effect of ACA Medicaid Expansion on Domestic Homi-
cides: Female Victims Aged 18 and above

Female Domestic Homicides
(1) (2) (3) (4)

Medicaid Expansion -0.294* -0.306* -0.343* -0.519**
(0.165) (0.168) (0.183) (0.239)

State Fixed Effects YES YES YES YES
Year Fixed Effects YES NO NO NO
Month Fixed Effects YES NO NO NO
Year-Month Fixed Effects NO YES YES YES
Other Controls NO NO YES YES
State Trends NO NO NO YES
Observations 6,120 6,120 6,120 6,120

Notes: This table presents DiD estimates of the effect of ACA medicaid expansion on do-

mestic homicides against women aged 18 and over. The dependent variable is the number

of domestic homicides against women in state s on a given monthm. All regressions con-

trol for the log of population. Other controls include the log of police rate, unemployment

by gender, and income by gender at the state-year level. All SEs are clustered at the state

level and observations are weighted by state population. Significance at the 10%, 5%, and

1% levels is indicated by *, **, and ***, respectively.
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Table 14: Estimates of the Effect of ACA Medicaid Expansion on Domestic Homi-
cides: Female Victims Aged under 18

Female Domestic Homicides
(1) (2) (3) (4)

Medicaid Expansion -0.018 -0.018 -0.019 -0.029
(0.024) (0.025) (0.023) (0.019)

State Fixed Effects YES YES YES YES
Year Fixed Effects YES NO NO NO
Month Fixed Effects YES NO NO NO
Year-Month Fixed Effects NO YES YES YES
Other Controls NO NO YES YES
State Trends NO NO NO YES
Observations 6,120 6,120 6,120 6,120

Notes: This table presents DiD estimates of the effect of ACA medicaid expansion on

domestic homicides against women. The dependent variable is the number of domestic

homicides against women aged under 18 in state s on a given month m. All regressions

control for the log of population. Other controls include the log of police rate, unemploy-

ment by gender, and income by gender at the state-year level. All SEs are clustered at the

state level and observations are weighted by state population. Significance at the 10%,

5%, and 1% levels is indicated by *, **, and ***, respectively.
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Fig. 6: Event Study Analysis for Domestic Homicides
Notes: The figure presents the event-study plots of the effect of the ACAMedicaid expan-
sion on domestic homicides against women following Sun and Abraham (2021). Stan-
dard errors are clustered at the state level and observations are weighted by state popula-
tion. The dotted vertical line represents the time of treatment. Bands indicate 90 percent
confidence intervals.

Table A4.1: Estimates of the Effect of Premium Tax on Public Insurance Coverage

Medicaid Medicare
(1) (2) (3) (4)

Premium Tax 0.016 0.017 -0.003 -0.003
(0.013) (0.013) (0.006) (0.005)

Controls NO YES NO YES
Observations 48 48 48 48

Notes: This table presents estimates of the effect of premium tax on Medicaid and Medi-

care coverage rates for women. Controls include police employment by gender, female

officer share, unemployment by gender, personal income by gender, and population. Het-

eroskedasticity robust standard errors are reported below point estimates. Significance at

the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively.
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Fig. 7: Event Study Analysis for Domestic Homicides: Female Victims Aged 18
and Over

Notes: The figure presents the event-study plots of the effect of the ACA Medicaid ex-
pansion on domestic homicides against women aged 18 and over, following Sun and
Abraham (2021). Standard errors are clustered at the state level and observations are
weighted by state population. The dotted vertical line represents the time of treatment.
Bands indicate 90 percent confidence intervals.
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Fig. 8: Event Study Analysis for Domestic Homicides: Female Victims Aged
Under 18

Notes: The figure presents the event-study plots of the effect of the ACAMedicaid expan-
sion on domestic homicides against women aged under 18, following Sun and Abraham
(2021). Standard errors are clustered at the state level and observations are weighted by
state population. The dotted vertical line represents the time of treatment. Bands indicate
90 percent confidence intervals.
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Fig. 9: Event Study Analysis for Domestic Homicides: Extensive Margin
Notes: The figure presents the event-study plots of the effect of the ACA Medicaid ex-
pansion on the probability of at least one domestic homicide against women occurring,
following Sun and Abraham (2021). Standard errors are clustered at the state level and
observations are weighted by state population. The dotted vertical line represents the
time of treatment. Bands indicate 90 percent confidence intervals.
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Fig. 10: Distribution of Placebo Estimates
Notes: The figure presents the results of randomising the treatment across states with one
thousand permutations. The red vertical line represents the estimated coefficient in my
main specification.
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Fig. 11: Event Study Analysis for the Effect of Medicaid Expansion on Women’s
Dependent Coverage

Notes: The figure presents the event-study plots of the effect of the ACA Medicaid ex-
pansion on rates of married women with dependent coverage on employment-based in-
surance at the state-year level, following Sun and Abraham (2021). Standard errors are
clustered at the state level and observations are weighted by state population. The dot-
ted vertical line represents the time of treatment. Bands indicate 90 percent confidence
intervals.
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Fig. 12: Event Study Analysis for the Effect of Medicaid Expansion on Female
Unemployment

Notes: The figure presents the event-study plots of the effect of the ACAMedicaid expan-
sion onunemployment rates ofwomen at the state-year level, following Sun andAbraham
(2021). Standard errors are clustered at the state level and observations are weighted by
state population. The dotted vertical line represents the time of treatment. Bands indicate
90 percent confidence intervals.
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Fig. 13: Event Study Analysis for the Effect of Medicaid Expansion on Domestic
Homicides: Above Median Decrease in Dependent Coverage

Notes: The figure presents the event-study plots of the effect of the ACAMedicaid expan-
sion in states with above median decrease in women’s dependent coverage on domestic
homicides against women, following Sun and Abraham (2021). Standard errors are clus-
tered at the state level and observations are weighted by state population. The dotted
vertical line represents the time of treatment. Bands indicate 90 percent confidence inter-
vals.
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Fig. 14: Event Study Analysis for the Effect of Medicaid Expansion on Domestic
Homicides: Below Median Decrease in Dependent Coverage

Notes: The figure presents the event-study plots of the effect of the ACAMedicaid expan-
sion in states with below median decrease in women’s dependent coverage on domestic
homicides against women, following Sun and Abraham (2021). Standard errors are clus-
tered at the state level and observations are weighted by state population. The dotted
vertical line represents the time of treatment. Bands indicate 90 percent confidence inter-
vals.
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Fig. 15: Heterogeneity by Policing
Notes: The figure presents effects ofMedicaid expansion on domestic homicides for all fe-
male victims, female victims aged 18 and over, female victims under 18, all at a low level
of policing (the twenty-fifth percentile: 189 officers per 100,000 persons) and at a high
level of policing (the seventy-fifth percentile: 256 officers per 100,000 persons), respec-
tively. Bands indicate 90 percent confidence intervals. The p-value toward the bottom of
the figure is the p-value of a test of the null hypothesis that the low police rate/high police
rate effects are equal to one another.
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Fig. 16: Event Study Analysis for the Effect of Medicaid Expansion on Prevalence
of Mental Illness

Notes: The figure presents the event-study plots of the effect of the ACAMedicaid expan-
sion on the prevalence ofmental illness among adults at the state-year level, following Sun
andAbraham (2021). Standard errors are clustered at the state level and observations are
weighted by state population. The dotted vertical line represents the time of treatment.
Bands indicate 90 percent confidence intervals.
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Fig. 17: Event Study Analysis for the Effect of Medicaid Expansion on Prevalence
of Serious Mental Illness

Notes: The figure presents the event-study plots of the effect of the ACA Medicaid ex-
pansion on the prevalence of serious mental illness among adults at the state-year level,
following Sun and Abraham (2021). Standard errors are clustered at the state level and
observations are weighted by state population. The dotted vertical line represents the
time of treatment. Bands indicate 90 percent confidence intervals.
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Fig. 18: Event Study Analysis for the Effect of Medicaid Expansion on
Non-Domestic Homicides against Women

Notes: The figure presents the event-study plots of the effect of the ACA Medicaid ex-
pansion on non-domestic homicides against women at the state-year level, following Sun
andAbraham (2021). Standard errors are clustered at the state level and observations are
weighted by state population. The dotted vertical line represents the time of treatment.
Bands indicate 90 percent confidence intervals.
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Table A4.2: Estimates of the Effect of Premium Tax on Women’s Economic Wel-
fare

Female Unemployment Female Income
(1) (2) (3) (4)

Premium Tax 0.002 0.003 507.171 1,375.429
(0.003) (0.002) (1287.493) (855.187)

Controls NO YES NO YES
Observations 48 48 48 48

Notes: This table presents estimates of the effect of premium tax on women’s labour

force participation andwomen’s income. In the first two columns the dependent variable

is female unemployment rate, while in the last two columns the dependent variable is

mean income of women. The same set of controls are used as themain specificationwith

the outcome variable omitted from them. Heteroskedasticity robust standard errors are

reported below point estimates. Significance at the 10%, 5%, and 1% levels is indicated

by *, **, and ***, respectively.

Table A4.3: Distribution of Primary Source of Payment for Medical Care Re-
sulting from Domestic Violence against Women

(1) (2)
Rape Victims Physical Assault Victims
(Percent Paid) (Percent Paid)

Payer
Private Insurance 45.8 48.3
Out of Pocket 29.2 28.6
Medicaid 12.5 11.0
Medicare N/A 3.0
Other Public Sources 10.4 6.1
Free Clinics 2.1 1.8
Some Other Source N/A 1.2
Total 100.0 100.0

Source: Centers for Disease Control (2003).
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Table A4.4: Estimates of the Effect of ACA Medicaid Expansion on Domestic Homi-
cides against Men

Male Domestic Homicides
(1) (2) (3) (4)

Medicaid Expansion 0.023 0.021 0.018 0.095
(0.059) (0.060) (0.063) (0.140)

State Fixed Effects YES YES YES YES
Year Fixed Effects YES NO NO NO
Month Fixed Effects YES NO NO NO
Year-Month Fixed Effects NO YES YES YES
Other Controls NO NO YES YES
State Trends NO NO NO YES
Observations 6,120 6,120 6,120 6,120

Notes: This table presents DiD estimates of the effect of ACA medicaid expansion on do-

mestic homicides against men. The dependent variable is the number of domestic homi-

cides against men in state s on a given month m. The variable Medicaid Expansion denotes

a dummy variable that takes the value one for the post-expansion period. All regressions

control for the log of population. Other controls include the log of police rate, unemploy-

ment by gender, and income by gender at the state-year level. All SEs are clustered at the

state level and observations are weighted by state population. Significance at the 10%, 5%,

and 1% levels is indicated by *, **, and ***, respectively.
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Fig. 19: Event Study Analysis for Domestic Homicides
Notes: The figure presents the event-study plots of the effect of the ACA Medicaid expan-
sion on domestic homicides against women, applying the two-way fixed effects event study
method. Standard errors are clustered at the state level and observations are weighted by
state population. The dotted vertical line represents the time of treatment. Bands indicate
90 percent confidence intervals.
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Fig. 20: Event Study Analysis for Domestic Homicides: Female Victims Aged 18
and Over

Notes: The figure presents the event-study plots of the effect of theACAMedicaid expansion
on domestic homicides against women aged 18 and over, applying the two-way fixed effects
event study method. Standard errors are clustered at the state level and observations are
weighted by state population. The dotted vertical line represents the time of treatment.
Bands indicate 90 percent confidence intervals.
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Fig. 21: Event Study Analysis for Domestic Homicides: Female Victims Aged
Under 18

Notes: The figure presents the event-study plots of the effect of theACAMedicaid expansion
on domestic homicides against women aged under 18, applying the two-way fixed effects
event study method. Standard errors are clustered at the state level and observations are
weighted by state population. The dotted vertical line represents the time of treatment.
Bands indicate 90 percent confidence intervals.
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CHAPTER 5

Punishment and Crime: Evidence from
the US Theft Law

Abstract: This study examines the effect of the felony theft thresholds in the U.S.
on crime reporting, police performance, and crime incidence. Along these three
key dimensions, I find that the felony theft thresholds matter for crime reporting
and raising the thresholds weakens the deterrent effect of criminal justice system.
Crime victimization data show that offences with theft values above the arbitrary
thresholds aremore likely to be reported to the police by the victims. These findings
survive various robustness checks under different specifications. Furthermore, I
find that raising the felony theft thresholds decreases clearance rates of theft and
increases theft incidence. These results are consistent with a decrease of deterrence
following reduced punishment.

5.1 Introduction

The extent to which criminals respond to changing sanctions is a key pillar of the
economic approach to studying criminality. The impact of punishment, as first for-
mally modeled by Becker (1968), reveals a gamble undertaken by a rational crim-
inal weighing up the expected sanction of illegal activity against the benefits. The
existing literature has offered support in favor of the crime deterrence effects of the
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criminal justice system including harsher sanctions and more intensive policing.1

However, little is known about the responsiveness of victims to changes in pun-
ishment regimes—that is, whether sanctionsmatter for crime reporting. It is impor-
tant both in terms of achieving justice for victims and deterring potential crime.2

In the case of theft (which is the most common crime in the US) around 70 per-
cent of the cases were not reported from 2006 to 2010. Of these, over a third (35
percent) went unreported because the victim believed that the police could not do
anything, suggesting gaps in the provision of criminal justice services (Bureau of
Justice Statistics, 2012). As Lehman (2022) notes in his article: “stores have learned
that their [shoplifting] complaints won’t be answered [by the police], so they don’t
report the crimes.”

In this article, I present the first causal evidence on the effect of the severity of
punishment on crime reporting and examine police performance and crime inci-
dence outcomes. To accomplish this, I first use a regression discontinuity (RD)
design, exploiting the theft law that discontinuously raised the probability of re-
porting by victims who experience an offence with theft value above an arbitrary
threshold. For example, in Missouri, stealing property valued at $750 or more is
considered a felony, while larceny of less than $750 is considered a misdemeanor.3

The theft felony threshold is attractive froma research perspective due to its sim-
plicity, which causes victims to expect abruptly different police efforts and prob-
ability of recovery of losses depending on the theft value. This is conceptually
distinct from the question of whether more police efforts can increase deterrence,

1These studies have shown how sanction regimes and incarceration can discourage further crim-
inal behavior (Helland and Tabarrok, 2007; Bell et al., 2014; Owens, 2009; Buonanno and Raphael,
2013; Barbarino and Mastrobuoni, 2014; Bhuller et al., 2020) and that an increase in policing lowers
crime (Di Tella and Schargrodsky, 2004; Draca et al., 2011; Chalfin and McCrary, 2018; Blesse and
Diegmann, 2022). The large literature on punishment and crime is reviewed by Chalfin and Mc-
Crary (2017) and Doleac (2020). On the other hand, recent studies have suggested that a criminal
conviction has negative labor market effects and leads to an increase in reoffending rates (Mueller-
Smith and Schnepel, 2021; Agan et al., 2021; Dobbie et al., 2018; Mueller-Smith, 2015).

2Also, law enforcement and community resources may be misallocated due to a lack of accurate
information about local crime problems (Bureau of Justice Statistics, 2012).

3The theft felony threshold does not apply to recidivism in most states. However, it is not a
concern here, as most victims of property crimes do not know the offenders whenmaking decisions
on crime reporting (Catalano, 2010).
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because perceived victim-specific efforts—the probability of reporting itself deter
crime (Goldberg and Nold, 1980).

To conduct the analysis, I use the victimization survey that provides unique data
on theft values and crime reporting. An obvious concern is that victims may find
difficult in estimating the fair market value of property stolen, which is the premise
for theft felony threshold to play a role. It is a probable reason why evidence on
the causal effects of the punitiveness of sanctions for thieves is scarce. I overcome
this challenge by focusing on cash-only theft in which the face value of stolen cash
is generally its market value.

The regression discontinuity estimate indicates a sanction-reporting elasticity:
the threshold rule causes thefts with value just above the felony threshold to be
around 14 percentage points more likely to be reported. This estimate is economi-
cally important, when compared to mean reporting of 14 percentage points in my
RD sample. In addition, I conduct a falsification test that the theft felony threshold
does not affect reporting of other property crime including robbery and burglary.
As such, it is unlikely that my analysis is biased by some unobserved shock con-
temporaneous with the discontinuous changes in felony eligibility. These results
are robust to different controls, alternative bandwidth, and higher polynomials.

Second, leveraging a dynamic difference-in-differences design, I exploit vari-
ation in the location and timing of increasing theft felony threshold to compare
changes in police performance and crime incidence among states that implement
new threshold to states that keep threshold unchanged. To estimate these effects,
I employ data on crime clearance rates4 and recorded crime counts. I find that the
clearance rates of theft offences decrease significant by 2 percent one year after rais-
ing the theft threshold, and the effect persists for seven years. This result is consis-
tent with the finding for crime reporting presented above, showing the important
influence of the sanction regime on police action.

I find considerable evidence that a change in theft threshold policy affects theft
incidence. Specifically, the introduction of higher felony theft thresholds brings

4Clearance rates have been used as proxy for police performance (McCrary, 2007).

217



5. PUNISHMENT AND CRIME: EVIDENCE FROM THE US THEFT LAW

about a mean increase in theft counts by 7 percent per year. In other words, this
outcome suggests a significant elasticity of crime with respect to the felony thresh-
old value of 0.05, given that the value of threshold grows by 135 percent on average
over the period. These results likely understate the effect, because underreporting
of crime could be reinforced or amplified after downgrading felonies. Therefore,
my estimates provide important insight into the negative consequences of reducing
sanctions on public safety.

This paper closely relates to studies examining the impact of felony theft thresh-
olds on crime. While each of them uses data from the United States, the findings
aremixed.5 Jackson (2020) presents results for a sample of 22 states suggesting that
raising thresholds has no impact in thefts in the short run, while it decreases thefts
in the long run. Barati (2019) and Bartos and Kubrin (2018) conduct case studies of
Arkansas and California, respectively. The former finds that increasing thresholds
results in more crime, whereas the latter reports no detectable effects of changing
thresholds.

There are two possible reasons why no consensus has emerged. First, these
studies draw inferences without considering changes in crime reporting. As men-
tioned before, lesser punishments could lead to reduced crime reporting. There-
fore, ignoring the effect of the harshness of the punishment on crime reporting is
making it difficult to interpret the results. In Jackson (2020), for instance, the esti-
mated effect may be interpreted as reflecting a decline in crime incidents reported
to police. Second, the estimation samples in case studies are small, which poten-
tially causes concerns about the generalizability of the findings.

In broader term, this paper contributes to the economics of crime literature on
punishment and economic incentives. Much of this literature considers the effects
of punishment severity on criminal behavior or labor market outcomes (Chalfin
and McCrary, 2017; Doleac, 2020; Bhuller et al., 2020). Additionally, there are a
handful of studies focusing on the cash flow or return generated by a criminal

5There is also one report showing no correlations between changing felony theft thresholds and
crime Trusts (2017).
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project and finding that if the value of loot from crime rises, thus enhancing the
crime return, then the returns from crime go up, which raises crime on the margin
(Draca et al., 2019; Draca and Machin, 2015).

Finally, this article builds on a large literature across the social sciences explor-
ing causes of underreporting of crime. The factors include the cost of loss (Clarke
and Harris, 1992), the probability of recovery of loss (Goldberg and Nold, 1980),
lack of confidence in criminal justice system (Boateng, 2018), unemployment (Mac-
Donald, 2001), insurance coverage (MacDonald, 2002), cultural beliefs (Njuki et al.,
2012), and fear of retaliation (World Health Organization, 2005; Kishor and John-
son, 2005).

The remainder of the paper proceeds as follows. Section 2 provides a descrip-
tion of the felony theft thresholds. Section 3 presents the hypothesized effects. Sec-
tion 4 describes the data construction. Section 5 conducts the analysis of the felony
theft thresholds and crime reporting. Section 6 presents the analysis of the effect
of raising such thresholds on police performance and crime incidence. Section 7
concludes.

5.2 Background

The basics of the U.S. larceny law, including the distinction of larceny from other
types of theft and the division between felony and misdemeanor larceny, were de-
veloped before the American Revolution (Rice, 2017). In the face of substantial
prison costs, particularly for the past decades, many states have started to raise
their thresholds for felony theft, which is a dividing line between felony and mis-
demeanor theft based on the theft value. For example, in Alabama, the requisite
amount for enhancement to a felony was $250, while this amount was changed to
$500 in 2003. There is a general provision relating to the valuation of property that
defines value as market value or the cost to the victim of replacing the property.

However, these thresholds are not to be applied on all theft incidents. Some
kinds of property are usually protected by felony theft penalties without reference
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to the value of the property stolen such as automobiles and other motor vehicles,
airplanes, and firearms. Moreover, since the person who commits misdemeanor
theft following a prior felony or theft has shown sufficient evidence of criminal-
ity, sentencing recidivists does not comply with the threshold rules at all (Culver,
1969).

Felonies commonly differs from misdemeanors by the length of prison sen-
tence.6 Bureau of Justice Statistics (1987) provides definitions for them: a felony
is a crime punishable by death, by imprisonment for life, or by imprisonment for
more than 12 months, while a misdemeanor is a crime punishable by imprison-
ment for a maximum period of 12 months. Actually, for misdemeanor incidents,
prosecutors have a great degree of flexibility in deciding how to punish offenders,
and what kinds of plea bargains to negotiate.

Misdemeanors are typically dismissed as low-level events that do not deserve
the attention or due process accorded to felonies (Natapoff, 2011). For instance,
according to Agan et al. (2021), 21% of nonviolent misdemeanor cases are not pros-
ecuted; the remaining 79% are prosecuted. 74% of nonviolent misdemeanor cases
that are prosecuted are eventually disposed of without criminal convictions in Suf-
folk county.

5.3 Hypothesized Effects

I present my main hypotheses for the effects of felony theft thresholds on crime
based on Becker (1968) and Goldberg and Nold (1980) that considers the behav-
ior of three agents relevant to a crime situation: criminals, victims, and police, as
shown in Figure 1. Given that changes in behavior of the police would have impact
on behavior of both victims and criminals, I focus on the potential effects of felony
thresholds on police behavior at first.

6Some states also specify imprisonment in the state prison for felonies (Bureau of Justice Statis-
tics, 1987).
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5.3.1 Police

I simply view that the goal of the police service is to maintain order and save prop-
erty by bringing criminals to justice and preventing crime. As in Benson et al.
(1998), due to competing demands for scarce police resources, police have to decide
how best to allocate the resources across crime cases to achieve the goal. In this cal-
culus, police would invest more in cases that they value higher and consider more
serious. As a consequence, the probability of bringing criminals in justice and the
recovery of losses for a given theft would depend on its severity. Lee and McCrary
(2017) also highlight that it is plausible that law enforcement may exercise discre-
tion in formally investigating a case, based on its severity.

In what way do felony theft thresholds affect police action? The legal system
devalues misdemeanor convictions.7 Police typically treat misdemeanors as unim-
portant relative to felonies, and misdemeanors often do not trigger jail time (Nat-
apoff, 2015). If a state raises the felony threshold, which would result in many
felony-eligible thefts being reduced to misdemeanors, then more thefts could be
taken less seriously by police and the overall clearance rate of thefts may decrease.

5.3.2 Victims

One the one hand, victims would benefit from reporting if offenders are punished
and losses of victims are recovered. On the other hand, reporting involves oppor-
tunity time costs, which may be appreciable, as reporting often has to be done in
person and in some cases may involve police visits.

In what way do felony theft thresholds affect crime reporting? As presented
above, police are more likely to investigate the felony cases and recover losses for
felony theft victims. Accordingly, for felonies, the benefit from reporting would
be higher and more reporting would be expected. In the same vein, a marginal
decline in punishment severity may induce police to be less responsive to more
theft incidents, further discourage reporting. In addition, reduced sanctions may

7It does so explicitly by labeling them “petty” and implicitly by withholding public resources
from the vast misdemeanor process (Natapoff, 2011).
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have unfavourable impact in people’s confidence in criminal justice institutions,
which could lead to greater underreporting of crimes regardless of the economic
benefits or costs from reporting (Boateng, 2018).

5.3.3 Criminals

Criminals make the decision whether to commit a crime by weighing up the ex-
pected sanction against the benefits. Thefts yield payoff, which is the value of stolen
property in case of thefts. There would be costs that are imposed on thieves, if they
are arrested and brought in justice.

In what way do felony theft thresholds affect the behavior of criminals? As
described above, in comparison to misdemeanor thefts, felony thefts are associated
with more reporting and greater police responsiveness, while they yield higher
returns. In this regard, the directional effect of felony theft thresholds on crime is
ambiguous. Nevertheless, because raising felony theft thresholds would decrease
the responsiveness of police and drive reporting down, potential criminals would
only see an increase in the expected benefits of their crime, and tend to commit a
crime.

Overall, felony theft thresholds could affect police action and crime reporting
via signalling the severity of the crime. While conversely, it is an open question
whether or not discontinuities exist across the felony thresholds. In terms of the
shift of the sanctions discontinuity, a decline in law and order would be expected
due to reduced deterrence following an increase in the an arbitrary amount of the
felony theft threshold.

5.4 Data

5.4.1 Crime Victimization Survey

Data on crime reporting are obtained from the Bureau of Justice Statistics’ (BJS)
National CrimeVictimization Survey (NCVS),which is the nation’s primary source
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of information on criminal victimization. I use the extract file created from the
NCVS for a sample of Metropolitan Statistical Areas (MSAs) from 1970s through
2000s.8 This survey contains select household, person, and incident variables for
crime victims. In case of theft, it includes information on stolen item(s) and the
value of stolen item(s). Considering the potential concern about misvaluation of
item(s) by victims, my main analysis focuses on cash-only thefts.

The outcome, crime reporting, is measured by an indicator variable of whether
or not the crime was reported to the police. I also extract information on victim
and incident characteristics such as gender, race, Hispanic origin, education attain-
ment, household income, incident places, knowledge of offenders, and number of
offenders.

5.4.2 Uniform Crime Reports

The data source for the state-year police performance and official records of thefts
is the FBI’s UniformCrime Reporting (UCR) System, which is the nation’s primary
source for them. Following McCrary (2007), I use clearance rates that are defined
as the number of crimes cleared by arrest over total crimes, as proxy for police
performance.9 Theft measures reflect the total count of thefts known to police to
have occurred during the calendar year.

The UCR contains data for theft exclusive of motor vehicle theft, and motor
vehicle theft, separately. Given that motor vehicle thefts are felonies regardless
of the value, thefts represent theft offences exclusive of motor vehicle theft in my
analysis. To conduct the placebo test, I also collect data on clearance and crime
measures for other types of crime excluding theft. In doing so, I am able to examine
whether changing felony theft threshold affects thefts exclusively.

8Since there are several MSAs covering counties in different states, I match them to state felony
threshold data based on the core county with the largest population. My results are robust to ex-
clusion of these MSAs.

9In the UCR Program, a law enforcement agency reports that an offense is cleared by arrest,
when three specific conditions have been met: (a)arrested; (b)charged with the commission of the
offense; (c)turned over to the court for prosecution (whether following arrest, court summons, or
police notice) (Federal Bureau of Investigation, 2020).
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5.4.3 Felony Theft Thresholds

I obtain data on the value of felony theft thresholds between 1979 to 2004 from the
state legislature archives to match crime victimization data.10 The corresponding
thresholds for 19 states are used to match the NCVS sample. Although each state
specifies a dollar figure for the division of felony and misdemeanor thefts that is
an arbitrary amount, the felony threshold may not be the same value as the laws
require that the value of a felony theft must exceed such a figure in some states. For
example, a theft of property of the value ofmore than $200 is a felony inNew Jersey.
For those states, I use the dollar figures plus 0.0001 as the felony theft thresholds.11

Figure 2 shows the distribution of the thresholds in 1979 and 2004, respectively.
To conduct analysis on crime clearance and records, I collect additional data on

the timing of raising felony theft thresholds for 51 states from Trusts (2017), which
are available from 2001 to 2016 and matched to the UCR data.

I supplement my analysis with additional data on police employment informa-
tion come from the Law Enforcement Officers Killed or Assaulted (LEOKA) collec-
tion. To take account of other social-economic characteristics, I also collect data on
population, race, education, income per capita and unemployment rate from the
U.S. Census.

5.5 Analysis of Crime Reporting

I obtain causal identification from the law by which a theft offence is eligible for
a felony conviction. As previously discussed, a theft is eligible for felony with the
theft value greater than the felony threshold. While crime reporting may be influ-
enced by characteristics of victims and incidents, these factors do not change dis-
continuously at the thresholds. As long as the eligibility rule is considered to any
degree, the likelihood of treatment will discontinuously increase at the threshold,

10There are 21 states in the NCVS sample. As information on thresholds is not available, Oregon
and District of Columbia are excluded in the analysis.

11In the case of New Jersey, the threshold is $200.0001. The results are robust to using 0.1, 0.01, or
0.001.
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making it possible to estimate the effect of the severity of punishment on crime
reporting using a fuzzy regression discontinuity design. I pool victims of theft
according to the felony thresholds that are applied in each state, so the running
variable is the theft value minus the treatment threshold. Victims could find it dif-
ficult to evaluate the fair market value of stolen property, so I limit the sample to
cash-only thefts.

5.5.1 Regression Discontinuity Specification

Before examining the plausibility of the RD identifying assumptions in detail, I
specify the regression model. If I have data for actual felony sentence ideally, I am
able to estimate the effect of felony sentence by using a fuzzy RD design. The basic
idea behind the RD method is that the felony sentence is determined at least partly
by the value of a forcing variable, which is theft value, being on either side of a fixed
felony threshold. Nevertheless, the probability of felony sentence does not change
from zero to one at the felony threshold, because factors other than the threshold
rule affect the felony sentence, such as criminal records and stringency of judge.
As in Lee and Lemieux (2010), since there is imperfect compliance of the threshold
rule, the RD gap can no longer be interpreted as an average treatment effect (ATE).

Therefore, if I have data for actual felony sentence ideally, the estimated effect
is a local average treatment effect (LATE), that is, it is the effect for those thefts
with the theft value reaching the felony threshold. Three equations are presented
to explain the interpretation:

Reportingist = α1Felonyist + g(V alueist, µ) + α2Xist + us + ρt + εist (1)

Felonyist = θ1Cutoffist + f(V alueist, λ) + θ2Xist + ηs + qt + νist (2)

Reportingist = β1Cutoffist + h(V alueist, σ) + β2Xist + ws + ιt + υist (3)

Where in equation (1), Reportingist is an indicator equal to 1 if crime i is re-
ported to police in state s in year t. Felonyist is an indicator denoting felony sen-
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tence. V alueist represents the value of cash stolen and g(V alueist, µ) is a polynomial
in theft value. Xist is a set of controls for victim and incident characteristics, which
is not necessary for identification but improve the efficiency of the estimation. us

and ρt are state and year fixed effects, respectively, and εist is the error term. α1

estimates the effect of felony on crime reporting.
Where in equation (2), Cutoffist is an indicator of whether the value of cash

stolen exceeds the felony threshold, and f(V alueist, λ) is a theft value polynomial.
θ1 estimates the effect of being above felony threshold on felony sentence. Com-
bining equation (1) and (2) gives the reduced form equation (3). Because I do not
have data for actual felony sentence, Felonyist, I cannot estimate α1 in the equation
(1), which is the effect of felony sentence. I am, on the other hand, estimating β1 in
the equation (3), that is the effect of being above the felony theft value threshold
by using a sharp RD design. Thus, my sharp RD estimates can be interpreted as
an average treatment effect weighted by the probability of being close to the felony
theft value threshold.

Following Imbens and Lemieux (2008) and Gelman and Imbens (2019), my
primary specification uses local linear regression within a given bandwidth of the
treatment threshold, and controls for the running variable (the amount of stolen
cash) on either side of the threshold. The optimal bandwidth according to the
method of Calonico et al. (2014) is $304. Results are strikingly similar with differ-
ent controls, a rectangular kernel, or alternate bandwidths.12

Identification requires that relevant factors besides treatment vary smoothly at
the threshold between a felony and misdemeanor. This assumption is needed for
thefts with cash values just below the threshold to be appropriate counterfactual
for those with cash values just above the threshold. To assess the plausibility of
the identifying assumptions, Table 1 examines whether victim and incident char-
acteristics are balanced across the felony theft threshold. Columns 1 reports the
regression discontinuity estimates, following the main estimating equation, of the

12Gelman and Imbens (2019) suggest that high-order polynomials should not be used in RD de-
sign, I report the main results by using linear RD polynomials. Nevertheless, my results shown in
Appendix Table A5.1 are robust to higher polynomials.
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effect of being above the felony threshold on these characteristics. Column 2 shows
the clustered standard errors at the state level in parentheses. Column 3 is the p-
value for a RD estimate. I find that the estimates are statistically identical to zero,
suggesting that victim and incident characteristics are continuous at the treatment
threshold. Also I present the graphical version of the balance test and Appendix
Figures A5.7.1 to 6 shows analogous RD plots for each characteristic.

Identification also requires the absence of selective sorting around the felony
and misdemeanor threshold. This assumption would be violated, for example, if
thieves choose to bunch just below the cutoff that would later affect crime report-
ing. To formally test for sorting, I implement the McCrary test McCrary (2008).
Figure 3 shows that the density of the stolen cash distribution is continuous across
the threshold.

The absence of selective sorting is also plausible, which can be explained by
two factors. The first is that the availability of property is a key determinant of the
values of stolen property. The extensive literature has shown that the increase in the
availability of items leads to an increase in the theft rate of those items (Copes, 1999;
Mansfield et al., 1974; Gould, 1969). The second factor builds on the importance
of costs of adjusting to the cutoff. The criminals could face high adjustment costs
when bunching below the cutoff. Specifically, extra time and efforts are necessary
for a theft to steal the property with the selected value, which thereby could draw
victim’s attention to the ongoing incident and increase the risk of apprehension.
This is analogous to the findings in Jacobs and Cherbonneau (2014) and Copes
(1999) that thieves try to minimize the risk by stealing something that was not too
noticeable and having a convenient way to remove the object.13

13This stands in contrast to the finding in Lepage (2020) that offenders respond by bunching to the
left of the drug sentencing threshold, as the adjustment costs for offenders carrying the quantities
of drug just below the threshold rather than just above the threshold are relatively low.
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5.5.2 Main Results

I examine the effect of having the theft value over the felony threshold on crime re-
porting propensities. As such, this approach answers a fundamental policy ques-
tion: Does the sanction regime matter for crime reporting? Table 2 presents the
estimated effect of stealing cash with the amount over the felony threshold. Col-
umn 1 reports the RD estimate without controls and the coefficient is statistically
significant at the 1 percent level. It suggests that stealing cashwith the amount over
the felony threshold increases reporting by 14 percentage points, which is a sizable
increase in reporting when considered in absolute terms or relative to average re-
porting rates (14%). Columns 2 and 3 report results with victim characteristics
controls and with all controls, respectively. Through the different specifications,
the coefficients remain statistically significant, strongly implying that the estimated
effect is thus quite insensitive to the inclusion of control variables.

Figure 4 plots means of reporting rates in bins and predicted reporting rates
according to Calonico et al. (2014) highlights the stark changes in crime reporting
which occur at the felony threshold. The black lines represent the fitted regres-
sions. There is a notable jump in reporting at the threshold, which is very close to
the table point estimates in Table 2. Table 3 presents estimates using the main esti-
mating equation at various bandwidths. The estimates are very robust to different
bandwidth choices.

Although the density test shows that the theft value distribution is continuous
at the felony threshold, I conduct a “donut” RD test that ignores data close to the
threshold to further verifies that my estimates are not driven by nonrandom sorting
(Barreca et al., 2011; Bharadwaj et al., 2013; Card and Giuliano, 2014). In doing so,
I keep comparing the mean estimates because they approach the theft threshold
from each side, while allowing for the possibility that those at the heap are system-
atically different from surrounding observations. In Table 4 I exclude observations
within $1, $10, $50, and $100 of the felony threshold, respectively. The estimates
show that the reporting effect remains in place and are not sensitive to the obser-
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vations at the threshold.
It is natural to worry about whether rounding up (or down) of the stolen cash

value may influence my results. To deal with rounding in this context, I exam-
ine the sensitivity of my results when taking account into multiples of $5 and $10.
Columns 1 to 3 of Table 5 presents the corresponding estimates when controlling
for multiples of $5, multiples of $10, and both, respectively. The results are quite
stable when including additional controls for rounding values.

Furthermore, I perform a placebo exercise where I replace the indicator of theft
reporting with that of other property crime reporting. Since burglary and robbery
are felonies regardless of the value, I would expect that crossing the felony thresh-
old does not influence reporting of them. Table 6 shows the corresponding results.
I do not find any meaningful discontinuities in reporting for other property crime
in the placebo exercise.

By and large, victims do respond to the sanction discontinuity and are more
likely to report the incident to police when experiencing a more severe crime. The
substantial increase in reporting is initial evidence that the increase in punishments
and sanctions at the thresholds is effective in strengthening deterrence. Moreover,
these results imply that the estimates of the deterrent effect of harsher sanctions in
the literature could be a lower bound of the true effect, as harsher sanctions cause
more victims to come forward to report the crime.

5.5.3 Placebo Thresholds

In this section, I perform tests for jumps at non-discontinuity points. Following
the recommendations of Imbens and Lemieux (2008), these tests are conducted
by including the subsamples only to the right or only to the left of the true felony
thresholds, so as to avoid including in the estimation a point where there is a dis-
continuity. First, I test for jumps at the median value of the two subsamples on
either side of the felony theft threshold value. If the effect observed at the true
felony theft threshold is a genuine one, then there should be no effect observed at
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other thresholds. Because the felony theft threshold differs by states, the placebo
thresholds are presented as relative values to the true felony thresholds. Panel A
of Table 7 reports the corresponding results for subsamples of the left and right of
the true felony threshold, respectively. As expected, the results do not show any
significant coefficients.

Second, I split the sample again at the new median thresholds and create an-
other threshold at the median of the new samples. Panel B of Table 7 shows the
corresponding results for those newly generated four thresholds, respectively. I
find no evidence for significant discontinuities at these placebo thresholds. Hence,
I conclude that discontinuity estimates at the actual felony theft threshold reported
are not spurious.

5.6 Analysis of Raising the Felony Theft Thresholds

Asdiscussed above, reducedpunishment coulddecrease police responsiveness and
tempt the offenders to commit more crime. Having focused on the relationship
between the felony theft thresholds and crime reporting, I now investigate whether
changing such thresholds affects police performance and crime incidence. In doing
so, my analysis is able to provide important implications for ongoing policy debates
over criminal justice reforms. The section first discusses the identification strategy.
It then examines whether raising the felony theft thresholds induces a decline in
police performance. Finally, it explores the impact on crime incidence. Table 8
presents the years of changing the felony theft thresholds and corresponding state
names.14

5.6.1 Empirical Strategy

To estimate the effect of higher threshold values on behavior of police and crimi-
nals, I intend to exploit the variation in placement and timing of raising the thresh-

14Appendix Figure A5.7.7 displays the change in distribution of the threshold value for those
states over the time period.
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old values.15 A recent body of research has investigated the biases of the two-way
fixed effects difference-in-difference (DD) estimator associatedwith heterogeneous
treatment effects when treatment timing is staggered (Sun and Abraham, 2021;
Callaway and Sant’Anna, 2021; Athey and Imbens, 2021; Goodman-Bacon, 2021).
In particular, such an estimator equals a weighted average of all possible simple
2x2 DDs that compare one group that changes treatment status to another group
that does not. In other words, applying the two-way fixed effects DD framework
might lead to a bias in presence of heterogeneous treatment effects across states
increasing the felony theft thresholds at different points in time.

As a result, I follow Sun and Abraham (2021), who develop DD estimators of
the cohort-and-period specific effects that only rely on the parallel trends assump-
tion, and that are robust to heterogeneous treatment effects.16 Their estimators
categories units into different cohorts based on their initial treatment timing, to
avoid the estimates of lags and leads being contaminated by effects from other pe-
riods.17 Specifically, they define their estimates as interaction-weighted (IW) esti-
mates, which are generatedmainly in two steps. First, the cohort average treatment
effects on the treated (CATT) are computed by estimating the cohort-specific aver-
age difference in outcomes relative to never being treated. Second, their estimator
estimates a weighted average of CATT with weights equal to the share of each co-
hort in the relevant period(s).

Based on their methodology, I estimate the following equation:

Yst =
E∑

e=1

10∑
k=−10
k ̸=−1

βe,k(1{Es = e}Postkst) + +θXst + σs + ϕt + εst (4)

Where Yst is the outcome of interest in state s and year t. Postkst is a set of rel-
ative event-time dummies, that take value of 1 if time t is k years after (or before,

15As shown before, there are no states decreasing the felony theft thresholds.
16Nevertheless, as a robustness check, I also use the two-way fixed effects (TWFE) DD model.

The main results are presented in Appendix Figure A5.7.8, and they are highly similar to the results
from using estimators of Sun and Abraham (2021).

17Their estimators use the never-treated units are used as controls if there are never-treated units.
Their procedure ensures nonnegative weights and better sheds light on dynamic treatment effects.
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if k is negative) the increase in the theft felony threshold.18 e stands for cohorts,
different years in which states are treated. Time windows span periods of one year
each. Particularly, ±k ranges from 10 and -10 to respectively 1 and -2 years, as -1
is omitted. Each lag(lead) takes the value of the main regressor -k(k) years away
from the increase in the theft felony threshold.

In addition, Xst represents a set of controls at the state level, including popu-
lation, police size, black population share, education, unemployment, and income.
σs and ϕt are state and year fixed effects used to take level difference between states
into account and control for unobserved shocks, respectively. Drawing on Bertrand
et al. (2004), all SEs are clustered at the state level to allow for correlation of errors
over time within states. The coefficients of interest βe,k can be interpreted as an
average effect of the treatment on the treated periods after initial treatment.

5.6.2 Effects on Police Performance

In this section I move to estimate the impact of raising the felony theft thresholds
on police performance by estimating Equation 2. I use the clearance rate, the ratio
of arrests to known offenses, as a measure of police performance. Because of the
underreported nature of official records, the net effect of raising the felony theft
thresholds on clearance is ambiguous, even though a deterioration in police per-
formance is expected. On the one hand, it could cause a fall in the clearance rate.
The decline could be driven by fewer arrests and/or more incidence after imple-
menting the higher felony threshold. On the other hand, I may observe an increase
in the clearance rate. Decreasing the severity of punishment could discourage vic-
tims to report the crime, decrease the recorded incidence, and thereby increase the
clearance rate.

The IW estimates will yield a biased estimate of the causal effect of raising
the threshold value if downgrading felonies disproportionately occur in states that

18Although treatment is defined by the earliest increase in the threshold value during the sample
period, in robustness analysis, I also drop states with multiple increments and find similar results
in Appendix Figure A5.7.9.
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would have experienced a change in the clearance rate even absent the imposition
of new thresholds. This would be the case if, for example, states with the clear-
ance burden for felonies strategically wielded some influence on the law change.
Although I cannot rule out such a possibility, I can check for differential clearance
trends between treatment and control states in the years leading up to a change in
the felony theft thresholds.

Figure 5 displays the corresponding estimates. Prior to raising the threshold
value, I find little evidence of differential group trends in the theft clearance rate.
For k < 0, all treatment coefficients are less than 0.01 points inmagnitude and never
reach statistical significance, supporting the identification assumption.

The effects occur immediately one year after the increase in the felony theft
thresholds and are persistent for seven years. Specifically, one year after introduc-
ing the higher threshold value, the clearance rates of theft offences decrease sig-
nificant by 2 percent, and by between 2 and 4 percent in the following four years.
Effects then gradually dissipate, reaching insignificance eight years after treatment.
The pattern of effects could imply that there is scope of adjustments in police dis-
cretion over time following the change in the punitiveness of criminal sanctions.
This is consistent with officer learning that police discretion is determined by the
experience of officers (West, 2019; DeAngelo and Owens, 2017).

These results complement the finding for crime reporting presented before, sug-
gesting the important impact of the severity of punishments on police behavior.
Since the observed negative effects on clearance could be attributable to fewer ar-
rests and/or more incidence, I exploit the impact of adopting higher thresholds for
felony theft on apprehension of thieves and incidence of theft, respectively.

5.6.3 Effects on Arrests

According to Lee and McCrary (2017), police officers could exercise discretion in
executing an arrest based on the severity of punishment. For instance, a police offi-
cer might view a theft with small amounts of cash as forgivable andmight overlook
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the incident upon learning that the it becomes a petty crime after the law change.
To shed light on it, I investigate the effects of raising the felony theft thresholds on
the logarithm of the number of theft arrests.

As shown in Figure 6, the effects on theft arrests for years prior to the introduc-
tion of new thresholds are relatively small and statistically equal to 0, indicating
flat pre-trends. Evidently, it shows an effect immediately one year after increasing
the threshold value, that is, states that raise the threshold experience a decrease
in arrests of thieves than states that do not raise the threshold one year after the
new threshold is introduced. The timing of the effects aligns with the effects on the
clearance rates.

In contrast, the gap in arrests between them shrinks three years after the treat-
ment. Therefore, the effects of the imposition of higher threshold on the clearance
rates are not fully attributable to its effect on police arrests. Also, it is worth noting
that the direction of estimates becomes positive and themagnitude of estimates be-
comes large starting in year 9. They are statistically insignificant, but are suggestive
and supportive of possible adjustments in police discretion over time.

Unfortunately, the data on the exact date of state changing the thresholds is not
available. Therefore, I am not able to take account of the particular timing during a
year when the threshold was raised. As shown in Figure 5 and Figure 6, there are
no significant effects of raising felony thresholds on theft clearance and arrests. It
is worthy emphasising that lack of exact timing data on threshold changes could
potentially explainwhy I do not detect its effect in the first year of threshold change,
as states may raise the thresholds at the end of the enactment year.

5.6.4 Effects on Crime Incidence

Raising the felony theft thresholds could tempt offenders to commit more crimes
because offenders would observe less punitive criminal justice sanctions reinforced
by adecline in police responsiveness and crime reporting. Particularly, those thieves
who previously committed felonies would commit more crimes when they realize

234



5. PUNISHMENT AND CRIME: EVIDENCE FROM THE US THEFT LAW

that many felonies have been downgraded tomisdemeanors following the increase
of felony threshold. In this section, I examine the effects of downgrading felonies
on the logarithm of the number of recorded theft.

If downgrading felonies results in a fall in official records of theft, the channel
behind the effects would be the reduced theft reporting by victims. However, if a
rise in theft records is documented, then the effects would be explained by weaker
deterrence. Figure 7 presents the corresponding estimates. In the years leading
up to the change in the thresholds, police records of theft are statistically identical
in level and trend between the states with and without new thresholds. Similarly,
moving to the post-period, the effects on theft records appear gradually over time
as observed in event studies of the clearance rates and arrests. These positive and
significant effects persist for up to seven years: theft records increase significant by
6 percent two years following the threshold change, and by 6 to 12 percent in the
following three years; effects then gradually fade.

The absence of a negative impact of higher felony theft thresholds on theft records
allows me to interpret these results as evidence that reducing the severity of pun-
ishments increases crime incidence via weakening deterrence. Meanwhile, a com-
parison of the time pattern of the effects on the theft clearance rates with that of the
effects on official theft records indicates a one-year delayed response by criminals.
This could reflect that it takes time for criminals to learn about the change in police
behavior after raising the thresholds, and respond accordingly.

The mean post-treatment estimate can be translated into a elasticity of 0.07: an
increase in the value of the felony theft threshold by 135 percent leads to a 7 percent
rise in theft offences.19 Given that downgrading theft felonies could result in greater
underreporting of incidents, the estimate likely represents a lower bound of the true
elasticity. To place the estimated elasticity in context, I compare it to those in the
prior literature on punishment and theft. In terms of the magnitude, my estimated
elasticity is very close to those reported in Chalfin and McCrary (2018) and Draca
et al. (2011). The authors report elasticities of theft with respect to police staffing

19The value of threshold grows by 135 percent on average over the period.
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(-0.08) and police deployment (-0.08), respectively.20 This means that raising the
felony theft threshold would have equivalent effects to a 10% decrease in police on
theft offences.

A way to corroborate my results is to test whether crimes apart from theft are
also influenced by the introduction of higher thresholds too. This could be a key
criticism, as this threshold law is specific to theft offences. If I detect a significant
impact for other crimes as well, beyond and above theft, then different potential
channels could be at work, namely, systematically changes in institutional settings
after the threshold change in general. Appendix Figures 5.7.10 and 5.7.11 present
the point estimates of the effects of increasing the thresholds on arrests and records
of other crimes. The results in suggest that the threshold change has no effect on
behavior of police and offenders for other crimes. Hence, there are no generalized
effects on law and order following the threshold change that could drive my main
results.

5.6.5 Effects on Insurance Searching

Insurance can cover the loss from theft and offer protection. To understandwhether
the decrease in punishment shifts people’s behavior with respect to reconciliation,
I examine the effect of increasing felony theft threshold on Google searches for re-
lated terms. At least 85% of homeowners in the U.S. have home insurance, and
almost all policies cover loss due to theft regardless of the place of incidence (Croll,
2021; National Association of Insurance Commissioners, 2019). I begin by col-
lecting data on Google searches containing the terms “home insurance” by states,
which are available for 2004 and later onGoogle Trends. Figure 8 presents the effect
of increasing thresholds on the search volume for “home insurance”. The results
suggest that the decrease in punishment severity does not trigger a change in pro-
tection behavior by enrolling insurance. Then, I examine its effect on the search
volume for “phone insurance”. It could be a direct measure of insurance search-

20The earlier studies also document prison-theft elasticities of -0.28 (Levitt, 1996) and -0.35 (Bar-
barino and Mastrobuoni, 2014).
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ing behavior because mobile phones are one of the most common stolen items. As
shown in Figure 9, I do not find effect on searching for phone insurance.

These results can be explained by two contextual factors. First, theft claims are
not common. According to the report by Hoel (2021), only 1 percent of filed in-
surance claims were about theft. Second, concerns on rising premiums prevent the
insured from claiming. About 22 percent of survey respondents said that they don’t
make claims when they have a small loss for fear it will cost them more over time
(Blyskal, 2017).

Taken together, my results highlight the salience of the felony theft thresholds
in police responses to theft, and criminal decision-making. Consistent with a host
of economics of crime research pointing to strong deterrence effects from a threat
of punishment, I find evidence that reducing the severity of punishment by raising
the felony thresholds would weaken deterrence and generate a boost in crime.

5.7 Conclusion

To the best of my knowledge, this study provides first causal estimates of the effect
of felony thresholds on crime reporting. I find that thefts with value just above
the felony thresholds are more likely to be reported to police by the victims. This
result under a host of alternative specifications is quite consistent, speaking to the
strength of the result.

Since there is a long-standing debate over the change in the felony theft thresh-
olds, I also examine the effects of raising the thresholds on police performance and
crime incidence. My results indicate that downgrading felonies significantly de-
creases crime clearance and increases crime incidence. These findings are consis-
tent with the weaker deterrence account that a decrease in an offender’s chances of
being caught increases crime.

Overall, this study has two important policy implications. First, unlike the lit-
erature, which is primarily concerned with relationships between punishment and
offenders, this paper considers interactions between punishment and victims, shin-
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ing lights on underreporting of crime that also limits the deterrent capability of
the criminal justice system. Therefore, offenders should not be the only central
component of the criminal justice system. Second, the results show that downsiz-
ing prisons by reducing the severity of punishment would weaken deterrence and
compromise public safety.
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Phase 1: Crime Incidence (Offenders)

Phase 2: Crime Reporting (Victims)

Phase 3: Crime clearance (Police)

Fig. 1: Crime Situation

Fig. 2: Distribution of Theft Felony Thresholds
Notes: The figure presents the distribution of the theft felony thresholds for 19 states in the

NCVS sample in 1979 and 2004, respectively.
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Table 1: Balance Table

Estimate S.E. P-Value Observations
(1) (2) (3) (4)

Panel A: Victim
Female -0.012 (0.051) 0.83 3,813
White -0.011 (0.015) 0.46 3,813
Black -0.006 (0.016) 0.70 3,813
Asian -0.010 (0.010) 0.34 3,813
Hispanic -0.024 (0.029) 0.43 3,813
College Education 0.007 (0.078) 0.93 3,823
High Income 0.073 (0.056) 0.21 3,813

Panel B: Incident
Happen in Commercial Places -0.009 (0.043) 0.84 3,813
Knew Offenders 0.001 (0.035) 0.98 3,813
Cash on Person 0.027 (0.031) 0.39 3,813
Multiple Offenders 0.000 (0.024) 0.99 3,813

Notes: This table examines whether victim and incident characteristics are balanced across felony

threshold. Columns 1 reports the regression discontinuity estimates, following the main estimat-

ing equation, of the effect of being above the treatment threshold on these characteristics (with

the outcome variable omitted from the set of controls). Column 2 shows the clustered standard

errors at the state level in parentheses. Column 3 is the p-value for a RD estimate. Column 4

displays the number of observations. An optimal bandwidth of $304 around the threshold has

been used.
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Fig. 3: Density of Cash Theft Value
Notes: The figure shows the density plot, following McCrary (2008). The solid line plots
predicted values from a linear regression of frequency on normalized cash theft value,

with separate cash theft value trends estimated on either side of the felony threshold. The
dashed lines show 95% confidence intervals. The McCrary test statistic is 0.00 (standard

error 0.22).
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Fig. 4: Effect of Felony Threshold on Crime Reporting
Notes: This figure plots the probability of reporting cash theft to police against the
cash theft value. Each point represents the average value of the outcome in the theft
value bin. The solid line plots depict first-order polynomial fits on either side of the
felony threshold, separately.
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Table 2: RD Estimates of the Effect of Felony Threshold on Crime Reporting

Dependent Variable: Was the Crime Reported to Police? (Yes = 1)
(1) (2) (3)

Felony 0.138*** 0.141*** 0.141***
(0.039) (0.039) (0.038)

State- and Year- Fixed Effects YES YES YES
Victim Characteristics NO YES YES
Other Controls NO NO YES
Observations 3,813 3,813 3,813

Notes: This table presents RD estimates of the effect of being above the felony theft

threshold on crime reporting. Victim characteristics controls include gender, race, His-

panic origin, and indicators for college education, , and high-income household. Other

controls include commercial places, acquaintance with the offender, cash on person,

and multiple offenders. Standard errors, clustered at the state level, are reported in

parenthesis. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***,

respectively. An optimal bandwidth around the felony theft threshold has been used.
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Table 3: RD Estimates of the Effect of Theft Felony Threshold on Crime Report-
ing for Varying Bandwidths

Dependent Variable: Was the Crime Reported to Police? (Yes = 1)
(1) (2) (3) (4) (5) (6)
$100 $200 $300 $400 $500 $600

Felony 0.089* 0.121** 0.202*** 0.167*** 0.145*** 0.160***
(0.044) (0.050) (0.034) (0.040) (0.040) (0.046)

F-statistic 51.6 36.5 28.0 32.82 30.5 25.1
Fixed Effects YES YES YES YES YES YES
Controls YES YES YES YES YES YES
Observations 654 2,073 3,735 4,830 5,212 5,260

Notes: This table presents RD estimates of the effect of being above the felony theft

threshold on crime reporting for varying bandwidths. Controls include victim and

incident characteristics: gender, race, Hispanic origin, and indicators for college ed-

ucation, high-income household, commercial places, acquaintance with the offender,

cash on person, and multiple offenders. Standard errors, clustered at the state level,

are reported in parenthesis. Significance at the 10%, 5%, and 1% levels is indicated by

*, **, and ***, respectively.
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Table 4: Donut RD Estimates of the Effect of Theft Felony Threshold on Crime
Reporting

Dependent Variable: Was the Crime Reported to Police? (Yes = 1)
(1) (2) (3) (4)
$1 $10 $50 $100

Felony 0.227*** 0.195*** 0.222** 0.347**
(0.055) (0.061) (0.088) (0.150)

Fixed Effects YES YES YES YES
Controls YES YES YES YES
Observations 3,752 3,743 3,622 3,159

Notes: This table presents RD estimates of the effect of being above the felony theft

threshold on crime reportingwhen excluding observationswithin $1, $10, $50, and $100

of the felony threshold, respectively. Controls include victim and incident characteris-

tics: gender, race, Hispanic origin, and indicators for college education, high-income

household, commercial places, acquaintance with the offender, cash on person, and

multiple offenders. Standard errors, clustered at the state level, are reported in paren-

thesis. Significance at the 10%, 5%, and 1% levels is indicated by *, **, and ***, respec-

tively.
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Table 5: RD Estimates of the Effect of Felony Threshold on Crime Reporting for
Rounding Controls

Dependent Variable: Was the Crime Reported to Police? (Yes = 1)
(1) (2) (3)

Felony 0.200*** 0.203*** 0.201***
(0.035) (0.036) (0.035)

Multiples of $5 YES NO YES
Multiples of $10 NO YES YES
State- and Year- Fixed Effects YES YES YES
Other Controls YES YES YES
Observations 3,813 3,813 3,813

Notes: This table presents RD estimates of the effect of being above the felony theft

threshold on crime reporting when controlling for multiples of $5 and $10. Other con-

trols include victim and incident characteristics: gender, race, Hispanic origin, and

indicators for college education, high-income household, commercial places, acquain-

tance with the offender, cash on person, andmultiple offenders. Standard errors, clus-

tered at the state level, are reported in parenthesis. Significance at the 10%, 5%, and

1% levels is indicated by *, **, and ***, respectively. An optimal bandwidth around the

felony theft threshold has been used.
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Table 6: RD Estimates of the Effect of Theft Felony Threshold on Reporting
of Other Property Crime

Dependent Variable: Was the Crime Reported to Police? (Yes = 1)
(1) (2) (3)

Felony -0.097 -0.095 -0.098
(0.093) (0.090) (0.096)

State- and Year- Fixed Effects YES YES YES
Victim Characteristics NO YES YES
Observations 1,397 1,397 1,397

Notes: This table presents RD estimates of the effect of being above the felony theft

threshold on crime reporting for other property crime including burglary and rob-

bery. Controls include victim and incident characteristics: gender, race, Hispanic

origin, and indicators for college education, high-income household, commercial

places, acquaintancewith the offender, cash on person, andmultiple offenders. Stan-

dard errors, clustered at the state level, are reported in parenthesis. Significance at

the 10%, 5%, and 1% levels is indicated by *, **, and ***, respectively. An optimal

bandwidth $304 has been used.
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Table 7: Placebo Tests Using Alternative Thresholds

(1) (2) (3)
Placebo Thresholds
(Relative To Felony Thresholds) Coefficients Standard Errors Observations
Panel A ($)
-299 -0.02 0.03 6,803
+200 0.01 0.15 382

Panel B ($)
-737 -0.04 0.03 3,340
-197 -0.03 0.02 3,463
+120 -0.06 0.22 194
+549 -0.11 0.13 188

Notes: Notes: The table shows RD estimates of the effect of placebo thresholds on homicides

against women for the election subsample. The following theft value ranges (relative to felony

threshold values) are used: [-1999, 0), (0, 72411], [-1999, -299), [-299, 0), [0, 200], and (200, 72411].

In each range a placebo RD threshold is created at the median.
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Table 8: States Raising the Felony Theft Thresholds (2001-2016)

State Year of Change
Alaska 2014, 2016
Alabama 2003, 2015
Arkansas 2011
Arizona 2006
California 2010
Colorado 2007, 2013
Connecticut 2009
Delaware 2009
District of Columbia 2010
Georgia 2012
Hawaii 2016
Illinois 2010
Indiana 2013
Kansas 2004, 2016
Kentucky 2009
Louisiana 2009, 2014
Maryland 2009, 2016
Missouri 2002, 2014
Mississippi 2003, 2014
Minnesota 2007
Montana 2009
New Hampshire 2010
New Mexico 2006
Nebraska 2015
Nevada 2011
North Dakota 2013
Oklahoma 2001, 2016
Oregon 2009
Ohio 2011
Rhode Island 2012
South Carolina 2010
South Dakota 2005
Tennessee 2016
Texas 2015
Utah 2010
Vermont 2006
Washington 2009
Wyoming 2004

Notes: This table presents the names of states that raising the felony theft thresholds, and
the years of change between 2001 and 2016 in the U.S..
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Fig. 5: Event Study Analysis for Theft Clearance Rate
Notes: The figure presents the event-study plots of the effect of the increase of theft felony
threshold on theft clearance rate, following Sun and Abraham (2021). Standard errors are
clustered at the state level and observations are weighted by state population. Controls in-
clude population, percentage of black population, police size, rate of obtaining high school
diploma or above by sex, unemployment by sex, income by sex. The dotted vertical line rep-
resents the time of treatment. Bands indicate 90 percent confidence intervals.
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Fig. 6: Event Study Analysis for Police Arresting
Notes: The figure presents the event-study plots of the effect of the increase of theft felony
threshold on the logarithm of the counts of thefts cleared by arrest, following Sun and Abra-
ham (2021). Standard errors are clustered at the state level and observations are weighted by
state population. Controls include population, percentage of black population, police size,
rate of obtaining high school diploma or above by sex, unemployment by sex, income by sex.
The dotted vertical line represents the time of treatment. Bands indicate 90 percent confi-
dence intervals.
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Fig. 7: Event Study Analysis for Theft Incidence
Notes: The figure presents the event-study plots of the effect of the increase of theft felony
threshold on the logarithm of the counts of theft incidence, following Sun and Abraham
(2021). Standard errors are clustered at the state level and observations areweighted by state
population. Controls include population, percentage of black population, police size, rate of
obtaining high school diploma or above by sex, unemployment by sex, income by sex. The
dotted vertical line represents the time of treatment. Bands indicate 90 percent confidence
intervals.
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Fig. 8: Event Study Analysis for “Home Insurance” Searches
Notes: The figure presents the event-study plots of the effect of the increase of felony theft
threshold onGoogle search for “home insurance”, following Sun andAbraham (2021). Stan-
dard errors are clustered at the state level and observations are weighted by state population.
Controls include population, percentage of black population, police size, rate of obtaining
high school diploma or above by sex, unemployment by sex, income by sex. The dotted ver-
tical line represents the time of treatment. Bands indicate 90 percent confidence intervals.
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Fig. 9: Event Study Analysis for “Phone Insurance” Searches
Notes: The figure presents the event-study plots of the effect of the increase of felony theft
threshold on Google search for “phone insurance”, following Sun and Abraham (2021).
Standard errors are clustered at the state level and observations are weighted by state pop-
ulation. Controls include population, percentage of black population, police size, rate of
obtaining high school diploma or above by sex, unemployment by sex, income by sex. The
dotted vertical line represents the time of treatment. Bands indicate 90 percent confidence
intervals.
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Table A5.1: RD Estimates of the Effect of Theft Felony Threshold on Crime Re-
porting for Alternative Polynomials

Dependent Variable: Was the Crime Reported to Police? (Yes = 1)
(1) (2) (3)

Linear Quadratic Cubic
Felony 0.202*** 0.171*** 0.129**

(0.037) (0.043) (0.061)
Controls YES YES YES
Optimal Bandwidth $304 $504 $767
Observations 3,813 5,217 5,565

Notes: This table presents RD estimates of the effect of being above the felony theft

threshold on crime reporting for alternative polynomials. Controls include victim and

incident characteristics: gender, race, Hispanic origin, and indicators for college educa-

tion, high-income household, commercial places, acquaintance with the offender, cash

on person, and multiple offenders. Standard errors, clustered at the state level, are re-

ported in parenthesis. Significance at the 10%, 5%, and 1% levels is indicated by *, **,

and ***, respectively. Optimal bandwidths have been used for alternative RD polyno-

mials, respectively.
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Fig. 10: Appendix Figure 1: Balance of Characteristics
Notes: This figure plots the characteristics against the cash theft value. Points to the right
of 0 are above treatment thresholds, while points to the left of 0 are below treatment
thresholds. Each point represents the average value of the outcome in the theft value
bin. The solid line plots depict first-order polynomial fits on either side of the felony
threshold, separately.
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Fig. 11: Appendix Figure 1: Balance of Characteristics (Continued)
Notes: This figure plots the characteristics against the cash theft value. Points to the right
of 0 are above treatment thresholds, while points to the left of 0 are below treatment
thresholds. Each point represents the average value of the outcome in the theft value
bin. The solid line plots depict first-order polynomial fits on either side of the felony
threshold, separately.
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Fig. 12: Appendix Figure 1: Balance of Characteristics (Continued)
Notes: This figure plots the characteristics against the cash theft value. Points to the right
of 0 are above treatment thresholds, while points to the left of 0 are below treatment
thresholds. Each point represents the average value of the outcome in the theft value
bin. The solid line plots depict first-order polynomial fits on either side of the felony
threshold, separately.
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Fig. 13: Appendix Figure 1: Balance of Characteristics (Continued)
Notes: This figure plots the characteristics against the cash theft value. Points to the right
of 0 are above treatment thresholds, while points to the left of 0 are below treatment
thresholds. Each point represents the average value of the outcome in the theft value
bin. The solid line plots depict first-order polynomial fits on either side of the felony
threshold, separately.
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Fig. 14: Appendix Figure 1: Balance of Characteristics (Continued)
Notes: This figure plots the characteristics against the cash theft value. Points to the right
of 0 are above treatment thresholds, while points to the left of 0 are below treatment
thresholds. Each point represents the average value of the outcome in the theft value
bin. The solid line plots depict first-order polynomial fits on either side of the felony
threshold, separately.
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Fig. 15: Appendix Figure 1: Balance of Characteristics (Continued)
Notes: This figure plots the characteristics against the cash theft value. Points to the right
of 0 are above treatment thresholds, while points to the left of 0 are below treatment
thresholds. Each point represents the average value of the outcome in the theft value
bin. The solid line plots depict first-order polynomial fits on either side of the felony
threshold, separately.
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Fig. 16: Distribution of Theft Felony Thresholds
Notes: The figure presents the distribution of the theft felony thresholds in 38

changing states in 2001 and 2016, respectively.
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Fig. 17: Event Study Analysis for Theft Clearance Rate (TWFE DD)
Notes: The figure presents the event-study plots of the effect of the increase of theft
felony threshold on clearance rate of theft, following standard two-way fixed effect
(TWFE)DDmodel. Standard errors are clustered at the state level and observations are
weighted by state population. Controls include population, percentage of black popula-
tion, police size, rate of obtaining high school diploma or above by sex, unemployment
by sex, income by sex. The dotted vertical line represents the time of treatment. Bands
indicate 90 percent confidence intervals.

263



5. PUNISHMENT AND CRIME: EVIDENCE FROM THE US THEFT LAW

Fig. 18: Event Study Analysis for Theft Clearance Rate
Notes: The figure presents the event-study plots of the effect of the increase of theft
felony threshold on clearance rate of theft after excluding states with multiple incre-
ments in theft thresholds, following Sun and Abraham (2021). Standard errors are
clustered at the state level and observations are weighted by state population. Con-
trols include population, percentage of black population, police size, rate of obtaining
high school diploma or above by sex, unemployment by sex, income by sex. The dot-
ted vertical line represents the time of treatment. Bands indicate 90 percent confidence
intervals.
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Fig. 19: Event Study Analysis for Arrests of Other Crimes
Notes: The figure presents the event-study plots of the effect of the increase of theft
felony threshold on the logarithm of the counts of other crimes cleared by arrest, fol-
lowing Sun and Abraham (2021). Standard errors are clustered at the state level and
observations are weighted by state population. Controls include population, percent-
age of black population, police size, rate of obtaining high school diploma or above by
sex, unemployment by sex, income by sex. The dotted vertical line represents the time
of treatment. Bands indicate 90 percent confidence intervals.
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Fig. 20: Event Study Analysis for Other Crime Incidence
Notes: The figure presents the event-study plots of the effect of the increase of theft
felony threshold on total crime excluding theft offences, following Sun and Abraham
(2021). Standard errors are clustered at the state level and observations are weighted
by state population. Controls include population, percentage of black population, po-
lice size, rate of obtaining high school diploma or above by sex, unemployment by sex,
income by sex. The dotted vertical line represents the time of treatment. Bands indicate
90 percent confidence intervals.
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CONCLUSION

This thesis studies twomain themes in economics and their applications in the con-
text of equality and justice with a focus on gender and law. Four of the chapters
look at gender inequality. The fifth chapter looks at whether the severity of a crim-
inal sanction affects justice and public safety. The five papers centre on different
contexts, three in the US, one in the UK, and one in India. This thesis shows that
achieving equality and justice remains unfinished business in both developed and
developing countries.

In Chapter One, I examine whether electing female mayors can help women
in the population. I offer the first comprehensive analysis of the effect of female
mayors on violence against women by exploiting the female win-loss threshold.

In Chapter Two, I show whether women’s representation in leadership team
of law enforcement agencies can contribute to the improved assurance of personal
safety for women. I find that women serving in positions of law enforcement lead-
ership significantly lead to a decrease in violencea against women

In Chapter Three, we explore whether exposure to statues can motivate stu-
dents. Using a RCT, we find that statues have a role modelling effect on students
and improve their academic performance.

In Chapter Four, I study whether improved access to health care saves battered
women’s lives. Using different measures of accessing health care, I find similar
evidence that making health care more affordable and accessible helps to save lives
of battered women.

In Chapter Five, I investigate whether the punitiveness of sentencing regime
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influences crime reporting that is of first order importance in production of law
enforcement services. My results also indicate that downgrading felonies signifi-
cantly decreases crime clearance and increases crime incidence

In this thesis I have touched upon both these themes: showing the benefits of
empoweringwomen and the cost of reducing the severity of sanction regime. These
are important areas which could benefit from a deeper understanding, and are im-
portant topics both for researchers, but also policy makers, going forwards.
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