SEXUAL HARASSMENT IN PUBLIC SPACES AND POLICE
PATROLS: EXPERIMENTAL EVIDENCE FROM URBAN INDIA*

Sofia Amaral®
Girija Borker*
Nathan Fiala$
Anjani Kumarl

Nishith Prakash'
Maria Micaela Sviatschi*

December 7, 2024
Abstract

We conduct a randomized controlled trial to evaluate the impact of an innovative
police patrol program on sexual harassment in public spaces in Hyderabad, India.
In collaboration with the Hyderabad City Police, we randomize exposure to police pa-
trols and the visibility of officers by deploying both uniformed and undercover officers
across 350 hotspots. To assess the effect, we implement a novel, high-frequency obser-
vation exercise to measure sexual harassment at these hotspots, where enumerators
recorded all observed instances of sexual harassment and women’s responses in real
time. We find that although police patrols had no impact on overall street harassment,
uniformed police patrols reduced severe forms of harassment (forceful touching, in-
timidation) by 27 percent and reduced the likelihood of women leaving the hotspot
due to sexual harassment. We uncovered the underlying mechanisms and found that
both police visibility and officers” attitudes toward sexual harassment are key to un-
derstanding its incidence.

Keywords: Street harassment, policing, social norms
JEL Codes: J24, K42, J16, C93, C91

*We are grateful to Hyderabad City Police for their collaboration and for sharing some of the data used in this project. In partic-
ular, we thank the head of SHE Teams, Ms. Shikha Goel, Additional Commissioner of Police (Indian Police Service), and numerous
police officers for invaluable logistical and contextual support. We appreciate helpful comments and suggestions at various stages
from Prashant Bharadwaj, Chris Blattman, Jennifer Doleac, Oeindrila Dube, Thomas Fujiwara, Seema Jayachandran, Asim Khwaja,
Florence Kondylis, Marcus Holmlund, Ilyana Kuziemko, Aprajit Mahajan, Rohini Pande, Heidi Stoeckl, Owen Zidar, Gautam Rao,
Mike Makowsky, and seminar participants at ASSA New Orleans, Ashoka University, Columbia University, Christ University, George
Washington University, Indian Institute of Management Ahmedabad, Indian School of Business, LMU Munich, NBER Development,
NBER Crime, London School of Economics, Pontificia Universidad Catdlica de Chile, Princeton University, the World Bank, Texas
Crime Workshop in Austin, the Center for Economic Research in Pakistan, the University of Chicago, Universidade Nova de Lisboa,
University of Toronto, Universidad de los Andes, ViCE Seminar. For critical fieldwork coordination and superb work as research as-
sistants, we thank Dibyajyoti Basak, Shubhro Bhattacharya, Bruno Jimenez, Aishwarya Kekre, Paulo Matos, Aditi Priya, Xinyu Ren,
Jagannath R, and field staff from IFMR. This work was supported by the JPAL Crime and Violence Initiative, Princeton University, the
Leibniz Association, the Human Rights Institute at the University of Connecticut, and by aid from the UK government through the
ieConnect for Impact Program. The views expressed here do not necessarily represent the views of our partners. Ethics approval was
obtained from the Institute of Financial Management, and Research (IFMR) in India and Princeton University in the U.S. A pre-analysis
plan is available in the American Economics Association RCT Registry: AEARCTR-0005137.

*The World Bank South Asia Gender Innovation Lab and CESifo. Email: s.amaral@worldbank.org
TDIME, World Bank & IZA. Email: gborker@worldbank.org

§University of Connecticut. Email: nathan.fiala@uconn.edu

Tndian Police Service.

H Northeastern University, CESifo, IZA, CReAM, HiCN & GLO. Email: n.prakash@northeastern.edu
“Princeton University, CESifo & NBER. Email: msviatschi@princeton.edu


https://www.socialscienceregistry.org/trials/5137

| Introduction

Sexual harassment in public spaces limits women's physical mobility, education choices,
and labor force participation (Borker, 2024; Kondylis et al., 2020; Siddique, 2018; Chakraborty
et al., 2018). More than half of all women worldwide have experienced street harassment
in their lifetimes, and about 82 percent report avoiding certain areas due to harassment or
the fear of it (ActionAid, 2016; Livingston, 2015). Despite its prevalence, research on street
harassment is limited due to many challenges (Moser, 2012). Most importantly, street ha-
rassment is common and often socially accepted by many people, including perpetrators
and rst responders such as police of cers, making the level of incidence a by-product
of prevalent gender norms (Jayachandran, 2021). Additionally, it is extremely dif cult to
measure sexual harassment since it is rarely reported to the police, and available admin-
istrative data are prone to measurement error and reporting bias (Saguy and Rees, 2021,

Boudreau et al., 2023; Dahl and Knepper, 2021).

To address these challenges, we conduct a cluster randomized controlled trial (RCT) to
evaluate a novel program in Hyderabad, India, designed to address sexual harassment in
public spaces. The program—Safety, Health and Environment Police Unit (SHE Teams)—
uses hotspot-policing patrol to identify and penalize street harassment. SHE Teams serves
about seven million people, making it one of the world's largest policing interventions to
directly address sexual harassment in public spaces. We partnered with Hyderabad City
Police (HCP) to design and implement the RCT, randomizing 350 harassment hotspots
to exposure to SHE Teams patrolling in either uniforms or undercover. Originally, the
program only used undercover of cers; however, given the frequency and social tolerance
of sexual harassment, the research team and HCP agreed to test visible policing as an

alternative.

The intervention had three distinct treatment arms to examine the effectiveness of dif-
ferent street patrolling approaches. The rst arm had SHE Teams of cers patrolling in
police uniform (100 hotspots), while the second arm had undercover SHE Teams of cers

patrolling in plain clothes (100 hotspots). The third arm was the control group, which was



not exposed to SHE Teams patrols (150 hotspots). In terms of frequency of exposure to the
treatment, SHE Teams of cers (uniformed and undercover) patrolled each treated hotspot
for 15 to 20 minutes per day at least three times per week from September 2019 to March
2020.

Beyond studying the role of policing in addressing sexual harassment, our novel de-
sign enables us to understand the effects of police patrols and whether they stemmed from
changes in behavior among citizens and perpetrators after observing police presence—
a deterrence effeetor from the sanctioning and removal of criminals from the scene by
police—an incapacitation effect In particular, our intervention allows us to disentangle
these effects since, by design, undercover police of cers tend to have a larger incapacita-
tion effect, moving discreetly to identify more harassment cases. In contrast, uniformed
patrols are likely to have a larger deterrence effect as their presence is more visible, poten-
tially altering the behavior of criminals and encouraging victims and bystanders to report
incidents. This distinction is necessary to discern if visible police behavior is needed to
deter criminals in environments of frequent street harassment, particularly in contexts
where arresting all perpetrators is challenging, given the large number of cases and social
tolerance toward harassment. At the same time, by making police visibility a key fac-
tor, the design allows us to study how of cers' characteristics, such as attitudes toward

harassment, impact outcomes when their behavior is observable by citizens.

To overcome key measurement challenges in the literature, we developed a novel
observation-based measure of sexual harassment in public space. Female enumerators
used their phones to record the number of harassment incidents and victims' responses in
designated hotspots and spillover areas. Using the same protocol that HCP provided SHE
Teams of cers, we trained these enumerators to identify mild to severe cases of harass-
ment. Mild harassment included unwelcome comments, catcalling, whistling, inappropri-
ate gestures and facial expressions, taking photos without consent, and ogling. Severe ha-
rassment included stalking, forceful touching/groping, intimidation, indecent exposure,

physical abuse, and abduction.® Our observational exercise addresses several challenges

IWe made this distinction based on conversations with several Indian Police Service of cers and the



in the literature associated with measurement, including stigma (enumerators recorded
harassment that other women faced), reporting issues (these accounts were observed and
not of cial, so there was no cost to reporting), and experimenter demand effects (the enu-
merators were unaware of the intervention). Moreover, SHE Teams of cers were unaware

of the enumerator observation exercise.

Using our observational measure of street harassment, we nd that uniformed police
patrols reduced severe forms of street harassment by 27 percent, which translates to 0.7
fewer women being victimized per week per hotspot. In particular, we nd a large reduc-
tion in groping/touching and intimidation. In contrast, hotspots patrolled by undercover
of cers experienced no reduction in street harassment relative to the control group, de-

spite the fact that undercover police issued more sanctions and warnings.

These results highlight the importance of police of cer visibility in deterring perpetra-
tors given the large number of harassment incidents. Consistent with our design, while
undercover policing had larger incapacitation effects, only uniformed policing reduced
severe harassment. Additionally, the incapacitation effects alone were too small (relative
to the number of incidents) to account for the observed decline in street harassment. On
average, of cers sanctioned or warned 5-8 percent of sexual harassment incidents. These
ndings suggest that our effects stemmed not only from removing criminals from the
scene but also from behavioral changes among offenders who changed their actions after

encountering visible of cers, leading to a decline in street harassment. 2

Due to the drop in severe street harassment, we nd that women changed their adap-
tive response to safety concerns. Using our observational measure, in hotspots with uni-
formed police patrols, women were 30 percent less likely to move elsewhere in response to
harassment, indicating that lowering severe forms of harassment can ease the constraints

on women's mobility. In particular, the intervention, by removing the onus of enforce-

Indian Penal Code (IPC), which also includes heinous offenses (e.g., rape) that are not observed in our data.
For details, see Appendix Table Al.

2Although of cers could only sanction a small share of incidents, their salient performance in uniformed
hotspots could have changed perpetrators' behavior through learning that police now target sexual harass-
ment. For example, at the moment of arrest, the uniformed of cers told the public why and alerted citizens
that SHE Teams were targeting street harassment.



ment from women and increasing sanctions, leads to a decrease in harassment along with
an improvement in women's reactionary choices—choices that are costly to their daily

lives.3

Next, to better understand the relationship between social acceptance of public sex-
ual harassment and its incidence, we conducted surveys and lab experiments to collect
individual measures of police of cers' attitudes and performance regarding harassment
as well as citizens' views of these crimes. In particular, we exploited the random compo-
sition of SHE Teams, which provided heterogeneity in team attitudes regarding harass-
ment in the eld. For the lab experiment data, we invited 354 HCP of cers (including
SHE Teams of cers participating in our intervention) to attend a one-hour lab session at
HCP headquarters. During this session, we showed each of cer nine videos depicting
sexual harassment and other types of crimes that mimicked real-life events that of cers
encounter on patrol. After each video, the of cers answered a short survey related to their

propensity to punish or tolerate these crimes.

Using the lab experiments and survey data, we highlight the critical role of police
of cers' attitudes in addressing sexual harassment. While visible policing proved effective
in reducing severe forms of harassment, it fell short in addressing milder forms due to
police of cers' tolerance of such offenses and, thus, lack of action towards them. Our lab
experiment results show that police of cers were less likely to think that mild harassment
should be addressed or punished relative to other offenses. Consequently, they had a
lower willingness to sanction mild harassment offenses versus other types of crime, on

average.

Consistent with these results, we nd in the eld that hotspots experienced a decrease
in all types of sexual harassment when patrolled by uniformed of cers with harsher at-
titudes toward harassment. However, we nd no differential effect in hotspots where
women had more progressive norms at baseline. These results suggest that the drop in se-

vere harassment stemmed from deterrence due to police presence and punishment, while

3Note that in our context, of cers can impose sanctions on perpetrators without requiring the victim's
consent, which helps reduce the stigma associated with reporting incidents.



the absence of a similar decline in mild offenses likely resulted from greater police toler-
ance, resulting in fewer penalties for perpetrators. Furthermore, these ndings indicate
that of cers' personal beliefs about harassment are intertwined with the implementation
of the law. In particular, their attitudes signi cantly impact their performance and, conse-

guently, the ef cacy of policies aimed at combating crimes like sexual harassment.

We examine additional mechanisms through which street patrols might reduce severe
harassment without impacting mild cases, but nd no evidence supporting these mech-
anisms. Speci cally, we rule out effects related to detection and reporting, and displace-
ment to nearby areas. First, lab evidence shows that police of cers could detect mild
harassment even when it occurred quickly and in crowded areas. Second, when linking
the exact location of reported crimes to hotspots, we do not nd an increase in victims'
harassment-related calls to police in treated hotspots. Third, we nd suggestive evidence
that police patrols neither displaced crime nor resulted in a substitution effect among dif-
ferent types of crimes. Finally, we nd no evidence of changes in footfall in hotspots or

nearby spillover areas.

Our ndings have several policy implications and highlight the role of visible police
presence and action in reducing frequent public sexual crimes and in effectively allocating
limited police resources. Although undercover of cers increased notices, warnings, and
arrests for harassment incidents, the incapacitation effects alone were too small to explain
the decrease in harassment, indicating that the primary impact of SHE Teams stemmed
from deterrence. In addition, the results illustrate the challenges in addressing urban
sexual harassment, especially milder forms, due to of cers' attitudes toward these crimes.
Therefore, for any such intervention to succeed, it is crucial to address the social attitudes

that in uence police behavior.

This paper contributes to several strands of literature, including the nascent literature
on sexual harassment. Recent novel research has focused on the effects of gendered crime
in indoor locations such as workplaces, universities, and households (Bindler, Ketel and
Hjalmarsson, 2020; Lindo, Siminski and Swensen, 2018; Folke and Rickne, 2020; Sharma,

2023; Adams-Prassl et al., 2022). We complement this work in several ways. First, we



focus on sexual harassment in public spaces—an area with limited evidence (Hardt et al.,
2023; Borker, 2022). This distinction makes it a substantially different problem to study;,
as street harassment is typically socially tolerated, often committed by strangers, and oc-
curs between parties without any institutional relationship. Second, we develop a new
measure of sexual harassment based on observations by enumerators in the eld, pro-
viding real-time insights into street harassment and women's responses, free from report-
ing biases. Third, we provide experimental evidence on how sexual harassment affects
women's responses, overcoming endogeneity concerns associated with the location and
timing of harassment incidents. Our ndings show that harassment negatively affects
women's behavior during commutes. Reducing constraints on women's physical mobil-
ity is a key outcome, as recent evidence shows it may impact female labor force partic-
ipation (Cheema et al., 2019; Field and Whborny, 2022). Additionally, while most of the
previous research has focused on the consequences of street harassment, we shed light on
the contributing factors, improving our understanding of effective interventions. Speci -
cally, we explore a policy that targets perpetrators while minimizing the reporting burden

on victims.

More broadly, our ndings also complement the literature on policing and crime, par-
ticularly in terms of the role that of cer attributes play in improving job performance.
Previous research has shown the effectiveness of police patrols in reducing crime in as-
signed areas (Blattman et al., 2021; Di Tella and Schargrodsky, 2004; Draca, Machin and
Witt, 2011), with scholars attributing this success to the lessons learned by citizens from
encounters with the police and the updated beliefs of perpetrators regarding the proba-
bility of detection and punishment (Banerjee et al., 2019). In line with these results, we
nd that visible police actions taught citizens that law enforcement can actively punish
sexual harassment. Furthermore, we contribute novel evidence about the effectiveness of
different types of policing, focusing on police attributes (Amaral, Bhalotra and Prakash,
2021; Ba et al., 2021; Dube, Jo MacArthur and Shah, 2023; Sukhtankar, Kruks-Wisner and
Mangla, 2022; Sviatschi and Trako, 2024). We examine the under-researched area of street
harassment and consider the impact of varying police presence, including of cer visibility

and attitudes—factors that have not been previously considered in the literature. These



features are important since qualitative evidence suggests that of cers' attitudes toward

harassment are intertwined with their job performance (Dhillon and Bakaya, 2014).

I Background

LA Street Harassment in Hyderabad

Street harassment is a major problem in urban centers worldwide, including Hyderabad.
According to our baseline survey of 8,264 women surveyed in public spaces across the
city, over 30 percent had experienced some form of street harassment in the last month.*
Of these women, 74 percent had received verbal threats, 73 percent had been stalked, 39
percent had received unwelcome comments or been catcalled, and 24 percent had been
stalked. These incidents affect women's perceptions of safety, with only 25 percent of
those surveyed reporting that they felt safe when traveling through the city after 4:00
p.m. In response to this harassment, 87 percent of women reported taking precautionary

measures, including traveling in a group, dressing modestly, and avoiding certain areas.

While sexual harassment is frequent in Hyderabad, it constitutes a crime that is legally
penalizable. Sexual harassment offenses are covered and penalties are governed not only
by relevant legislation of the IPC but also by the HCP Act of 2011. Appendix Table Al
presents sexual harassment observed in the data by mild and severe categories, along

with the corresponding IPC sections and the punishments associated with them.

II.B The SHE Teams Program

In 2014, HCP launched SHE Teams in response to growing concerns about women's safety
following national public debate sparked by the notorious 2012 gang rape and murder of a
young woman in Delhi. The main goal was to improve women's safety in public through

a zero-tolerance approach to sexual harassment.

4Only 2 percent reported property offenses in public spaces in the previous month, including the snatch-
ing of items such as chains, purses, and phones, as well as pickpocketing/theft.



SHE Teams comprises police of cers from HCP and are assigned to the task force for
approximately six months. > Once they begin their assignment, they receive formal train-
ing on street harassment, how to identify and respond to it, the penalties for these crimes,
and their patrol duties. At SHE Teams headquarters, of cers track police report data, so-
cial media, and calls made to HCP's “Dial 100" helpline using a dashboard system, which
they also use to maintain an offender registry. Based on these data, of cers conduct patrols
at locations where harassment typically occurs, such as bus stops, colleges, and shopping
malls. Patrols are composed of teams of three of cers, including one female of cer and
two male of cers, where one is a senior of cer. Before our intervention, SHE Teams had

been operating on a small scale and at low intensity.

SHE Teams uses two tools, at of cers' discretion, depending on the incident's severity
and the evidence available to of cers on patrol: sanctions and warnings. For red-handed
cases, perpetrators are punished according to the offense type. For example, if caught
stalking a woman with suf cient evidence, such as recordings or a victim's complaint,
the perpetrator is arrested and eventually taken to court. Conversely, if the evidence is
insuf cient to stand in court, the of cer issues a notice and warning to the offender. Im-
portantly, once a warning or sanction is issued, police of cers must immediately take the

perpetrator to SHE Teams headquarters.

Before we partnered with HCP, SHE Teams primarily used undercover of cers for pa-
trols across different hotspots. HCP believed this approach effectively reduced sexual
harassment by discreetly detecting and sanctioning perpetrators. Its policy aimed to max-
imize arrests and remove as many sexual offenders from the streets as possible. Conse-
guently, to avoid compromising their undercover status during operations, these of cers
were instructed to keep their actions inconspicuous. The main logic behind this approach
was to incapacitate all key perpetrators without the public knowing about the police's
undercover roles, under the assumption that only a few individuals were responsible for

most incidents.

SHCP operates under a police commissionerate system, headed by a police commissioner from the Indian
Police Service.
6ln 2018, this force consisted of 10 patrol teams.



In 2018, due to growing national interest in SHE Teams and HCP's plan to expand the
program, the city sought to understand the effects of the program before scaling up. To
this end, we designed our study to evaluate it at scale and test how the visibility of pa-
trolling of cers and their tolerance toward sexual harassment affected its incidence. Our
objective was to determine which type of patrol was most effective and to explore how
interactions between police, citizens, and offenders in uenced harassment rates. Given
the social acceptance and frequency of these crimes, we also tested whether visible polic-
ing could deter potential perpetrators. Speci cally, we evaluated whether the visibility of
of cers' actions could reduce harassment or if undercover operations that focus on mak-
ing arrests were more effective. If only a few individuals commit most incidents, under-
cover policing focused on arrests might be more effective; however, if many are involved,

broader police efforts might be needed for signi cant deterrence.

To explore these dynamics, we varied the visibility of police of cers by including SHE
Teams of cers wearing HCP uniforms. During these patrols, uniformed SHE Team of -
cers patrolling hotspots engaged in key activities, such as maintaining a visible presence,
recording incidents for evidence, confronting and publicly sanctioning perpetrators, and

iIssuing informal warnings to deter future offenses.

Il Experimental Design

This section describes the randomized experiment, the data collection process, and study
protocols and considerations. We then outline our empirical model and present results on

randomization, balance, and compliance.

lII.LA Intervention and Design

We use a clustered randomized experiment to identify the effects of uniformed and un-
dercover policing on observed street harassment, with HCP identifying 350 hotspots and
700 adjacent areas located within a 200m and 500m radius of hotspots. The hotspots, un-

der HCP's jurisdiction, meet two criteria: high rates of reported street harassment and no

10



prior targeting by the program. Importantly, they covered the universe of street harass-

ment hotspots that were not previously covered by SHE Teams.

We randomized the 350 hotspots into three groups. The rst group consisted of 100
hotspots patrolled by SHE Teams of cers wearing HCP uniforms. The second group con-
sisted of 100 randomly allocated hotspots patrolled by undercover SHE Teams of cers in
plain clothes. The third group was the control group, comprising 150 randomly allocated

hotspots with no patrols.

During the 24 weeks of the study period, SHE Teams operated with 72 of cers and 17
patrol vehicles. Every Friday, of cers received their daily shift schedules for the following
week, which were planned by the SHE Teams coordinator and the research team a week
ahead of the scheduled patrol. Upon arriving at the SHE Teams of ce every day, of cers
were allocated to a team, and a team leader was assigned based on rank. Individual
of cers were randomly allocated to teams by day and shift (i.e., morning, afternoon, and
evening), and received the list of areas to patrol that day. Importantly, the same of cers
could alternate across arms, meaning they could be in undercover hotspots one week but

in uniformed hotspots another week.

Police patrolling occurred across treated hotspots between 8:00 a.m. and 8:00 p.m.,
with the 24 teams operating during morning or afternoon shifts. Each team spent 15-20
minutes at a given hotspot, which were patrolled, on average, three times per week.  On
average, police patrolled each hotspot for 45 minutes per week (compared to a baseline of

zero). Patrolling is exogenous to the time or day of the week.

While the intervention consisted of only three 15-minute visits per week, the daily
commutes of citizens through these hotspots may increase the likelihood that they will
learn that the police are now at the hotspots targeting sexual harassment. Moreover, the
random allocation of police of cers to various dates and shifts could increase the deter-

rence effect, as it is unpredictable when SHE Teams would be present. Appendix Fig-

’SHE Teams followed a standard mode of police patrolling (Braga et al., 2019), similar to those imple-
mented in other settings such as the United States (Telep, Mitchell and Weisburd, 2014) and the United
Kingdom (Blanes i Vidal and Mastrobuoni, 2018). For a review, see Braga et al. (2019).

11



ures Al and A2 show that police of cers patrolled an average of six days a week, and

their patrolling was similarly distributed across different shifts.

Finally, it is important to note that previous studies on similar 15-minute police pa-
trolling interventions in Colombia, the United States, and the United Kingdom have shown
signi cant crime deterrence effects (Collazos et al., 2021; Blattman et al., 2021; Telep, Mitchell
and Weisburd, 2014; Bland et al., 2021). Notably, Koper (1995) found that in Minneapolis,
the optimal patrol time for reducing crime and disorderly behavior in hotspots is 10-15
minutes, with diminishing returns beyond this duration. These studies, though not specif-
ically targeting harassment, show that brief, regular police presence can effectively reduce

various types of crime, at least in the assigned locations.®

[11.B  Randomization

To account for key factors that affect the degree of street harassment in Hyderabad, we
stratify the randomization across the 350 hotspots and base the strati cation on two cri-

teria that best characterize a public space: footfall (the observed number of people at a
location) and type of public space. First, we measure footfall using data from our Enumer-

ator Observation Survey (EOS) and baseline women's survey (detailed in Section 111.C).
Hotspots are categorized as normal, large and very large based on footfall.® A footfalll
of fewer than 30 individuals is considered low, 30-150 is medium, 150-400 is high, and
anything above 400 is very high. Second, for the type of public space, we use four cate-
gories: educational hotspots, general hotspots (in or near markets and temples), residen-
tial hotspots, and commuter hotspots (Appendix Table A2 provides an overview of the

hotspots by the categories used for strati cation).

We completed the randomization using 2,000 iterations over 57 key variables from the

8The evidence on crime displacement is mixed as it depends on the type of crime, location, and policing
strategies (Banerjee et al., 2019). Moreover, many studies lack statistical power to detect spillovers. One
of the largest-scale interventions in Bogota nds displacement effects on property crimes (Blattman et al.,
2021).

9This categorization was based on the average classi cation by enumerators when conducting the base-
line women's survey and the EOS. The surveys were conducted concurrently with the patrols, so the cate-
gorization accurately re ects the average footfall activity in each area.

12



baseline survey, which includes women's observable characteristics such as age, educa-
tion level, occupation, marital status, transportation mode, victimization rates, perception

of safety, and precautionary measures. Appendix Table A3 shows that the two treatment
groups and the control arm are balanced across these characteristics. Additionally, before
the intervention, the treatment and control hotspots exhibited similar patterns in harass-

ment, safety, and hotspot time-varying characteristics, including footfall.

The randomization also determined the treatment exposure condition for spillover ar-
eas located within a 200m and 500m radius from the hotspots. The spillover areas are pub-
lic spaces that mimic hotspot characteristics in that they are either busy markets, transit
stops (including both bus stops and metro stops), or educational institutions like schools
or colleges. Spillover areas were selected at baseline and visited during the intervention
period. Appendix Tables A4 and A5 show that the spillover areas are comparable across
treatment and control groups, noting that victimization rates are smaller in spillover areas

as our 350 hotspots were the universe of hotspots at the time of the intervention. *°

[11.C Data

Our study relies on four datasets: a baseline women's survey, the EOS, police report data,
and administrative data on police patrols and performance metrics. We also use data from

our own surveys and lab experiments with of cers.

Baseline Women's Survey. We surveyed 8,264 women across the 350 hotspots in our
study, aiming to survey 25 women per hotspot. Women in the hotspots were randomly se-
lected by enumerators to participate in a 15-minute survey conducted onsite. The survey
followed sampling procedures typically used in commuter surveys (Sridhar and Nayka,

2022), where enumerators are instructed to survey participants in a way that would allow

0Appendix Table A6 shows that our selected spillover areas, within 200m and 500m radii, are represen-
tative of other potential public spaces. In particular, we mapped public spaces such as educational institu-
tions, transit stops, and markets using Open Street Maps, thereby ensuring they matched three of the four
hotspot strata, in terms of type of public spaces. Based on this mapping, there are, on average, 1.5 potential
spaces within the 200m radius and 7.1 within the 500m radius. We use Facebook data on male and female
(15—49 years) density and nd no signi cant difference between the spillover areas in our sample and other
potential spaces.

13



for some privacy. Surveys were not incentivized, and we sought informed consent from
participants. In addition, participants were informed before the start of data collection
that they would be asked questions about gender-based violence, and we partnered with
BHAROSA to inform them about the use of support services in case they needed them. **
The total sampling was determined based on power calculations required to identify ef-

fects on our main primary outcomes.

This survey revealed two key insights into the impact of harassment on women's lives.
First, the cost of reporting harassment is high. When asked about potential reasons for
not reporting incidents, 50 percent of women said they were too common, and the police
would not sanction them. The other main reasons included preferring to talk about the
incident with close friends (14 percent), not wanting anyone to know about the incident
(7 percent), and, if they report, not wanting to involve their family members (11 percent).
Moreover, during our focus group discussions, many women revealed that they hide these
incidents from their family because of fear of being prevented from going to work, school,
or simply enjoying the public space independently.

Second, there is a signi cant demand for police services to address harassment. In
our baseline survey, about 80 percent of women reported they would have felt completely
safe if police of cers had been present during their most recent harassment experience at
the hotspot. Moreover, when asked about factors that could improve their safety at these
locations, 64 percent highlighted police presence as a key improvement, far outweighing
other options like more CCTV cameras (14 percent), additional female help centers (7

percent), and better lighting (6 percent).

These descriptives highlight the role of police patrolling in targeting sexual harassment
by potentially deterring these crimes without adding a burden to women (by having to

report it to the police).

The EOS. It is exceptionally dif cult to measure and track sexual harassment over

HBHAROSA provides support services to women and children affected by violence and sexual abuse.
The organization uses a holistic convergence approach, and its model is being replicated in all districts of
Telangana.
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time and across different regions. For example, of cial data on harassment in India are
collected by the National Crime Records Bureau but have serious limitations: they are
only available at the district level, released annually, and solely based on reported inci-
dents. Additionally, while survey data offer more frequent updates and ner details, they
suffer from reporting bias in direct-question surveys and varied perceptions of harass-
ment (Saguy and Rees, 2021). To overcome these measurement challenges, we developed
the EOS to measure incidents of sexual harassment of women in public spaces, aiming to

provide more accurate and timely data.

We recruited 173 enumerators to observe hotspots and spillover areas throughout Hy-
derabad. Trained using the SHE Teams' curriculum, they discreetly used their phones to
record the number and types of sexual harassment incidents at various locations. Each
enumerator observed their assigned location for 15-20 minutes, noting the total number
of victims, the forms of victimization, and any subsequent actions taken by victims, by-
standers, and police.}? Each enumerator observed six hotspots per day and typically vis-
ited these locations once per week, spending an average of 16 minutes per visit, making
the frequency and duration of this activity similar to those of the police patrol exercise.
Routes and locations were randomly assigned daily, and enumerators, who were indis-
tinguishable from the general public, were blind to the intervention and treatments. This
setup was audited by researchers to con rm that passersby would not notice the enumer-
ators, and even patrolling SHE Teams of cers were unaware of the exercise. Additionally,
to mitigate concerns about fatigue and bias, enumerators were rotated three times during
the study, with each batch consisting of 15-20 individuals. In Appendix C, we discuss

additional procedures and ethical considerations.

The EOS took place over 28 weeks: 4 weeks before the intervention started and over-

lapping for 24 weeks with the intervention. Our data include 24,669 enumerator obser-

2Mismeasurement of harassment frequency in hotspots could arise from factors such as crowdedness,
which are inherently linked to harassment. To minimize errors, we implemented several procedures: we
provided enumerators with detailed instructions and extensive training on how to identify incidents and
record them. Enumerators could also input incident data after their 15—20 minute visits to each hotspot so
that they did not have to immediately complete the record. Additionally, recognizing that some hotspots
are larger than others, we strati ed by size and included strata xed effects in all our results.
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vations recorded at treated and control hotspots as well as spillover areas.'®* For every
observational visit, we code the total number of victims and harassment instances they
noted and whether or not victims, bystanders, or police took any action. We construct a
measure for the weekly rate of observed harassment as the total number of observed vic-
tims by type of harassment divided by the number of enumerator visits per week. Figure
A3, panel (a) shows the distribution of harassment incidents across the city, as measured

by the EOS at baseline.

Validity of the EOS.The harassment measure based on the EOS has multiple advan-
tages. First, reporting effects—a challenge to address—did not impact the EOS given
that enumerators recorded harassment faced by other women. Second, the EOS tracks
changes in harassment over time and across locations, an important and innovative fea-
ture enabled by enumerators' daily observations. This frequent data collection improves
our ability to identify the intervention's short-term effects. Third, the EOS was separate
from the experiment since enumerators were blind to the treatment assignment, and both
of cers and citizens were unaware of the observation exercise, allowing us to obtain an
accurate and unbiased account of the treatment effect. Because uniformed SHE Teams of-
cers were indistinguishable from other police task forces, enumerators did not associate

the patrols with the observation exercise since the police presence appeared typical.

To validate our measure, we analyze if enumerators changed their behavior. Appendix
Figure A4 con rms that both the visits and duration of the enumerator observation were
unrelated to the treatment assignment of a hotspot/spillover area. Moreover, the timing

of the visits was uncorrelated with the treatment assignment (see Figure A5).

These results align with the rotation of enumerators across different hotspots (treated,
control, and spillover areas) and their replacement three times during the exercise. For
example, an enumerator might monitor a uniformed hotspot one week and visit control

hotspots, spillover areas, or undercover hotspots the next week. Consequently, unlike

BIn Appendix D we describe the EOS survey instrument in detail.

14Figure A5 shows the number of visits by the enumerators from 8:00 am to 2:00 pm and 2:00 pm to 8:00
pm, by treatment arm. These time ranges correspond to peak travel hours for men and off-peak hours for
women.
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regular commuters who frequent the same hotspot daily, enumerators lack a historical
perspective and only have limited current insights about a hotspot due to their movement
across various locations. Additionally, the timing of their visits was not synchronized
with police visits, reducing the likelihood that they would learn about the intervention
targeting harassment. In fact, only 3.9 percent of the enumerator visits coincided with

police visits, making it unlikely for them to recognize the police's anti-harassment efforts.

Sexual Harassment Observationgigure | shows the distribution of sexual harassment
incidents by category. Enumerators recorded about 11,913 incidents of street harassment,
with approximately 75 percent classi ed as mild and 25 percent as severe. > We also calcu-
late how many minutes takes to observe a case of sexual harassment from the perspective
of an enumerator. To do so, we calculate the total number of victims of sexual harassment
observed and the total time in minutes they spent in the hotpots. We calculate that, on
average, an enumerator observes a sexual harassment victim every 36 minutes, approxi-

mately.

Using the EOS, we also nd that enumerators observed that over 50 percent of victims

responded to harassment by moving away from the location (see Appendix Figure A7).

SAppendix Figure A6 illustrates variations in the distribution of offenses by time of day and hotspot,
highlighting a higher concentration of physical abuse during evening shifts.
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Figure I: Street Harassment in Hyderabad

Note: The gure illustrates the percentage distribution of street sexual harassment incidents by type. The
data encompasses a total of 11,913 recorded incidents throughout the study period from the Enumerator
Observation Survey.

Police Reports. To measure citizens' willingness to report an offense to the police, we
used incident-level data on all complaints reported to HCP's “Dial 100" helpline for 43
weeks—16 weeks before the intervention and 27 weeks during it. As Dial 100 calls are the
most common way to seek an emergency police response across India, including Hyder-
abad, these data served as our measure of citizen reporting behavior at the hotspots.*® For
each call, the responder collected information on the type of incident, the location, and
the date. To create a measure of unique calls made from hotspots in a given week, we
geocoded the location of each complaint and mapped it to the nearest hotspot. We also

gathered data on calls reporting crimes against women (including street harassment and

®pjal 100 is similar to 911 in the United States. The average response time in urban areas is estimated to
be 5-10 minutes, and satisfaction rates for the service are very high among victims of gender-based violence
(Srinivas, 2020).
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other crimes) to test for potential spillovers of the intervention across different types of
crime. Our main dataset consists of calls from 350 locations over 27 weeks and data from

16 weeks before the intervention.’

Police Patrols and Performance Metrics. To measure police compliance with the treat-
ment and to assess subsequent police performance, we construct the following variables.
First, we use a weekly measure for total patrols in a hotspot and their duration (in min-
utes). To create these variables, we use GPS tracking data for each vehicle that the police
team traveled in (each patrol team traveled in its own vehicle). '8 We then map the routes
and the parking time of each vehicle at the hotspots to create dummies for hotspot visits.
Last, we calculate the duration of a patrol from the number of minutes a vehicle's ignition

was off in a hotspot's vicinity.

Additionally, we have data on all actions taken by police—recorded as red-handed
cases and warnings issued—that teams attributed to any harassment incident identi ed
during a patrol at a given hotspot. The visit and duration data help us test of cer compli-
ance with the intervention requirements, and the data on red-handed offenses and warn-

ings serve as our measure of incapacitation.

Police Of cer Survey and Experiments. We conducted a telephone survey with a
cross-section of HCP of cers to ask about their employment history with HCP; their views
on policing, sexual harassment, and SHE Teams; and their own perceived skills, job moti-
vation, and demographic information. We sent of cers a letter informing them of our col-
laboration with HCP and inviting them to participate in a 30-minute anonymous survey.
Next, we called them to arrange a convenient time to conduct the survey. We surveyed all
of cers who had ever worked with SHE Teams, including those involved in our interven-
tion, as well as all other of cers from the same police stations and of the same rank as the

SHE Teams of cers before they joined the task force. Our nal sample consists of all SHE

"Appendix Figure A3 shows the harassment reports received via Dial 100 calls, which closely align with
the incidents recorded in the EOS dataset shown in panel (a). Combining both datasets using the spatial
proximity and the time of the events, we estimate that only 4.5 percent of the cases observed by enumerators
are reported to the police.

80n any given day, of cers gathered with their teams at the SHE Teams of ce and began patrolling in
their own assigned vehicle. Each team leader received a list of hotspots to cover during their shift.
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Teams of cers and 226 other HCP of cers.

To maximize our sample size for the lab experiments, we used a two-step sampling
process with police of cers. First, we invited all SHE Teams of cers. Next, we selected ad-
ditional of cers from those who had completed a previous survey and had participated in
non-SHE Teams patrols during the same period as the intervention. This selection aimed
to include of cers who performed tasks similar to those of SHE Teams personnel. Our
nal sample of of cers for the lab sessions included 354 participants. We invited them in
groups of 10 for one-hour sessions and combined of cers from different task forces and

police stations in the same sessions'®

l1I.D Timeline and Comprehensive Study Protocols

Figure Il shows the four-year study timeline from 2018 to 2021. Qualitative interviews, en-
gagement with the police, and scoping work began in the summer of 2018. The baseline
women's survey and the baseline EOS exercise occurred between August and September
2019. After SHE Teams of cers were enrolled in the task force and randomly assigned
teams to hotspots and their respective spillover areas, the intervention began in mid-
September 2019 and concluded after 24 weeks. During this period, the EOS exercise was
undertaken across the 350 hotspots and 750 spillover areas. Following pandemic stay-
at-home orders in Hyderabad, we conducted lab experiments with the of cers between

March and April 2021.

Our empirical analysis deviates from the pre-analysis plan due to COVID-19-related
data collection disruptions, detailed in Appendix B. Of the four pre-speci ed primary
outcomes, only observed harassment was feasible for analysis, which we categorized
into severe and mild based on the IPC and discussion with several Indian Police Ser-
vice of cers. Moreover, this distinction aligns with recent developments in the literature
that have emerged since our pre-registration (Sharma, 2023), prompting us to examine

these two outcomes separately. Although this adjustment left us with only one primary

¥In Appendix D, we detail the lab protocol and safety and ethical procedures that were followed.
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Figure II: Timeline of Activities

Enumerator Observation Survey
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outcome, making multiple hypothesis corrections potentially misleading, we nonetheless

conducted the pre-speci ed multiple hypothesis tests on these forms of harassment.

Regarding external validity, an important concern is the potential differences between
SHE Teams of cers and other HCP of cers. SHE Teams of cers are typically older and
more likely to be female than their HCP counterparts. However, these differences are by
design, as each SHE Teams include at least one female of cer and a larger share of higher-
rank of cers relative to other patrol teams. Moreover, of cers are assigned to SHE Teams
from a sample of about 10,000 of cers across all police stations in Hyderabad, without
self-selection into these roles. Despite these differences, in our lab experiment aimed to
determine if SHE Teams of cers have different views toward harassment relative to other

police of cers, we nd no evidence of such differences.

Finally, the project received ethical clearance from Princeton University and the In-
stitute of Financial Management and Research in India. In Appendix C, we detail the
structured ethical approach following Asiedu et al. (2021), focusing on policy equipoise
and scarcity, the research team's role, potential harms, con icts of interest, intellectual
freedom, feedback mechanisms, and potential misuse of research results. The discussion
primarily centers on the EOS exercise, outlining the measures taken to ensure the well-

being and safety of enumerators.
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lI.LE Empirical Speci cation

As previously outlined, we randomized the 350 hotspots to one of three experimental
arms: uniformed patrols, undercover policing (of cers in plain clothes), and control. To
compute direct treatment effects for each arm, we compare the average observed harass-
ment at treated hotspots to control hotspots. To estimate spillover effects, we draw 200m
and 500m rings around treated and control hotspots, identify a busy area within those

rings, and compare the rate of harassment on streets in these areas.

A priori, we expect uniformed of cers to have both a deterrence effect from visibly
patrolling the hotspot and an incapacitation effect from issuing warnings, sanctions, or ar-
resting the perpetrators. Given that SHE Teams of cers wear regular police uniforms and
citizens may not associate regular policing with targeting sexual harassment, deterrence
effects may take time to materialize. Thus, the long-term effectiveness of these patrols
might depend on the visibility of penalties being consistently imposed on perpetrators. As
both victims and perpetrators observe and learn about the consequences of harassment in
these regularly patrolled areas, the likelihood of such incidents may decrease over time.
Conversely, undercover of cers, indistinguishable from regular citizens, are unlikely to
generate deterrence effects but are expected to have an advantage in incapacitation, as

they can catch perpetrators in the act more easily.

We estimate treatment effects using the following equation:

Harassment,, = o+ iUniformedy+ >Undercover+ X+ s+ hwi (1)

where the main dependent variable of interest is Harassmenty,,, which represents the
number of observed victims of a type of harassment per enumerator visit at each hotspot
hin week w. Uniformed y, is a dummy that equals one if a hotspot was randomly assigned
to be patrolled by uniformed of cers and zero if it was randomly assigned to the control
group. The difference between the uniformed arm and the control arm is captured by
the coef cient ;. Undercovey, is a dummy that equals one if the hotspot was randomly

assigned to be patrolled by undercover of cers. The coef cient , captures the difference
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between the undercover arm and control arm. Xy, is a vector of hotspot-week character-
istics that includes dummies for whether the hotspot was affected by a public holiday or

a bus strike in week w. ¢ are strata xed effects, and ,, is the error term.

Standard errors are clustered at the hotspot level. We also correct p-values using the
adjustments proposed by Westfall and Young (1993). We report the family-wise error rate,
accounting for the two treatments, and p-values are obtained from 1,000 bootstrap replica-
tions to account for correlation across the different outcomes. We also report randomized
inference p-values to address the issue that hotspots in this urban context are not well-
de ned geographic areas. As a result, clustering the standard errors at the hotspot level
could lead to a biased estimation of the intervention effect. To address this concern, we
present estimations for the main intervention sample and the spillover areas separately.
We also present p-values obtained from randomly rearranging the treatment conditions

and re-estimating our coef cients of interest using the placebo assignment. %°

lIl.LF  Compliance and Police Patrol Performance

To illustrate of cers' compliance with the intervention, Table | provides descriptive statis-
tics on the number of times a hotspot was patrolled, time spent at the hotspot, and the
number of warnings and sanctions issued at the location. We nd that of cers followed
the guidelines and complied with the treatment. On average, they visited each hotspot
three times per week and spent about 15 minutes per visit. In addition, they issued on

average 0.02 warnings and sanctions per visit per week at each hotspot.

20We calculate randomized inference p-values using 500 random permutations.

23



Table I: Descriptive Statistics on Patrolling Behavior

Mean SD Min Max Obs
(1) (2 () (4) (5)

Total Visits 3.087 1926 0.000 10.000 4,800
Duration per Visits (Minutes) 15.339 13.330 0.000 150.000 4,800
Warnings plus Sanctions per Visits 0.019 0.112 0.000 1.600 4,800
Warnings per Visits 0.013 0.092 0.000 1.500 4,800
Sanctions per Visits 0.006 0.056 0.000 1.000 4,800
Total Victims per Visit 0.449 0.612 0.000 5.000 2,879

Note: The table shows descriptive statistics on the total number of times a hotspot was
patrolled, time spent at the hotspot, and the number of warnings and sanctions issued
at the location. It further provides information on the duration, number of warnings
and sanctions per patrol visit, as well as the number of victims per enumerator visit.
Each observation is a hotspot-week combination. The sample is restricted to treated
hotspots of both arms, undercover and uniformed (4,800 observations). Data sources:

Police vehicle GPS trackers.

Next, we study how of cers' compliance with the intervention varied by treatment
arm, estimating equation 1 to analyze time spent at hotspots and the number of warn-
ings and sanctions issued. Table Il presents the results. Column (1) shows that at while
patrolling hotspots in uniform, of cers spent less time per visit (about 12 minutes) than

undercover of cers, who spent about 18 minutes per visit.

Columns (2)—(4) show an increase in warnings and sanctions by police of cers in both
arms relative to the control group. Consistent with the theory predicting larger incapacita-
tion effects at undercover hotspots, undercover of cers issued more sanctions and warn-
ings than visible of cers. Unlike uniformed police of cers, the presence of undercover
of cers does not directly deter crime and thus, there might have been a greater number
of incidents committed at these hotspots. Moreover, even when undercover of cers make
arrests, their activity is less salient to perpetrators because they are dressed as civilians.
This nding could also explain the more time spent per visit per hotspot by undercover

vs. uniformed of cers. Since undercover of cers could better identify perpetrators and
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thus issued more warnings and sanctions than uniformed of cers, they spent more time

at the hotspots. On average, undercover police of cers sanctioned 8.6 percent of cases?!

Table II: Effects on Patrol Duration, Warnings, and Sanctions per Visit

Patrol Duration Warnings Sanctions Warnings

and Sanctions

1) 2) 3) 4)

Uniformed 12.697*** 0.007*** 0.003*** 0.010***

(0.297) (0.002) (0.001) (0.002)
Undercover 18.014*** 0.018*** 0.010*** 0.028***

(0.388) (0.003) (0.002) (0.004)
Observations 8,400 8,400 8,400 8,400
Mean of Dep. Var. / Control 0.000 0.000 0.000 0.000
Uniformed=Undercover (p-value) 0.000 0.001 0.001 0.000

Note: The dependent variables are patrol duration per visit and the number of police actions (sanctions
and warnings) per visit. Each observation represents a hotspot-week combination. The regressions in-
clude xed effects for strata. Uniformed is a dummy that equals one if a hotspot is in the uniformed
treatment arm and zero if it is a control group hotspot. Undercover is a dummy that equals one if a
hotspot is in the undercover treatment arm and zero if it is a control group hotspot. Standard errors are
clustered at the hotspot level and shown in brackets. Data sources: Police vehicle GPS trackers and SHE

Teams administrative records. The data includes treated and control hotspots.

Overall, our results show that police of cers complied with the assignment and in-
creased the number of warnings and sanctions relative to the control group, where no

of cers were assigned.

210n average, these of cers sanction or warn 0.041 cases, and the number of victims per visit in the control
group is 0.471.
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IV Results

IV.A Police Patrols and Street Harassment

Table Il presents the effects of uniformed and undercover patrols on total street harass-
ment and offenses by severity. While we nd no effects on the aggregate measure, we nd

a 27 percent reduction in severe sexual harassment in locations patrolled by uniformed
police, as shown in Column (2). On average, there are 67 people per hotspot visit. As-
suming conservativelythat 30 percent are women (20), of these on average 12.9% or 2.6
women face severe harassment at a control hotspot in Hyderabad in a week. A 27 per-
cent reduction amounts to 0.7 fewer women being victimized by severe harassment per
week. However, uniformed policing had no effects on mild sexual harassment, as shown
in Column (3). Additionally, undercover policing did not affect the incidence of any type

of street harassment. These results are robust to the adjustment of p-values, different spec-
i cations such as the week, enumerator xed effects, controlling for public holidays and
bus strikes, and using the number of offenses per incident event—rather than the unique

number of instances—as the main dependent variable (see Appendix Tables A7 and A8).22

Deterrence and Incapacitation Effects. Given that undercover police issued more
sanctions than uniformed of cers but only uniformed of cers affected harassment inci-
dents, we can infer that the effect of uniformed police patrols comes from the deterrence
of criminals. The lack of direct incapacitation effects on harassment is in line with the
results presented in Tables | and II, which show that even when police of cers issued
warnings and sanctions in treated hotspots, these numbers were small relative to the to-
tal number of victims identi ed by enumerators each week. On average, enumerators
observed 0.447 incidents per 15-minute visit per hotspot, but undercover of cers could

sanction and warn in only 8 percent of these cases?®

22In Appendix Table A9, we conduct exploratory analysis to identify which types of street harassment
cases could be driving the results. We nd that the effects are driven by touching/groping and intimidation.

Z3Concerns about enumerators detecting sexual harassment incidents more effectively than police of cers
appear unfounded. Both groups received similar training, and SHE Teams patrols included at least one
female of cer and consisted of three people, potentially offering more comprehensive coverage than a single

26



The undercover nature of the of cers reduced any potential deterrence effect from
their arrests. Since they concealed their identities while making arrests, it was dif cult
for citizens to notice and understand the warnings and sanctions being issued. In con-
trast, arrests made by uniformed of cers were more visible to the public, as they openly
explained the reasons for arrests and highlighted the role of SHE Teams in addressing sex-
ual harassment. In fact, we corroborate this mechanism with enumerator data showing
more police activity observed in uniformed hotspots compared to control hotspots, with

no similar in undercover hotspots (see Appendix Table A10).

To shed further light on whether the presence of uniformed police deterred perpetra-
tors, we study monthly dynamic effects of the intervention in Figure A9. The deterrence
effects became apparent after the second month and persisted throughout the interven-
tion. Furthermore, arrests at uniformed hotspots were mostly concentrated in the rst
months and declined in the last months since of cers had already deterred perpetrators

(see Appendix Figure A10).

The lack of immediate effects of uniformed policing could be explained by perpetra-
tors gradually learning that the of cers in our intervention targeted sexual harassment.
Although offenders observed uniformed police from the rst month, it took time for them
to recognize the police's focus on sexual harassment. This is supported by the small num-
ber of sexual harassment sanctions by regular police of cers before our intervention—only
45 in 2017—suggesting that citizens might not have associated police of cers with target-
ing sexual harassment. Additionally, using our data on EOS combined with police calls,
we nd that only 4.5% of the observed harassment incidents were reported to the police,
with the main reason for non-reporting being the perception that sexual harassment was

too common and unlikely to be sanctioned (as found in the baseline women's survey).

Finally, the delayed effects at uniformed hotspots could also be due to the interven-
tion design. Police presence at these hotspots was random, occurring only three times

per week at different times and dates. For example, while an individual might witness

enumerator. Moreover, Section V.A shows that police of cers, including SHE Teams members, could detect
sexual harassment offenses most of the time. Finally, enumerators detected harassment in the exact same
conditions as of cers in terms of crowds, lighting, etc.
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police sanctioning harassers on one day, they might miss seeing the police on other days
if subsequent visits occur at different times. Therefore, the timing and randomness of the

15-minute visits likely in uenced when the intervention's effects became noticeable.

In contrast, when examining the effects of undercover hotspots over time, we nd
no evidence of the pattern observed at uniform hotspots. Appendix Figures A1l and
Al12 show that although sanctions increased every month during the intervention, there
was no reduction in harassment of any type. This result may be because perpetrators
are less likely to notice sanctions in undercover settings, reducing the deterrent effect.
Indeed, our analysis of the effects of the rst sanction in undercover hotspots reveals no
subsequent decrease in harassment (see Appendix Figure A13). These results suggest
visible police action might be necessary to deter perpetrators and achieve reductions in

sexual harassment?*

Police Visibility. Next, to evaluate if the reduction in harassment was sustained, we
take advantage of the fact that police of cers and enumerators were rarely at the same
hotspot simultaneously. Using their overlapping times, we conduct the following analy-
sis. First, we estimate the effects using the times that they did not overlap. Second, we
control for the share of visits in which they overlap. Third, we calculate the victimiza-
tion rate for a hotspot week, excluding overlapping visits. Appendix Tables Al11, A12,
and A13 present the results, showing similar effects on harassment at uniformed hotspots
in all speci cations. These results indicate that the intervention's effects may continue

beyond its conclusion.

We also perform several tests to validate whether visible policing affects enumerators'
perceptions of harassment. Using the EOS data, we nd that the results are robust to ex-
cluding the weeks where the enumerators reported observing police action, controlling
for those visits, removing all the weeks after they observed the rst sanction, and calcu-

lating the victimization rate without the observation where enumerators saw police action

24f the policy goal is to maximize arrests and reduce the number of perpetrators, undercover policing
might be more effective. However, considering the large pool of perpetrators relative to the arrest rate, this
approach could require more time.

28



(see Appendix Tables A14 to A17).2° In Appendix A, we examine other mechanisms, such
as displacement effects, reporting effects, other crimes, and gender norms. Tables A18 to

A23 show no evidence that these mechanisms are driving the reduction in severe cases.

Overall, our results suggest that the decline in severe sexual harassment occurred be-
cause uniformed police of cers not only incapacitated offenders but also deterred poten-
tial ones. However, it remains unclear why visible police of cers did not impact mild
sexual harassment. In Section V, we study other possible mechanisms, such as police atti-

tudes regarding these crimes, to understand the lack of effect on mild sexual harassment.

25To further validate the EOS measure, we analyze if enumerators' characteristics in uenced their ability
to detect harassment. Appendix Figure Al4 presents the coef cients of the interaction term between enu-
merator characteristic X (x-axis) and treatment status Z, which is a dummy variable that equals one if the
hotspot was assigned to uniformed police, and zero if assigned to undercover police. We run three different
regressions per characteristic, targeting all types, severe, and mild harassment cases, represented by orange,
green, and blue coef cients, respectively. The results generally show no differential effect of enumerators'
characteristics on their harassment detection capabilities across treatments.
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Table IlI;: Effect of Police Patrols on Street Harassment

Sexual Harassment in Public Space

Total  Severe Mild
1) 2) (3
Uniformed -0.029 -0.035*** 0.006
(0.025) (0.013) (0.019)
[0.288] [0.008] [0.770]
f0.038y £0.896y
Undercover -0.009 0.006 -0.015
(0.026) (0.014) (0.018)
[0.708] [0.608] [0.400]
f0.896y £0.796y
Observations 4,988 4,988 4,988
Mean of Dep. Var. / Control 0.471 0.129 0.342
Uniformed=Undercover (p-value) 0.478 0.002 0.325

Note: The main dependent variable is the rate of harassment observed in a hotspot-week.
This measure is the ratio of identi ed victims of severe or mild sexual harassment and
total enumerator visits for a hotspot in a week. Severe victimization includes victims of
stalking, forceful unwanted touching/groping, intimidation, indecent exposure, physical
abuse, and abduction. Mild victimization consists of victims of unwelcome comments/
catcalling/ whistling, inappropriate gestures and facial expressions, taking photographs
without consent, and ogling. Total harassment victimization is the sum of the number
of victims of severe and mild forms of harassment. In Column (1) we present the rate
per total harassment and in Columns (2) and (3) we display the rate by severe and mild
harassment, respectively. Each regression includes strata xed effects. Uniformed is a
dummy that equals one if a hotspot is in the uniformed treatment arm and zero if it is
a control group hotspot. Undercover is a dummy that equals one if a hotspot is in the
undercover treatment arm and zero if it is a control group hotspot. Standard errors are
clustered at the hotspot level and are in brackets. Randomized inference p-values are
displayed in squared brackets. Westfall-Young adjusted familywise error rate p-values

are in curly brackets. Source: Enumerator Observation Survey.
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IV.B Impact of Policing on Women's Adaptive Behavior to Street Ha-

rassment

In this section, we examine whether the decrease in severe harassment at hotspots with
uniformed patrols affected women's response to harassment. At baseline, over 50 percent
of women reacted to harassment by moving to safer areas. This behavior, often leading
to changes in travel routes, is associated with increased travel costs (Kondylis et al., 2020)
and adverse educational outcomes for women (Borker, 2024). We investigate whether
SHE Teams can reduce such precautionary responses, using EOS data where enumerators
observed women's actions in response to harassment as indicators of safety perception.
We de ne as an outcome variable a dummy indicating whether women were observed
moving to another block, eeing from perpetrators, or avoiding certain areas within the

hotspot.2°

Table IV shows that in hotspots patrolled by uniformed of cers, enumerators observed
a lower rate of women moving to safer locations within the hotspot due to harassment.
This result suggests that uniformed policing effectively improved women's safety percep-
tions, making them less likely to move in response to sexual harassment. These results
are robust to directly using the actual number of women who moved or assigning a zero

value to hotspot-weeks with no victims (see Appendix Table A24).

2%|n the original design, we intended to administer an endline survey to quantify the intervention's effects
on female labor force participation, mobility, and reactionary reports. However, we could not collect these
data due to the COVID-19 pandemic.
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Table 1V: Street Harassment and Women's Mobility

Share of Victims Moving Location due to Sexual Harassment in Public Spaces

Severe Mild
1) 2

Uniformed -0.061** 0.027

(0.031) (0.021)
Undercover 0.001 0.023

(0.032) (0.020)
Observations 774 2,022
Mean of Dep. Var. / Control 0.211 0.236
Uniformed = Undercover (p-value)  0.064 0.845

Note The main dependent variable is the share of women observed by enumerators
who moved to another block, ed, or avoided an area within the hotspot in response
to severe and mild harassment. We present this variable for victims of severe harass-
ment in Column (1) and for victims of mild harassment in Column (2). Each regression
includes strata xed effects. Uniformed is a dummy that equals one if a hotspot is in
the uniformed treatment arm and zero if it is a control group hotspot. Undercover is a
dummy that equals one if a hotspot is in the undercover treatment arm and zero if it
is a control group hotspot. Standard errors are clustered at the hotspot level and are in

brackets. Source: Enumerator Observation Survey.

To further understand if the changes in women's mobility are due to the decline in
severe sexual harassment and improved safety, Appendix Table A25 analyzes the rela-
tionship between the rate of severe harassment over total offenses and the probability of
moving to another block. Consistent with the idea that uniformed policing would make
hotspots safer, we nd that in hotspots with lower cases of severe harassment, women
were less likely to move. These results are consistent with qualitative evidence highlight-
ing that as women feel safer, they believe harassment is less likely to escalate because
police of cers will intervene. Additionally, in Appendix Figure A15, we consider whether

women substituted police response for autonomous action, but we nd no evidence of
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it. 2’

Overall, these results show that improvements in law enforcement, which can act inde-
pendently from women's police reports, can help reduce the burden on women to respond
to harassment on their own. This result is particularly relevant given the stylized fact that
harassment happens too often, is largely committed by strangers, and the costs for women
to address harassment are extensive, as shown in our baseline data and previous qualita-

tive evidence (Hardt et al., 2023).

V Mechanisms

In this section, we study the mechanisms behind the reduction in severe harassment and
the lack of effects for mild offenses from uniformed patrolling. Speci cally, we aim to
understand how police of cers' views on street harassment affect their performance and,

ultimately, the incidence of sexual harassment.?8

V.A Lab Experiments

Between January and March 2021, we conducted lab experiments to determine if of cers'
ability to detect and punish harassment offenses—along with their overall tolerance—
explained the intervention effects. Given that of cers must prioritize among multiple
offense types, and since more severe offenses are likely easier to detect and prosecute, our
rst experiment focused on HCP of cers' capacity to detect and respond to mild offenses.

In the second experiment, we compared how SHE Teams of cers' likelihood of punishing

2"\We also rule out that effects are driven by compositional effects. Table A26 in the Appendix examines
how changes in the composition of women at these hotspots may have in uenced the observed effects.
Analysis of the EOS data reveals no differences in women's age, skin tone, or attire despite these factors often
being cited as precipitating harassment. Additionally, using the EOS data, Table A27 considers changes
in perpetrator types and their familiarity with victims. The ndings suggest that uniformed policing did
not selectively deter unfamiliar perpetrators, as no signi cant variations in the characteristics of victims or
perpetrators were detected.

28Dhillon and Bakaya (2014) nd that of cers in Delhi stations vary extensively in their perception of
victims and of their role when implementing laws regarding harassment. Victims tend to have better inter-
actions with the police when of cers' attitudes align with the law. We hypothesize that SHE Teams of cers
are more effective when their actions are aligned with the governing.
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mild sexual harassment offenses differed from their response to more severe ones.

We invited 354 HCP of cers (including SHE Teams of cers participating in our in-
tervention) to attend a one-hour session in a lab at HCP headquarters that was created
speci cally for our research. Each lab session was designed for up to 10 of cers, with 8
of cers attending each session. Participation was mandatory, and all the of cers partic-
ipated.?® Of cers were incentivized for correct answers that could earn each participant
a maximum of INR 520 (USD 6.19) in the form of an Amazon voucher. To measure their
attention during the experiment and maximize their engagement, each experiment also
contained two encouragement messages and attention checks. Of the 354 of cers invited

to participate in the experiment, 18 (5%) did not pass the attention checks.

During the experiment, each of cer was shown nine videos of vignettes to elicit their
reactions to speci c situations, after which they answered a brief survey indicating their
response to each hypothetical situation. Of the nine videos, six depicted instances of mild
sexual harassment, one showed a property offense, and two showed neutral events with-
out any illegal activity. *° In all the videos, women were depicted either as victims or
as protagonists engaging with men. We randomized the presentation of videos in two
ways: the order in which the videos were shown, and the playback speed (fast videos
were played at a speed of 1.75x)3! This randomization approximated the challenges of -
cers face on patrol since detecting sexual harassment requires a high degree of attention,
knowledge, and quick response. We showed several videos to provide multiple oppor-
tunities to measure detection as sexual harassment varies substantially in form, and it
would be dif cult to obtain an accurate representation based on only one vignette. To
gather of cer-level data, we combine data obtained from this sample with data from the

phone survey conducted earlier.

29Appendix Figure A16 shows the distribution of seats and the setting. We obtained full compliance, as
the HCP Commissioner of Police endorsed our lab experiment and phone surveys.

30Appendix Table A28 describes the scenes and types of videos. The scripts were developed based on
real instances of sexual harassment that women described during the pilot of the baseline survey and from
police reports made to the SHE Teams of ce.

3lFor instance, if a video was 2 minutes long, a sped-up video lasted 1.14 minutes. Through piloting, we
determined that these videos mimicked street conditions, and they allowed suf cient time for of cers to
notice and identify sexual harassment.
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To test the role of the of cers' detection ability, their probability of administering pun-
ishment, and their tolerance of mild sexual harassment versus instances in which no ha-
rassment occurred, we compare of cers' responses across video types (mild sexual ha-

rassment versus no harassment) such that

Yvos = o+ i1SexualHarassment, + <+ o, (2)

where Y,s IS the main dependent variable of interest for each video v randomly shown
to ofcer oin sessions. The main dependent variables are de ned as follows. Offense
identi cation is a dummy that equals one if of cers correctly identify the scene displayed

in the video, and Perception of ease of detection of an offensedummy equal to one if
of cers perceive the offense as being easy to detect. Rate of the necessity of investigatisra
dummy that equals one if an of cer thinks the offense requires action, and Punitive action
is a dummy that equals one if of cers take some action (e.g., give a warning or take in the

suspect to the station).

The main independent variable of interest is SexualHarassment,, a dummy equal to
one for videos displaying mild harassment incidents and zero otherwise. ¢ is lab session

xed effects, and . is the error term. Standard errors are clustered at the of cer level. 32

Table V presents the results. Column (1) shows that about 82 percent of of cers de-
tected sexual harassment in the videos, and of cers were equally likely to detect mild
cases of harassment relative to property crimes. Additionally, police of cers could detect
even mild cases of harassment when the video was sped up. These results suggest that

the lack of effects on mild harassment was not due to an inability to detect these crimes.

Column (2) shows that while of cers detected both mild harassment offenses and

property crimes in public, they were 10 percentage points less likely to believe mild street

320n average, 81 percent of of cers participating in the experiment were male, 59 percent had a graduate
or postgraduate education, and 14 percent were SHE Teams of cers. Of cers' ability to identify was high,
with 82 percent correctly identifying a scene, 61 percent perceiving that detection was easy, and 80 percent
not dismissing an incident—consistent with the fact that 8 out of the 9 videos displayed a crime incident.
However, 40 percent of of cers exhibited signi cant victim-blaming beliefs. Since we randomized by type of
video and speed, we also nd that of cers' characteristics did not differ across treatment arms. In addition,
their total completion time for the experiment and the composition of the session were well-balanced.
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harassment was easy to detect compared with property crime. Columns (3) and (4) show
that of cers believed they did not need to detect or punish mild street harassment crimes.

These results suggest that of cers were less likely to pursue charges for mild harassment
cases, both because they viewed them as requiring more effort and as being less impor-

tant.33

Table V: Detection, Tolerance, and Punishment of Sexual Harassment vs. Other Crimes

Detection Easyto Detect Needto Punish

Address
1) 2) 3) (4)
Mild Sexual Harassment  -0.024 -0.097*** -0.076*** -0.187***
(0.022) (0.022) (0.010) (0.012)
Obs. 2,688 2,688 2,688 2,688
Dep. Var. Mean 0.818 0.698 0.916 0.836

Note: Mild Sexual Harassment is a dummy that is equal to one for videos displaying
mild harassment incidents and zero otherwise. The dependent variable in Column (1) is

a dummy that indicates if an of cer was able to differentiate sexual harassment offenses
from other offenses in the videos. The outcome in Column (2) is the share of of cers who
believed sexual harassment offenses were easier to detect than non-sexual crimes. Col-
umn (3) uses a binary indicator for whether police of cers believed they should invest
their time gathering evidence against mild sexual offenses as the outcome. Column (4)
reports the treatment effect on a dummy that indicates whenever an of cer believed that
sexual offenses deserved punishment. Clustered by police of cer standard errors in brack-

ets: p< 01, p<0:05 p< 001l Source: Lab experiment data.

In our second experiment, SHE Teams of cers watched videos on street harassment,

and we varied the severity of cases. Both the rst and second exercises were implemented

33In Appendix Table A32, we leverage the comprehensive data encompassing all police of cers, not just
SHE Teams, to explore variations in effects by of cer type. The analysis reveals that SHE Teams of cers
are more adept at detecting street harassment crimes than their non-SHE Teams counterparts. However,
their attitudes toward these crimes are consistent with those of average police of cers. This nding is
consistent with the training objectives of SHE Teams, which focus on improving skills in detecting street
harassment and understanding relevant legislation rather than changing personal attitudes or views toward
such crimes.
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in the same structure and sample, with the main difference being that in the second exper-
iment, all of cers viewed the same videos and the conditions did not vary. Here, of cers
viewed seven videos—one mild offense and six severe offenses3* Based on this experi-
ment, we evaluate the performance of of cers who only worked in the SHE Teams pro-
gram, which deals exclusively with patrols and sexual harassment offenses. The results
are very similar to those in Table V. These of cers were more likely to detect mild offenses
but much less likely to punish them (see Table A33). This result is consistent with the intu-
ition that of cers' attitudes, rather than their ability to detect harassment, may primarily
explain why SHE Teams patrols had little effect on the incidence of mild harassment. We

directly test this hypothesis in the next section.

V.B Heterogeneity Based on Police Of cers' Views of Harassment

Given the variation in attitudes across police of cers concerning street harassment, we
exploit data on their individual characteristics to analyze the impact of their views on sex-
ual harassment. Speci cally, we use information based on eight different items related to
policing, sexual harassment, and their roles in preventing and punishing such crimes. We
combine these individual-level data with weekly data on of cers' hotspot assignments
and merge them with the EOS data to create a hotspot-week measure of of cers' attitudes
toward sexual harassment. It is worth noting that the teams and assignments varied ran-
domly by day. As a result, our measure of gender attitudes explores the variation in team
attitudes across hotspots and over time.*® To calculate and analyze the results, we create
a dummy equal to one if the attitudes of the team patrolling a given hotspot-week are in

the top quartile of the distribution across teams, and zero if not. 3¢

Table VI presents these results. Column (1) shows that uniformed of cers with harsher

34Appendix Table A28 describes the scenes and types of videos. We developed the scripts based on
instances of sexual harassment that women described during the pilot of the baseline survey and from
reports made to the SHE Teams of ce.

35Figure A17 shows that police of cers' attitudes are balanced across treatment arms.

36We also analyze whether women's norms or bystander behavior at baseline at the hotspot mitigated
the effects (see Appendix A). We nd no evidence that the effects were smaller in hotspots that were more
tolerant of harassment.
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attitudes toward sexual harassment reduced overall harassment incidence in public spaces
by 12 percent. However, the victimization rates of severe harassment were not differen-
tially affected by patrols comprising of cers with less tolerance of harassment [Column
(2)]. The main effect of the intervention remains unchanged, and we nd that having of-
cers who were less tolerant of harassment on a team did not alter their ability to reduce
the most severe forms of harassment. In contrast, patrols by of cers less tolerant of ha-
rassment led to a 15 percent reduction in mild offense victimization [Column (3)]. Patrols
in the remaining three-quarters of the distribution did not impact mild harassment rates.
This result is crucial as it indicates that the effectiveness of patrols varies across differ-
ent conditions, suggesting that a one-size- ts-all approach to reducing harassment may
not be suf cient. Understanding these nuances is essential for designing more effective
and targeted policy interventions. Appendix Figures A29 to A31 con rm the robustness

across different thresholds.
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Table VI: Effect of Policing on Street Harassment by Patrol Of cers'
Harassment-Related Attitudes

Sexual Harassment in Public Spaces

Total  Severe Mild
1) (2) 3
Uniformed X Police Attitudes -0.058* -0.003 -0.055*
(0.033) (0.016) (0.030)
Uniformed -0.005 -0.032** 0.028
(0.028) (0.015) (0.021)
Undercover X Police Attitudes  0.031 0.043 -0.012
(0.055) (0.030) (0.038)
Undercover -0.001  0.001 -0.003
(0.030) (0.016) (0.022)
Observations 4,582 4,582 4,582
Mean of Dep. Var / Control 0.471 0.129 0.342

Note: The main dependent variable is the rate of victims observed in a hotspot-week.
This measure is the ratio of total identi ed victims of sexual harassment per total enu-
merator visits to a hotspot in a week. In Column (1), we present the rate per total forms
of harassment. In Columns (2) and (3), we display the rate by severe and mild forms of
harassment, respectively. Each regression includes strata xed effects. Uniformed is a
dummy that equals one if a hotspot is in the uniformed treatment arm and zero if it is
a control group hotspot. Undercover is a dummy that equals one if a hotspot is in the
undercover treatment arm and zero if it is a control group hotspot. Police Attitudes is
a dummy that equals one if the average team of of cers patrolling a hotspot in a given
week scored in the 75th percentile or higher of the police attitudes index. The police
attitudes index is obtained from individual-level of cer surveys. Standard errors are
clustered at the hotspot level and are in brackets. Source: Enumerator Observation

Survey and police of cer survey.

Are harsher of cer attitudes correlated with other of cer characteristics (e.g., general

effort, ability, experience, or gender)? Given that experience, education, and gender were
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xed across teams, we can rule out those characteristics driving the effects of mild harass-
ment. To determine whether general effort or ability versus attitudes toward sexual ha-
rassment speci cally affect mild case reductions, we rely on the fact that the reduction in
severe cases was not affected by police of cers' views. If of cers' attitudes correlate with
their ability, varying the attitudes within of cers' teams would likely result in a larger
decline in severe harassment as well. However, we nd no evidence of a larger effect

[Column (2)].

These results indicate that of cers' views on harassment likely in uence their actions
regarding mild cases, often dismissed as “harmless,” but frequent and tolerated. In ad-
dition, we show that for severe offenses for which sanctions might be more likely, there
was no added police performance effect from having a less tolerant team of of cers. Our
results are consistent with perpetrators learning by updating beliefs about the probability
of punishment (Banerjee et al., 2019; Anwar and Loughran, 2011; Wilson, Paternoster and
Loughran, 2017). In particular, we observe that of cers with less tolerance toward harass-
ment are more likely to be active at the hotspots (Table A34) and are more likely to punish
mild cases (Table A35)3” Accordingly, perpetrators are less likely to commit mild offenses
when they see this police activity. In contrast, when perpetrators observe less active police
of cers, they may presume that these of cers will act if they commit a severe offense but

not a mild one.

Overall, these results highlight that police effort is discretionary and in uenced by
individual-level characteristics, such as attitudes toward harassment, indicating that the
determinants of job performance are affected by of cers' personal views of these crimes.
Additionally, our ndings show that of cers' attitudes signi cantly affected the effective-
ness of SHE Teams. Such a result is orthogonal to other characteristics, such as gender or
experience, as patrol teams have the same composition in these dimensions. To sustain
and amplify these outcomes, integrating training reforms is essential, aiming to consis-

tently reshape of cers' attitudes toward harassment and reinforce a culture of account-

371deally, we would have liked to observe if the eld of cers were more likely to sanction severe cases.
Due to con dentiality concerns, the data on sanctions were not provided to us categorized by type of ha-
rassment.
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ability and respect.

VI Conclusion

In our study, we investigate the effectiveness of different street patrolling approaches in
reducing sexual harassment in public spaces. We nd that patrols by uniformed of cers
reduced severe sexual harassment but not mild offenses. The results from our lab exper-
iment explain the effect on milder sexual harassment: it stems from of cers' views on
punishing milder forms rather than from the dif culty of detection. Consistent with these
results, we nd that teams with more progressive attitudes—who were less tolerant of
sexual harassment—were more effective at reducing both mild and severe harassment in
public spaces. Our work highlights the nuanced effects of different street patrol methods
on sexual harassment and emphasizes the importance of addressing underlying attitudes
within law enforcement teams to effectively combat all forms of sexual harassment in

public spaces.

A simple cost-bene t analysis highlights the value of scaling such an operation to other
urban centers. To estimate the costs, we can reference the 2021 budget allocation for SHE
Teams, which covers of cer salaries, training, vehicle maintenance, and facility opera-
tions, totaling INR 10 million (USD 120,000). Regarding bene ts, using estimates from
Borker (2024), a standard deviation of improvement in perceived safety corresponds to a
16.5 percent decrease in reported harassment and an increase of INR 85,500 (USD 1,025) in
potential graduation salaries. Applying this estimate to the observed reduction in severe
harassment among women graduating from college in Hyderabad, the bene ts of uni-
formed policing amount to INR 1.2 billion (USD 14.3 million) in terms of higher salaries
that women could earn by not opting for lower-quality educational paths due to fear of

harassment.

From a policy standpoint, we highlight ways to increase police effectiveness in ad-
dressing sexual harassment, a crime that is infrequently reported yet prevalent. Under-

standing different modes of policing is pivotal for developing countries like India, where
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there are only 144 police of cers per 100,000 people—one of the lowest police per capita
in the world (Nation, 2017). More importantly, our analysis reveals that the type of patrol
(i.e., uniformed versus undercover) affects the deterrence of sexual harassment. While un-
dercover patrols by SHE Teams, with their element of surprise, slightly improve offender
detection, visible policing is more effective at deterring this widespread offense. Finally,
our ndings indicate that of cers' attitudes toward sexual harassment determine their ef-
fectiveness in addressing both severe and mild offenses. Training programs that focus on
shifting these attitudes could thus improve police performance, especially since police are

often the rst point of contact for victims.
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Figure Al: Balance in Police Distribution by Day of the Week

Note: The gure shows the distribution of police visits to hotspots by day of the week. Source: SHE Teams
administrative records.

Figure A2: Balance in Police Distribution by Time of the Day

Note: The gure shows the distribution of police visits to hotspots by time of the day. Source: SHE Teams
administrative records.
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Figure A3: Measurement of Street Harassment at Hotspots at Baseline

(a) Enumerator Observation Survey

(b) Female Commuters' Survey

(c) Sexual Harassment Police Calls

Note: This gure displays the spatial distribution of the level of street harassment using three different
measures. Panel (a) displays observed harassment, the primary outcome; panel (b) displays the rate of
victimization using women's survey responses; and panel (c) displays the number of calls to “Dial 100"
regarding sexual harassment. All measures use preintervention data and are collected at the hotspot level.
Source: Enumerator Observation Survey, women's baseline survey, and Hyderabad City Police Dial 100
database.
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Figure A4: Effect of the Intervention on Enumerator Visits and Observation Minutes

(a) Visits

(b) Minutes

Note: The gures display coef cients 3, », and their respective 95% con dence intervals from regressions
ofthe form Yn, = o+ 1Uniformed ,+ ;Undercover,+ Xpy, + s+ nhw - following equation 1. In Figure (a),
Yhw is the number of visits by an enumerator to a hotspot-week. In Figure (b), Yhw is the total duration (in
minutes) of visits by enumerators to a hotspot-week. All regressions include strata xed effects. Standard

errors are clustered at the hotspot level. Source: Enumerator Observation Survey.
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Figure A5: Effect of the Intervention on Enumerator Visit Times

(a) Visits from 8AM to 2PM

(b) Visits from 2PM to 8PM

Note: The gures display coef cients 1, 2, and their respective 95% con dence intervals from regressions
of the form Yy, = o+ iUniformed, + ,Undercover, + X + s+ pw - following Equation 1. In Figure
(@), Ynw is the number of visits by an enumerator to a hotspot-week between 8AM and 2PM. In Figure

(b), Yhw is the total duration (in minutes) of visits by enumerators to a hotspot-week between 2PM and

8PM. All regressions include strata xed effects. Standard errors are clustered at the hotspot level. Source:
Enumerator Observation Survey.
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Figure A6: Distribution of Street Sexual Harassment Incidents by Treatment Arm and
Time

(a) Distribution by Treatment Arm

(b) Distribution by Time of the Day

Note: The gures display the distributions of street sexual harassment incidents by treatment arm and time
of the day. Source: Enumerator Observation Survey.
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Figure A7: Distribution of Responses

Note: The gures display the distribution of victims' responses as observed by the enumerators. Source:
Enumerator Observation Survey.
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Figure A8: Spatial Distribution of Hotspots and Experimental Assignment

Note: The gures display the location of hotspots and the respective patrol areas within Hyderabad City
Police jurisdiction.
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Figure A9: Uniformed Policing and Harassment by Month of the Intervention

Note: The gure displays coef cients and 95% con dence intervals of the effect of the intervention by month.
The dependent variable is the rate of victims observed in a hotspot week. This measure is the ratio of total
identi ed victims of sexual harassment per total enumerator visits to a hotspot in a week. The regression
follows 1 and interacts the Uniformed dummy with dummies that indicate the number of months, 1-6, after
the intervention. Each regression includes strata xed effects. Uniformed is a dummy that takes the value of
one if a hotspot is in the uniformed treatment arm and zero if it is a control group hotspot. We also include
in the regression a variable to control for the Undercover arm. Standard errors are clustered at the hotspot
level. Source: Enumerator Observation Survey.
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Figure A10: The Effects of Uniformed Patrols on Arrests per Visit by Month

Note: The gure displays coef cients and 95% con dence intervals of the effect of the intervention by month.
The dependent variable is the number of arrests per visit in a hotspot week. The regression follows 1
and interacts the Uniformed dummy with dummies that indicate the number of months, 1-6, after the
intervention. Each regression includes strata xed effects. Uniformed is a dummy that takes the value of
one if a hotspot is in the uniformed treatment arm and zero if it is a control group hotspot. We also include
in the regression a variable to control for the Undercover arm. Standard errors are clustered at the hotspot
level. Source: Enumerator Observation Survey.
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Figure A11: Undercover Policing and Harassment by Month of the Intervention

Note: The gure displays coef cients and 95% con dence intervals of the effect of the intervention by month.
The dependent variable is the rate of victims observed in a hotspot week. This measure is the ratio of total
identi ed victims of sexual harassment per total enumerator visits to a hotspot in a week. The regression
follows 1 and interacts the Undercover dummy with dummies that indicate the number of months, 1-6,
after the intervention. Each regression includes strata xed effects. Undercover is a dummy that takes the
value of one if a hotspot is in the undercover treatment arm and zero if it is a control group hotspot. We
also include in the regression a variable to control for the Uniform arm. Standard errors are clustered at the
hotspot level. Source: Enumerator Observation Survey.
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Figure A12: Undercover Policing and Sanctions by Month of the Intervention

Note: The gure displays coef cients and 95% con dence intervals of the effect of the intervention by month.
The dependent variable is the number of arrests per visit in a hotspot week. The regression follows equation
1 and interacts the Undercover dummy with dummies that indicate the number of months, 1-6, after the
intervention. Each regression includes strata xed effects. Undercover is a dummy that takes the value of
one if a hotspot is in the uniformed treatment arm and zero if it is a control group hotspot. We also include
in the regression a variable to control for the Uniform arm. Standard errors are clustered at the hotspot level.
Source: Enumerator Observation Survey.
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Figure A13: Street Sexual Harassment around the First Sanction, Week by Week.

(a) Severe - Uniformed (b) Mild - Uniformed

(c) Severe - Undercover (d) Mild - Undercover

Note: The gure shows the coef cients and 95% con dence intervals for the impact of sanctions on street sex-
ual harassment. Speci cally, it presents event study estimates of the effects of a sanction on harassment. An
"event” is de ned as the rst recorded sanction in each treated hotspot. The sample includes one treatment
arm and the control arm. Control hotspots never receive sanctions so are pure controls in the regressions.
Source: Enumerator Observation Survey and SHE Teams administrative records.
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Figure Al14: Heterogeneous Effects Across Enumerator Characteristics

Note: This gure reports the interaction coef cient and its 95% con dence interval of two dummy variables

X and Z. X is a dummy indicating if the enumerator has the characteristic X on the x-axis. That is, if she
is married, lives in an urban area, has children, previous experience as an enumerator, has been a victim
of sexual harassment, has witnessed it in public spaces, or if she is above the 75th percentile of the gender
index created by us. Z is a dummy that takes the value of one if the hotspot was assigned to uniformed
police, and zero if it was assigned to undercover police. The dependent variable is a dummy that takes the
value 1 if the enumerator recorded any type of sexual harassment (orange), severe harassment (green), and
mild harassment (blue); and zero otherwise. The regressions have strata xed effects and are at the EOS-day
level. Source: Enumerator Observation Survey.
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Figure A15: Effect of Policing on Women's Response

(a) Severe SH

(b) Mild SH

Note: The gures display coef cients 1, », and their respective 95% con dence intervals from regressions
of the form Yy, = o+ i1Uniform , + ;Undercover, + Xnw + s+ hw - following Equation 1. In Figure
(a), Yhw is the number of responses (i.e., asking a bystander for help or ghting the perpetrator) to severe
sexual harassment. In Figure (b), Yh is the number of responses to mild sexual harassment. We consider
that a woman sought help from bystanders when she called on the phone, informed the person with her, or
directly sought help from bystanders. We consider that she responded by ghting whenever she called the
perpetrator out publicly, used self-defense, confronted him quietly, or responded and stayed there. All re-
gressions include strata xed-effects. Standard errors are clustered at the hotspot level. Source: Enumerator
Observation Survey.
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Figure A16: Lab Map and Setting

NoteThe top gure displays the distribution of of cers in the lab, and the bottom
gure displays a photo of one of the sessions.
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