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Abstract

Beyond fostering inclusion and connectivity, does investing in mass transit impact

crimes against women? I study the impact of the expansion of the metro rail system

in Delhi, India, on reported crimes against women. Preparing a novel data set of the

universe of crime reports at the police station-day level, and leveraging the staggered

opening of metro stations across these police jurisdictions between 2016 and 2019, I

find a 29 percent decrease in reported incidents of sexual harassment against women in

public spaces following the opening of the first metro station in the police jurisdiction.

This reduction in reported sexual harassment is neither linked to an overall decrease in

reported non-gender-specific crimes in public spaces, nor substituted by an increase in

such crimes in metro stations or trains. Further analysis of crime reports from alterna-

tive public transport networks, combined with area safety data from a crowd-sourced

mobile application, suggests that this reduction is driven by the enhanced safety pro-

vided by the metro network.
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1 Introduction

Developing economies invest in the advancement of transportation infrastructure to foster

social inclusion and promote connectivity across different regions within the country.1 How-

ever, these well-intentioned investments can give rise to complex implications in the realm of

women’s safety, a pressing global concern. As underscored by the World Health Organization

(WHO), a substantial 31% of women aged 15-49 years in 2018 were victims of crimes per-

petrated by unfamiliar individuals or close relatives at least once during their lifetimes. The

gravity of this issue intensifies in low and middle-income countries, where this percentage

increases to 34-36%.2 These crimes not only inflict immediate harm but also create an atmo-

sphere of fear and insecurity, impeding women’s engagement in education and employment.3

Thus, it becomes imperative to delve into the intricate dynamics surrounding the expansion

of transport infrastructure within lower-middle-income countries and its potential influence

on crimes against women.

Investment in transport infrastructure may impact reported crimes against women through

multiple potential channels. Improved surveillance, well-lit stations, and commuting options

closer to home may minimise time spent traversing dimly lit areas, leading to fewer reported

crimes (safety effect). Conversely, increased mobility resulting from improved transportation

access might expand the number of potential victims and opportunities for crime, potentially

leading to more reported incidents (volume effect). Furthermore, this expanded mobility

could reconfigure the geographic distribution of crimes as people traverse diverse locales

to access new transportation options (spatial effect). Additionally, higher reported crimes

might not only indicate actual increases but also reflect greater awareness and empowerment

of women to report offenses, facilitated by access to economic opportunities (reporting ef-

1(Dominguez Gonzalez et al., 2020); https://www.eib.org/en/stories/developing-countries

-transport-infrastructure
2https://www.who.int/publications/i/item/9789240022256
3For example, Borker (2021) demonstrate that women may have to compromise their educational choices

by selecting institutions based on the safety of travel routes. Additionally, Siddique (2022) illustrate how
media-reported sexual assaults can negatively affect women’s participation in the labor force.
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fect). Hence, a comprehensive understanding of these multifaceted e�ects and their interplay

is vital for an exhaustive analysis of the impact of transport expansion on reported crimes

against women.

I study these issues in the context of Delhi, India, which has made considerable progress

in improving transport infrastructure with the expansion of the metro rail system in recent

years.4 At the same time, it remains quite behind in providing women with safe and unim-

peded access to public facilities.5 In particular, I ask the following question, does the opening

of �rst metro station in a police jurisdiction impact reported crimes against women? I exploit

the exogenous variation in the staggered opening of new metro stations in Delhi to causally

establish their impact on reported crimes against women at the police jurisdiction level. I

employ two primary data sets for this analysis. First, I construct a novel �ne-grained data

set of the universe of reported criminal incidents across Delhi from 2016 to 2019, discerned

at the level of police station and day.6 Second, I utilize data about the opening dates and

geographical locations of metro stations, thereby identifying the treated jurisdictions.7

To estimate the impact of the opening of the �rst metro station on reported crimes

against women, I consider the recent advancements in the Di�erence-in-Di�erences (DiD)

methodology and adopt the estimation approach in Callaway & Sant'Anna (2021).8 Using

Callaway & Sant'Anna (2021), I compare jurisdictions where a metro station opens with

those without a metro station until 2019 (`never treated') and those where a station has not

opened until that time but will eventually open in the analysis period (`not-yet-treated').

4Delhi is the national capital of India.
5(Viswanath & Mehrotra, 2007); https://edition.cnn.com/travel/article/worst-transport-for

-women/index.html ; https://timesofindia.indiatimes.com/city/delhi/delhi-government-took
-slew-of-steps-to-ensure-womens-safety/articleshow/74732463.cms

6Appendix Section A.1 elucidates the data preparation strategy.
7Figure 1 in Section 4 and Table A2 in Appendix Section A.2 show the treated police jurisdictions and

the opening dates of metro lines, respectively.
8The recent literature highlights the challenges posed by using Two-Way Fixed E�ects (TWFE) regres-

sion in the presence of staggered treatment and heterogeneous treatment e�ects. To understand the extent of
this issue in my context, I perform the diagnostic test in Goodman-Bacon (2021), which reveals that around
4% of the TWFE estimates are in
uenced by the `forbidden' comparison between later treated jurisdictions
and those treated earlier as the control. I discuss the rationale for adopting the estimation strategy provided
in Callaway & Sant'Anna (2021) over other alternatives (Sun & Abraham, 2021; Borusyak et al., 2021; de
Chaisemartin & D'Haultf�uille, 2020) in Sub-section 5.2.
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My initial �ndings indicate that reported crimes related to sexual harassment in public

spaces (`Harassment on Street' crimes or `HoS' crimes going forward) against women per

100,000 population decrease by 29.34% in the treated jurisdictions compared to the control

jurisdictions in the quarters following the opening of the �rst metro station. This decrease

is marginally signi�cant, with a p-value of 0.077.

Since metro stations have separate police units (`metro police stations' going forward)

responsible for incidents within their premises and on metro rail, there is a possibility that

reported HoS crimes within the purview of metro police stations substitute those within the

jurisdiction of general police stations.9 So, I examine the crime reports from metro police

stations with a new metro station between 2016 and 2019. A total of 42 such reports at the

metro police station compared to a decrease of 271 such reports (overall treatment e�ect of

the opening of metro stations) at general police stations suggests that the substitution of

reported HoS crimes between general police stations and metro police stations might not be

occurring. It is also possible that this decrease in reported HoS crimes against women is part

of a broader decline in street crimes due to heightened security near metro stations. However,

I do not �nd any signi�cant impact of the opening of the �rst metro station on non-gender-

speci�c reported crimes in public spaces (`Non-gender-speci�c street crimes' going forward).

Furthermore, there is no signi�cant impact of the treatment on the overall reported crimes

against women or reported domestic violence crimes.

Next, I validate the underlying identifying assumption with the help of event study plots

and demonstrate the plausibility of parallel trends in the evolution of crime statistics between

the treated and the control jurisdictions (Callaway & Sant'Anna, 2021). These results remain

robust to comparison with an alternate control group (`never treated' jurisdictions) and to

the application of alternative estimators proposed in Sun & Abraham (2021), Borusyak et

al. (2021), and de Chaisemartin & D'Haultf�uille (2020).

Finally, I present a preliminary analysis of potential mechanisms and delineate the next

9For further details, see Section 3.
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steps to disentangle them further. I provide three pieces of evidence supporting thesafety

e�ect. First, I analyze reported HoS crimes against women on buses, an alternative mass

public transport system, which are identi�ed using text analysis on the FIR description. The

Delhi Metro organizes stations by lines, and between 2016 and 2019, new stations opened

on the magenta, pink, and violet lines. The magenta line, in particular, reduced travel time

between South-West and South-East Delhi by nearly half. This is visible in the surge in metro

ridership post opening of stations on the magenta line and a more pronounced reduction in

reported HoS crimes against women in jurisdictions where the �rst station opened on the

magenta line. Since buses serve as a substitute for metros, I also see a reduction in reported

HoS crimes perpetrated on women in buses or bus stops in the jurisdictions where stations

on the magenta line opened.10 Second, using area safety data from SafetiPin, I �nd that

areas within 500 metres of the metro station receive a higher safety score after the opening

of the metro station compared to areas within 500 and 1,000 metres.11 Finally, I reinforce

the safety of metro stations using survey data from the International Centre for Research on

Women and Observer Research Foundation. Collectively, these �ndings strongly support the

safetye�ect. Next, given the decrease in reported HoS crimes against women in jurisdictions

where the �rst metro station opened, along with the increase in metro ridership, thesafety

e�ect may outweigh any potential volume e�ect. Lastly, I discuss the next steps I plan to

take to disentangle these e�ects further.

1.1 Related Literature

I contribute to the existing literature on the economics of crime, particularly focusing on those

against women (Card & Dahl, 2011; Bhuller et al., 2013; Miller & Segal, 2018). Speci�cally, I

contribute to the economic literature on the determinants of reported crimes against women

in India. For instance, higher female representation in local government councils led to higher

10I will supplement this analysis with the bus ridership to show the substitution between the buses and
the metros.

11For further details, see Section 6.
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reported crimes against women (Iyer et al., 2012), and an alcohol ban in an Indian state led

to less violence against women (Luca et al., 2015). Jassal (2020); Amaral et al. (2021) show

that opening up of women police stations a�ected reported crimes against women.12 To the

best of my knowledge, this paper is the �rst to study how expanding transport facilities

a�ects reported crimes against women in India, with the results highlighting the importance

of providing safe and easy access to transport facilities to women. Moreover, I create and

utilize a novel micro-level data set at the granularity of police stations, something which

most previous studies studying crime in India do not.13

Additionally, I contribute to the literature on how mass transport and transit infrastruc-

ture a�ect regional crime dynamics (Billings et al., 2011; Khanna et al., Working Paper).

While prior research has explored the relationship between transport expansion and overall

crime rates, I delve into a more nuanced exploration to understand the intricate relationship

between mass transport development and women's safety, a previously unexplored topic.

The rest of the proposal is structured as follows. Section 2 elucidates the conceptual

framework. Section 3 discusses the background and the data sources. Section 4 outlines the

estimation strategy. Section 5 discusses the initial �ndings and robustness checks. Section

6 provides a brief overview of the preliminary analysis and outlines potential steps to be

undertaken to disentangle the various mechanisms. Finally, Section 7 concludes brie
y.

2 Conceptual Framework

I analyse the rami�cations of public transport infrastructure expansion in Delhi on reported

crimes against women. There are several potential channels through which this impact may

manifest as discussed below.

On the one hand, we might expect to see a decrease in reported crimes against women

12There are others like McDougal et al. (2021) which analyse the impact of the notoriousǸirbhaya' gang
rape case of December 2012 in Delhi on rape reporting rates. Seehttps://www.bbc.com/news/world-asia
-35115974 for information on the case.

13Jassal (2020) uses police station-level data for the state of Haryana.
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through the `safety' e�ect. Well-illuminated metro transit stations and the metro rail, along

with security personnel and surveillance cameras during operational hours, o�er a secure

public transport option. Moreover, when a new metro station is constructed, it also improves

lighting and security in the surrounding areas, which may deter potential criminals, instilling

a sense of security that encourages women and their families to use public transport more

con�dently.

Conversely, expanding transport facilities could inadvertently increase reported crimes

through the `volume' e�ect. With improved access to di�erent areas of a city, women might

switch to public transport for commuting purposes or increase their travel frequency. For

instance, women might choose to pursue educational and employment opportunities or en-

gage in leisure activities. This increase in travel frequency might elevate their exposure to

potential criminal activities.

Moreover, the impact of the introduction of new transport facilities might extend well

beyond its immediate borders, exerting in
uence on neighbouring areas. The areas with

these new transit stations might attract females from neighbouring areas to access safe

public transport. However, this in
ux of females in these areas might lead to a rise in overall

criminal incidents. This geographical relocation of crimes to areas with transit stations can

be termed a `spatial' e�ect.

Furthermore, the relationship between reported crimes and actual incidents might di-

verge due to the `reporting' e�ect. As women gain greater exposure and independence with

access to education and employment opportunities, their tolerance of domestic violence, ha-

rassment, or other atrocities might reduce, leading to a greater willingness to report such

incidents. This could contribute to an apparent increase in reported crimes, even if the

actual prevalence declines.

To empirically explore the multifaceted relationship between transport infrastructure ex-

pansion and reported crimes against women, I leverage the staggered opening of the �rst

metro station within a police jurisdiction in Delhi between 2016 and 2019. I aim to disen-
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tangle the speci�c channels underlying any observed e�ects, speci�cally the safety, volume,

spatial, and reporting e�ects. The potential data and methods for untangling these mecha-

nisms are discussed in Section 6.

3 Background and Data

3.1 Reported Crimes against Women

Crimes against women encompass a broad spectrum, ranging from theft and kidnapping to

the most severe o�enses, such as sexual harassment, domestic violence, rape, and murder.

In Delhi, the national capital territory of India, the Delhi Police, overseen by the Ministry

of Home A�airs, Government of India, plays a crucial role in crime prevention, detection,

and the maintenance of law and order. The city is demarcated into 209 discrete police

jurisdictions, each responsible for addressing incidents within its de�ned boundaries.14 These

boundaries have evolved over time based on crime rates, leading me to consolidate them into

147 jurisdictions for this analysis to ensure consistency between 2016 and 2019. Apart from

these 147 general police stations, 16 separate metro police stations have been set up to deter

and investigate crimes occurring on the metro rail or within the metro station.15

Every incident is reported to the police station under whose jurisdiction it occurred,

where a comprehensive �rst-hand account of events and circumstances is captured in a First

Information Report (FIR). 16 Central to the investigative process, these FIRs from all the

14https://delhipolice.gov.in/doc/Citizen Charter.pdf At present, the sanctioned strength of
Delhi police is 83,762, spread across 6 ranges, 15 districts, and 209 police stations, making it the largest
metropolitan police in the world, larger than London, Paris, New York, and Tokyo. For further information,
seehttps://delhipolice.gov.in/history .

15https://www.delhimetrorail.com/list-of-metro-police-stations
16The on-duty police o�cer presents the FIR to the local magistrate, within whose geographical ju-

risdiction the crime transpired (https://delhipolice.gov.in/doc/Citizen Charter.pdf ). Additionally,
Section 177 of The Criminal Procedure Code, 1973 stipulates that every crime committed must undergo in-
vestigation and subsequent trial within the precincts of the local court vested with authority over the area in
which the crime was perpetrated (https://legislative.gov.in/sites/default/files/A1974-02.pdf ).
For further details on how to �le an FIR, refer to https://legalbots.in/blog/how-to-file-a-complaint
-against-domestic-violence-in-india .
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police stations have been meticulously scanned and cataloged on the Delhi Police's website

since 2011.17 Each FIR serves as a comprehensive dossier, outlining speci�c details of the

crime: the legal sections and statutes underpinning its registration, intricate details of the

informant, the accused, and the reporting o�cer, a thorough statement from the informant or

victim recounting the crime, an itemized inventory of involved property, potential reporting

delays, a precise description of the incident's location, and exact date and time stamps

for both the occurrence and its reporting. Additionally, it outlines ongoing actions and

provisions for transferring the case to alternative police stations.

I create a �ne-grained data set of approximately 300,000 distinct crime reports span-

ning 2016 to 2019, forming the foundation for calculating the analysis's outcome variable.

These scanned PDF documents were extracted from the Delhi Police website and parsed

into a machine-readable format amenable to analytical exploration usingOptical Charac-

ter Recognition (OCR) techniques in Python. Presently, the deployment ofNamed Entity

Recognition (NER) in Python is in progress, aimed at adeptly identifying and extracting

names of victims and accused parties embedded within the crime narratives. A synthesis

of factors, including designated legal `Section(s),' the capabilities of theNamSor package in

R, and gender indicators such as `W/O' (wife of), `D/O' (daughter of), and `S/O' (son of),

will collectively illuminate instances where crimes speci�cally target women. Currently, I

have focused on using the `Section(s)' to identify crimes against women. Appendix Section

A.1 provides a sample FIR, elucidates the employed data preparation strategy, and lists

the di�erent sections of the Indian Penal Code 1860 selected to create the respective crime

categories.

This divergence from the conventional reliance on crime statistics, as disseminated by

the National Crime Records Bureau (NCRB) in existing literature, is motivated by the

need for granular crime data at the police station level|a level of detail absent in NCRB's

district-level aggregates.18 Furthermore, the NCRB data exhibits certain limitations: it does

17http://59.180.234.21:8080/citizen/firSearch.htm
18For further details on NCRB, see https://ncrb.gov.in/en .
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not encompass reports retracted due to false accusations or victim withdrawals in
uenced

by familial or societal pressures. Additionally, the aggregated framework may inadvertently

obscure the gravity of certain heinous crime categories grouped under broader sections of the

Indian Penal Code (e.g., murder and rape), potentially resulting in an under-representation

of certain crime typologies. Lastly, NCRB statistics are published at an annual level, while

FIRs o�er precise reporting dates for each crime, enhancing their temporal accuracy.19

3.2 Delhi Metro

The inauguration of Delhi Metro's �rst line on December 25th , 2002, marked a signi�cant

milestone in the urban transportation landscape of the city. A collaborative e�ort between

the Government of India and the Delhi state government, the Delhi Metro Rail Corporation,

came into being to spearhead this transformative initiative. Since its inception in 2002, the

Delhi Metro has unfurled an intricate lattice of 12 lines that traverse 286 stations, seamlessly

linking diverse locales in Delhi, Gurugram, and Noida.20 The evolution of this network has

unfolded through a series of carefully planned phases, with three phases currently operational

and a fourth phase making progressive strides. A comprehensive summary of each phase is

presented in Table A2 in Appendix Section A.2, complemented by the visual representation

of the current metro network in Delhi in Figure A7. The cumulative expanse of this network

now spans approximately 243 miles.21

In the context of this analysis, I will focus on the 24 new metro stations opened between

2016 and 2019 that serve as the �rst stations within their respective police jurisdictions.22

This strategic selection forms the cornerstone of an event-study analysis, poised to unveil in-

sights into the extensive margin impact of newly opened metro stations on reported incidents
19For a detailed understanding of limitations of NCRB data, seehttps://ncrb.gov.in/sites/default/

files/CII%20Disclaimer%202020.pdf .
20Gurugram and Noida lie on the boundary of Delhi and belong to the states of Haryana on the North

and Uttar Pradesh in the East, respectively.
21For further details, visit https://www.delhimetrorail.com/pages/en/introduction .
22The opening dates are sourced fromhttps://www.delhimetrorail.com/pages/en/present-network ,

while the geographic parameters including latitude, longitude and the associated police jurisdiction are
extracted from https://www.delhimetrorail.com .
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of crimes against women.

3.3 Population

The population data is sourced from the 2011 census, which is organized at the level of

wards under Municipal Corporation of Delhi (MCD), Delhi Cantonment and North Delhi

Municipal Corporation (NDMC). 23 To seamlessly integrate this data, I superimposed these

ward boundaries onto the police jurisdictions. By identifying the shared intersection between

these boundaries, I derived the shared regions and subsequently computed the population

for each jurisdiction. This population information is instrumental in computing per capita

reported crime rates.

4 Empirical Strategy

The Delhi metro system's phased construction and operation of stations provide exogenous

variation. This variation stems from the land investigations and speed of getting the required

approvals. For instance, the construction work on all the stations on the Pink line of the

Delhi metro commenced in 2011. However, due to land-related challenges, these stations

were opened in 4 di�erent quarters between 2016 and 2019.24 So, to causally establish the

impact of the opening of the �rst metro station within a police jurisdiction on reported

crimes against women, I leverage staggered opening dates of 24 metro stations between 2016

and 2019 for an event study analysis.25

The analysis will be at the police jurisdiction level, justi�ed by the necessity to report

crimes to the police station under whose purview it occurs. So, given the staggered opening of

the metro stations, the jurisdictions can be divided into three groups. First is the treatment

group comprising 24 jurisdictions where the �rst metro station opened during the study

23https://censusindia.gov.in/census.website/data/census-tables
24https://sundayguardianlive.com/news/metro-complete-phase-3-year
25For details on opening dates and routes covered, see Table A2 and Figure A7 in Appendix Section A.2.
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period. Second is the never-treated group, consisting of 55 jurisdictions without a metro

station by 2019.26 Third, the already treated group, encompassing 68 jurisdictions with

a metro station before 2016, is omitted from the analysis. Once treated, a jurisdiction

remains as such, given that a constructed metro station is not dismantled consciously. Thus,

treatment is an absorbing state. Figure 1 and Table 1 illustrates the three groups and the

quarterly count of treated jurisdictions, respectively.

Figure 1: Treated Police Jurisdictions

Notes: Treated: 24 police jurisdictions in pink are the ones where the �rst metro station opened in the
treatment period between 2016 and 2019.Never treated: 55 in white are the ones without a metro station
till 2019. Already treated: 68 in grey are those with the �rst metro station built before 2016.

To illustrate, consider the example ofJanakpuri, which had a station prior to 2016, while

Dabri and Bindapur did not, compelling residents to travel toJanakpuri. The �rst station

26There is one police jurisdiction which was treated in the fourth quarter of 2019. However, due to lack
of post-treatment data for this jurisdiction, I include it in the never-treated group for the analysis.
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Table 1: Quarterly Number of Treated Jurisdictions

Quarters 2017 Q2 2017 Q4 2018 Q1 2018 Q2 2018 Q3 2018 Q4
Treated Jurisdictions 2 3 4 7 2 6

Notes: This table presents the quarterly number of jurisdictions treated between 2016 and 2019.

opened inDabri during the analysis period. Consequently, the jurisdiction ofDabri Police

Station is treated, while that of Bindapur Police Station falls into the control group and that

of Janakpuri Police Station into the already treated group. Figure A8 in Appendix Section

A.3 illustrates this example.

The recent developments in the econometrics of di�erence-in-di�erences (DiD) for stag-

gered treatment setting reveal that the dynamic two way �xed e�ects (TWFE) regression

can yield biased estimates of the actual average treatment e�ect on the treated (ATT) due

to heterogeneous treatment e�ects across di�erent opening dates and police jurisdictions.

This stems from the estimate including `forbidden' comparisons of later treated jurisdictions

with the earlier treated ones as the control group (Sun & Abraham, 2021).27 To assess

the extent of this issue in my context, I employ the diagnostic test proposed by Goodman-

Bacon (2021), revealing that 4% of the TWFE estimate originates from these `forbidden'

comparisons. The results are reported in Table 2. The literature also recommends exploring

alternative estimators even if TWFE does not pose a problem, given that the control group

for TWFE estimation lacks transparency and the weights used for averaging ATTs might

not be policy-relevant.

To address these concerns, I adopt an alternative estimation and inference approach dis-

cussed in the recent econometrics literature. Speci�cally, I utilize the group-time-speci�c

average treatment e�ects (ATTs) proposed in Callaway & Sant'Anna (2021), which elim-

inates these `forbidden' comparisons. In particular, the ATT for each treated cohortg in

each quartert is identi�ed as follows:

27For a synthesis of the recent DiD literature, see Roth et al. (2023).
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Table 2: Goodman-Bacon Decomposition of Static TWFE Estimates

Comparison Weight Estimate

Treated vs Never-Treated 0.903 � 2.546
Earlier vs Later Treated 0.058 � 1.031
Later vs Earlier Treated 0.039 0.207

N 1,264 1,264

Notes: This table presents the decomposition of the static TWFE estimates for reported HoS per 100,000
population following Goodman-Bacon (2021). The comparison group includes never-treated jurisdictions.

CAW it = � g;t
t + � g;t

i + � g;t(Gg � 1f T = tg) + � it (1)

where CAWit is the reported crimes per 100,000 people at police stationi in quarter t.28 T

is the set of all the quarters in the panel. Gg is a dummy variable which takes the value 1 if

police jurisdiction i was treated in quarterg, else 0.� i and � t capture the police jurisdiction-

level �xed e�ects and time-�xed e�ects, respectively, accounting for unobserved determinants

of reported crime and time trends in such crimes. Standard errors are clustered at the police

jurisdiction level. The coe�cient of interest is � g;t , which measures the ATT for each police

station i in each treatment cohortg in each quartert.

The dynamic treatment e�ect is computed by aggregating these ATTg;t by the length of

exposuree of a police jurisdiction i to the treatment as follows:

� (e) = � g2 Gg 1f g + e <= Tg)P(Gg = gjg + e <= T)ATT( g; g+ e) (2)

This facilitates the analysis of the treatment e�ect dynamics across di�erent aggregations

- whether average treatment e�ects of the opening of a metro station in a police jurisdiction

vary with the length of exposuree to the treatment or across treatment cohorts Gg and

whether the cumulative average treatment e�ect across all the police stations until some

time ~t varies with ~t. In the Sub-section 5.2, I elucidate the rationale for using the esti-

28These are calculated using the FIR data.
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mation strategy provided by Callaway & Sant'Anna (2021) over other alternatives (Sun &

Abraham (2021), de Chaisemartin & D'Haultf�uille (2020) and Borusyak et al. (2021)) and

demonstrate the robustness of my results when using these other alternatives.

Callaway & Sant'Anna (2021) allow for the estimation to incorporate two types of control

groups. The �rst is the `not-yet-treated' group, encompassing all those police jurisdictions

that have yet to receive a metro station within the analysis period and those that have not

received one in the analysis period. The second is the `never treated' group, comprising 55

jurisdictions that did not receive a metro station during the study period but may or may

not get one post the analysis period. In my baseline speci�cation, I use the `not-yet-treated'

group as my control group and a period of six quarters before and after the treatment. To

fortify the integrity of my �ndings, I validate the robustness of my outcomes by comparing

results with an alternate control group consisting only of the 55 `never treated' jurisdictions.

Finally, despite the time lag between the decision to construct a metro station and its

actual opening, I assume that a jurisdiction gets treated only after the station's opening.

This assumption ensures that causal e�ects are absent prior to station commencement. It

is important to note that Delhi's metro system, apart from improving connectivity across

di�erent areas of Delhi, was designed to address escalating challenges posed by a rising

number of registered motor vehicles and population growth on local infrastructure.29 The

stations were planned and built based on the geographic, administrative and logistical factors,

rather than area-speci�c crime statistics.30 This suggests that endogeneity might not be a

concern here. So, the main identifying assumption is that in the absence of the inaugural

metro station in the treated jurisdictions, the crime outcomes for a group treated in quarter

Gg and the groups remaining without a metro station until quarter Gg will exhibit parallel

trends (Callaway & Sant'Anna, 2021). In the subsequent section, I examine the validity

29https://www.centreforpublicimpact.org/case-study/construction-delhi-metro ; https://
housing.com/news/delhi-metro-phase-iv-finally-approved-government/

30Geographic factors include the feasibility of building an underground network -https://www.ice.org
.uk/what-is-civil-engineering/what-do-civil-engineers-do/delhi-metro/ . Administrative factors
include the speed of getting necessary approvals, and logistical factors include the land investigations of each
construction site - https://themetrorailguy.com/delhi-metro-phase-4-information-map/ .
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of the parallel trends using the dynamic treatment e�ect coe�cients estimated through the

strategy outlined in Callaway & Sant'Anna (2021).

5 Results

5.1 Main Results

The outcome variables are the di�erent categories of reported per capita crimes per 100,000

population. Table 3 represents the summary statistics for the crime categories for the 24

treated jurisdictions and 55 never-treated jurisdictions. Table 4 presents the weighted aver-

age of dynamic group-time speci�c ATTs, standard errors clustered at the police jurisdiction

level, and the associated p-values, using the approach outlined in Callaway & Sant'Anna

(2021).31 Figure 2 illustrates the corresponding event study plots. The coe�cients in the

period prior to the opening of the �rst metro station are statistically insigni�cant, lend-

ing support to the plausibility of the parallel trends between the treated and the control

jurisdictions in the absence of the metro station.32

Table 3: Summary Statistics for Reported Crimes for All Jurisdictions (2016-2019)

Reported Crimes per 100k Population N Mean Std. Dev. Minimum Maximum

HoS crimes against women 1,264 6.635 6.119 0 82.719
Non-gender-speci�c street crimes 1,264 49.511 47.033 0 457.020
All crimes against women 1,264 12.892 8.415 0 82.719
Domestic violence 1,264 4.838 4.417 0 41.359

Notes: This table presents the summary statistics for the di�erent reported crime categories that form
the outcome variable. These variables are calculated per 100,000 population at the police-station quarter
level.

First, I analyse the impact of opening the �rst metro station in a police jurisdiction

on reported HoS crimes perpetrated on women. Column 1 of Table 4 reports that relative

31I use the Stata module,csdid (Rios-Avila et al., 2023), to implement Callaway & Sant'Anna (2021).
32I intend to correct for potential bias from di�erences in pre-treatment trends following Roth (2022). I

also plan to assess the sensitivity of my results to possible violations of parallel trends assumption following
Rambachan & Roth (2023).
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Table 4: Main Results: Comparison Group - Never and Not-yet-treated Jurisdictions

HoS Crimes Non-Gender-Speci�c All Crimes Domestic
Against Women Street Crimes Against Women Violence

Post 1st Metro Station � 1.947 � 4.426 � 2.140 0.123
(1.099) (5.078) (1.372) (0.632)

Observations 1,264 1,264 1,264 1,264
Jurisdiction Fixed E�ects Yes Yes Yes Yes
Quarter Fixed E�ects Yes Yes Yes Yes
P-value 0.077 0.383 0.119 0.846

Notes: This table presents the dynamic ATT following Callaway & Sant'Anna (2021) of the opening of
the �rst metro station in a police jurisdiction. The comparison group includes not-yet-treated and never-
treated jurisdictions. The time frame consists of six quarters before and after the treatment. Standard
errors are clustered at the police jurisdiction level. Fixed e�ects are for each police jurisdiction and each
quarter between 2016 and 2019.��� , �� , and � indicate signi�cance at the 1, 5, and 10 percent critical
levels.

Figure 2: Even Study Plots: Comparison Group - Never and Not-yet-treated Jurisdictions

(a) HoS Crimes Against Women (b) Non-Gender-Speci�c Street Crimes

(c) All Crimes Against Women (d) Domestic Violence

Notes: This �gure presents the event study coe�cients and the 95% con�dence interval following Callaway
& Sant'Anna (2021) of the opening of the �rst metro station in a police jurisdiction. The comparison
group includes not-yet-treated and never-treated jurisdictions. The time frame consists of six quarters
before and after the treatment. Standard errors are clustered at the police jurisdiction level. Fixed e�ects
are for each police jurisdiction and each quarter between 2016 and 2019.
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to the `not-yet-treated' police jurisdictions, reported HoS crimes against women exhibit a

reduction of approximately 2 reported HoS crimes per 100,000 population following the

opening of the �rst metro station. This quanti�es to a 29.34% reduction in reported HoS

crimes against women in the treated jurisdictions, compared to the control group, and is

statistically signi�cant at a p-value of 0.077.

However, it might be the case that this decrease in reported HoS crimes against women

is simply a part of an overall decrease in reported crimes in public places following the

opening of a metro station. Such a decline might stem from an overall enhancement in

safety around the metro station area. So, I analyse the impact of �rst metro stations on non-

gender-speci�c street crimes.33 The result, in Column 2 of Table 4, indicates no statistically

signi�cant relationship between these crimes and the opening of the �rst metro station within

the jurisdiction. Columns 3 and 4 of Table 4 show that compared to the control group,

reported cases of crimes against women and domestic violence show no signi�cant change in

the quarters after the opening of the metro station, suggesting it is the sexual harassment

crimes perpetrated on women in public places which show a reduction.34

Furthermore, it is also possible that this decrease in reported HoS crimes against women

might be a result of these crime reports shifting to incidents within the metro rail or station

premises. As discussed in Sub-section 3.2, crimes occurring in the metro rail or the station are

reported at the metro police station, under whose purview the particular metro station falls.

This means that the reduction in these cases at general police stations might be accompanied

by an increase in similar cases at metro police stations. To explore this possibility, I examine

the crime reports from those metro police stations where a new metro station was integrated

into their jurisdiction between 2016 and 2019. During this entire period, a total of 42 HoS

33Non-gender speci�c street crimes include all the possible crimes that can occur in the public spaces
against any gender and exclude all the crimes like sexual harassment, which are perpetrated mostly on
female gender. Table A1 in Appendix Section A.1 lists the sections from the Indian Penal Code 1860 used
to generate this crime category.

34Approximately 90% of reported crimes against women consist of domestic violence incidents or those
occurring in public spaces. The rest 10% are kidnapping and rape cases. Table A1 in Appendix Section A.1
discusses the sections from the Indian Penal Code 1860 used to create these categories.
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crimes against women were reported at these metro police stations. However, the total

treatment e�ect of the opening of metro stations is a reduction of 271 reported HoS crimes

against women at general police stations. This initial analysis suggests that displacement of

HoS crimes might not be occurring.35

5.2 Robustness

I conduct a series of thorough robustness checks to enhance the credibility of my �ndings.

These include employing an alternative comparison group and applying di�erent estimation

methods from the recent DiD literature.

5.2.1 Alternate Comparison Group

As discussed in Section 4, I reinforce the resilience of my results by contrasting the outcomes

obtained from an alternate control group comprising 55 `never-treated' jurisdictions. Table

A3 in Appendix Section A.4 shows that the results remain robust to this reference group.

Speci�cally, the reported incidents of HoS crimes against women decrease by approximately

2 reported cases per 100,000 population, a decrease of 29.59% when compared to the control

group, and is statistically signi�cant at a p-value of 0.073.

5.2.2 Other Estimation Methods

I have adopted the approach in Callaway & Sant'Anna (2021) over other estimation methods

found in recent econometrics literature focusing on even study estimation. This decision is

grounded in several key considerations, which I outline below.

To begin with, the primary distinction between Callaway & Sant'Anna (2021) and Sun

& Abraham (2021) lies in the comparison group. Unlike Callaway & Sant'Anna (2021),

35Currently, these statistics are presented at the level of total reports rather than per 100,000 population.
Additionally, as all metro police stations had at least one metro station under their jurisdiction before 2016,
establishing a distinct pre- and post-period requires further textual analysis. Consequently, this conclusion
should be approached with caution. I intend to provide more rigorous evidence once I compile a comprehen-
sive data set of crime reports, alongside metro ridership data broken down by di�erent stations, quarters,
and gender demographics.
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Sun & Abraham (2021) does not facilitate a comparison with the `not-yet-treated' group.

Instead, it o�ers only two alternative control groups, the `last treated' or the `never treated'

groups. Next, the strategy in Borusyak et al. (2021) introduces a limitation that a�ects

its applicability in my study. Speci�cally, this approach yields unreliable estimates and

introduces a downward bias in the standard deviation when the count of treated observations

for a particular temporal point about the treatment quarter falls below 30. Furthermore,

the estimation strategy in de Chaisemartin & D'Haultf�uille (2020) is not able to estimate

pre-treatment e�ects for more extended periods (de Chaisemartin & D'Haultfoeuille, 2023).

Consequently, given my speci�c circumstances, I do not employ these estimation strategies.

An additional merit of employing the methodology proposed by Callaway & Sant'Anna

(2021), as elaborated upon in Section 4, is its ability to facilitate the examination of treat-

ment e�ect dynamics across diverse aggregations. This encompasses investigating whether

the average treatment e�ects resulting from the opening of a metro station within a given

police jurisdiction exhibit variations based on the length of exposure to the treatment. It

also enables the assessment of potential disparities across di�erent treatment cohorts. Fur-

thermore, it supports exploring how the cumulative average treatment e�ect across all police

jurisdictions up until a speci�c point in time may display 
uctuations with time.

In light of these considerations, I have rigorously examined the robustness of my �ndings

using these latest estimation strategies and the dynamic Two-Way Fixed E�ects (TWFE)

strategy, with the `never treated' group serving as the control.36 The results presented in

Table A4 and Figure A11 in the Appendix Section A.4 show that the magnitude of the

estimates and their standard errors remain stable across these estimation approaches.37

36I use the Stata modules - eventstudyinteract (Sun, 2021), did imputation (Borusyak, 2021),
did multiplegt (de Chaisemartin et al., 2019) andreghfde (Correia, 2014) - to implement the estimation
strategies proposed in Sun & Abraham (2021), Borusyak et al. (2021) and de Chaisemartin & D'Haultf�uille
(2020), and dynamic TWFE strategy, respectively.

37I do not report estimates from Borusyak et al. (2021) because the estimates may be unreliable and the
standard errors may be downward biased due to insu�cient sample size.
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6 Mechanisms

6.1 Safety E�ect

Evidence using reported HoS crimes against women on the public bus network :

Well-illuminated metro stations and rail systems, equipped with security personnel and

surveillance cameras ensuring safety during operational hours, may present a more secure

public transport alternative compared to existing options. This heightened security presence

has the potential to act as a crime deterrent, thereby reducing reported incidents of crimes

against women during their journey.

As discussed in Section 3.2, Delhi Metro categorizes stations by di�erent lines. Between

2016 and 2019, new stations were inaugurated along the magenta, pink, and violet lines.38

The newly opened magenta line stations facilitated improved connectivity between the South-

West and South-East regions of Delhi, reducing commuting times by nearly half. Figure 3

shows an illustration of this travel time reduction for two neighbourhoods in South-West

and South-East Delhi. The consequential impact of this development was evident in the

subsequent surge in metro ridership, as illustrated in Figure 4.

I further divided the treatment into three groups based on the new stations along these

three lines and estimate the following TWFE regression equation:

HoSit = � 1Magentai Dit + � 2Pink i Dit + � 3Violet i Dit + � i + � t + � it (3)

where HoSit is the reported HoS crimes against women per 100,000 population at police

station i in quarter t. Magentai , Pink i and Violeti are dummy variables that take the value 1

for all the jurisdictions where the �rst metro station that opened was on magenta, pink and

violet line, respectively and 0 otherwise. Dit is a dummy variable that takes the value 1 for

38Figure A9 in Appendix Section A.3 illustrated the stations that opened on these three
lines. https://timesofindia.indiatimes.com/city/noida/noida-to-south-delhi-by-metro-in
-16-minutes-when-magenta-line-opens/articleshow/61124513.cms#: ~:text=Noida%3A%20The%
20Magenta%20Line%20will,from%20Kalkaji%20Mandir%2DBotanical%20Garden.
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Figure 3: Travel Time Reduction between South-West and South-East Delhi - An Illustration

Notes: This �gure presents alternative mass public transport options between two neighbourhoods in
South-West (Origin) and South-East (Destination) Delhi, covering 23 kilometres of distance. The blue
and violet lines show the route traversed through the stations on these lines taking 83 minutes, the green
line shows the bus route taking 68 minutes, and the magenta line shows the minimum travel time of 36
minutes, which became possible after the opening of stations on the magenta line.

Figure 4: Quarterly Metro Ridership

Notes: This �gure presents quarterly metro ridership. The violet, magenta and pink lines depict the
opening quarters of stations on these lines, respectively.Source: https://data.gov.in/search?title=
delhi%20metro
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Table 5: Heterogeneous Treatment E�ect by Metro Lines

HoS Crimes Against Women

Magenta Line � Post � 3.297��

(1.653)

Pink Line � Post � 1.920�

(1.032)

Violet Line � Post � 1.120
(2.486)

Observations 1,264
Jurisdiction Fixed E�ects Yes
Quarter Fixed E�ects Yes

Notes: This table presents the heterogeneity in the static TWFE estimates of the opening of the �rst
metro station in a police jurisdiction based on magenta, pink and violet metro lines. The comparison
group includes not-yet-treated and never-treated jurisdictions. Standard errors are clustered at the police
jurisdiction level. Fixed e�ects are for each police jurisdiction and each quarter between 2016 and 2019.
��� , �� , and � indicate signi�cance at the 1, 5, and 10 percent critical levels.

all the quarters after the treatment in quarter Gg. � i and � t capture the police jurisdiction-

level �xed e�ects and time-�xed e�ects, respectively. Standard errors are clustered at the

police jurisdiction level. The results presented in Table 5 show that the e�ect in column 3 of

Table 4 is most pronounced for jurisdictions where the �rst metro station that opened was

on the magenta line.

The rise in metro ridership following the opening of stations on the magenta line, coupled

with a concurrent decrease in reported harassment and assault crimes against women, o�ers

suggestive evidence in favour of the metro being a safer mode of public transport. To further

assess the metro's safety in comparison to other modes, I focus on crimes occurring on

buses, the primary alternative mode of mass public transport. Textual analysis of crime

reports enables the identi�cation of incidents on buses or at bus stops, including details

such as the speci�c route, bus number and name of the bus stop.39 Table 6 presents the

results from estimating a TWFE regression equation analogous to Equation 3, with reported

HoS crimes against women in buses or at bus stops as the dependent variable. For all the

39Figure A6 in Appendix Section A.1 illustrates a snapshot of these details in the crime report registered
for a crime occurring on a bus.
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Table 6: Reported HoS Crimes Against Women on the Bus Network

HoS Crimes Against Women

Magenta Line � Post � 0.943���

(0.307)

Pink Line � Post � 0.634�

(0.362)

Observations 918
Jurisdiction Fixed E�ects Yes
Quarter Fixed E�ects Yes

Notes: This table presents the heterogeneity in the static TWFE estimates of the opening of the �rst
metro station in a police jurisdiction based on magenta, pink and violet metro lines on reported HoS
crimes perpetrated on women in buses or at bus stops. The comparison group includes not-yet-treated
and never-treated jurisdictions. Standard errors are clustered at the police jurisdiction level. Fixed
e�ects are for each police jurisdiction and each quarter between 2016 and 2019.��� , �� , and � indicate
signi�cance at the 1, 5, and 10 percent critical levels.

police jurisdictions where the �rst metro station opened along the magenta and the pink

line, reported HoS crimes against women on the alternative mode of mass public transport

reduced signi�cantly. This reduction, combined with the decrease in modal split of buses

and the increase in that of metros between 2007 and 2018, provides suggestive evidence of

substitutability between the two modes of public transport.40 These �ndings provide initial

suggestive evidence supporting thesafety e�ect of the metro rail system.

Evidence using SafetiPin data : I use area safety data from SafetiPin, a mobile safety app

in Delhi (Viswanath & Basu, 2015).41 The SafetiPin app allows users to conduct safety audits

of their current location, rating it based on nine parameters, namely, the extent of lighting,

openness of the space, visibility, presence of people (especially women and children), presence

of security personnel and surveillance cameras, condition of the walking path, availability of

public transport, and the general feel of the area. Based on these parameters, a composite

safety score is assigned to each location on a scale from 0 (least safe) to 10 (safest). My

dataset includes 15,131 audits conducted between 2013 and 2024.42

40Figure A12 in Appendix Section A.5 shows this modal split.
41https://safetipin.com
42The data was shared by the SafetiPin team.
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Figure 5: SafetiPin Audits - An Illustration

(a) Treatment and Control (b) Pre- and Post-Metro Station in a 1km Radius

Notes: Figure (a) presents an illustration of all the audit points within a 500 metre radius of a metro
station (treatment) and all the audit points lying between 500 and 1,000 metres of that metro station
(control). Figure (b) depicts all the points within a 1,000 metres radius of a metro station, where purple
points correspond to all the audits conducted before the opening of that metro station, and green points
correspond to those after the opening of the metro station.

I focus on all metro stations that opened between 2013 and 2019. For each station, I draw

two circles with a radius of 500 meters and 1 kilometer around the station. Audit points

within the 500 meter radius are classi�ed as the treatment group, while those located between

500 meters and 1 kilometer form the control group.43 Figure 5 illustrates one such example.

Using the station opening date as the event, I run a TWFE regression. As shown in Table

7, the safety score of areas within 500 meters of a metro station increases by an average

of 0.59 points compared to areas within 500 meters to 1 kilometer, relative to a baseline

average of 7.22 points, after the station opens (column 1). Additionally, when considering

all audit points within the 1 kilometer radius, the safety score decreases by an average of

1.42 points as the distance to the nearest metro station increases (column 2). This provides

further suggestive evidence supporting thesafety e�ect of metro stations.

43On average, people in Delhi walk 500 meters to access a metro station (Advani & Tiwari, 2005). The
average distance between two metro stations is 2 kilometers.
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Table 7: Evidence using SafetiPin Data

Safety Score

0� 500� 1000m � 1000m

Treatment � Post 0.589���

(0.193)
Distance � Post � 1.416���

(0.407)
Treatment 0.220�

(0.126)
Distance � 0.243

(0.260)

Observations 1,264 1,264
Ward Fixed E�ects Yes Yes
P-value 0.003 0.001

Notes: This table presents the TWFE estimates of the opening of a metro station. The treatment group
is all the audit points within 500 metres of the new metro station. The control group is all the audit
points within 500 and 1,000 metres of the new metro station. Robust standard errors are used. Ward-
level �xed e�ects are added. ��� , �� , and � indicate signi�cance at the 1, 5, and 10 percent critical levels.

Evidence using survey data : Between October and November 2012, the International

Centre for Research on Women (ICRW) conducted a survey for the Safe Cities initiative in

Delhi. This initiative was a collaboration between the Delhi Government, UN Women, and

the NGO Jagori. ICRW surveyed a sample of 2,001 females and 1,003 males aged between

16 and 49 years from seven census tracts. The survey revealed that 55%, 57%, 51%, and

46% of respondents perceived bus stops, streets, markets, and parks as unsafe, respectively.

In contrast, only 20% of respondents reported metro stations to be unsafe.44

The Observer Research Foundation, an India-based think tank, conducted a survey on

the safety of travel modes between December 2019 and September 2020. The survey included

3,537 female respondents from the 15 most populous cities in India. Only 12% of respon-

dents reported buses as safe, while 48% identi�ed the metro or train as the safest mode of

transport.45 These survey �ndings further reinforce the evidence supporting thesafety e�ect

44http://www.safedelhi.in/sites/default/files/reports/Safety-of-Women-in-Delhi.pdf .
45https://www.orfonline.org/wp-content/uploads/2021/05/ORF MonographWomenOnTheMove.pdf.
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of the metro system.

6.2 Volume E�ect

As discussed in Section 2, improved transportation access might lead to an increase in mo-

bility due to improved connections to di�erent parts of the city. As a result, the victim pool

in the treated jurisdictions might increase, leading to an increase in criminal opportunities

in the jurisdictions with the new metro station. However, the rise in metro ridership, as

illustrated in Figure 4, and the decrease in reported harassment and assault crimes against

women, as indicated in column 1 of Table 4, seem to suggest that thevolume e�ect may

be getting overpowered by thesafety e�ect. To delve deeper into this dynamic, my next

step involves acquiring ridership data for buses. Additionally, I plan to segregate the metro

and bus ridership data by gender, conducting a thorough analysis of ridership trends. This

approach will help me furnish additional evidence and insights into the extent to which the

volume e�ect contributes to these observed dynamics.

6.3 Reporting E�ect

The primary challenge when analyzing crime data lies in accurately measuring the occur-

rences of actual criminal incidents. As discussed in Section 2, improved access to education

and employment opportunities empowers women and makes them �nancially independent,

potentially making them less tolerant of any form of transgressions and more inclined to

report such incidents. Additionally, the opening of metro stations might result in height-

ened police vigilance and increased arrests, thereby making reporting a more e�ective option

Bhuller et al. (2013). However, the observed trend suggests a decline in reported HoS crimes

against women following the opening of metro stations, while domestic violence remains

unchanged. Moreover, non-gender-speci�c street crimes display stability. As a result, the

reporting e�ect does not seem to be at work here.

To bolster the validity of my �ndings, I will utilise the dates of report �ling and the
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occurrence of crimes, along with reasons for potential reporting delays, to apply the duration

model, as proposed by Gauthier (2022). This analysis will help di�erentiate between the

in
uence of actual crime incidence and reported crimes. If the number of crimes reported

with a delay remains consistent in the post-treatment quarters, it suggests that the observed

e�ect is likely due to actual crime occurrences. Conversely, an increase in such delayed

reports might indicate a reporting e�ect being at play.

6.4 Spatial E�ect

The impact of a new metro station within a speci�c police jurisdiction often ripples beyond its

immediate borders, a�ecting neighbouring areas. The convenience of metro services might

attract females from the neighbouring jurisdictions to the treated jurisdictions, drawn by

the convenience of metro services, leading to a surge in overall criminal incidents within the

treated jurisdictions. As a result, the negative impact on the reported HoS crimes against

women in Table 4 is less negative.

To assess the presence of this spatial e�ect on the treated jurisdictions, I will geocode the

crime locations to census boundaries called `wards'. Then, I will remove the wards that share

a border with the treated wards to create a new control group (Kline & Moretti, 2013). I

will then compare the treated wards with this control group to analyse whether the initially

observed negative impact on the reported HoS crimes against women in Table 4 becomes

more pronounced.

7 Conclusion

In addition to its role in promoting social inclusion and facilitating connectivity, the question

arises whether investment in mass transit impacts crimes against women, which is a severe

worldwide phenomenon. In my investigation, I delve into the expansion of the metro rail

system in Delhi, India, which is notorious for being unsafe for women and where travel
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connectivity is sparse, creating an obstacle to women's economic development.46 To achieve

this, I curate an original data set of crime reports at the granularity of individual police

stations usingOptical Character Recognitionand Named Entity Recognition.

By leveraging the exogenous variation in the staggered opening of the �rst metro stations

across di�erent police jurisdictions in Delhi between 2016 and 2019, my analysis reveals a

29 percent reduction in reported incidents of sexual harassment against women in public

spaces. However, while this decrease pertains to reported sexual harassment, reported cases

of domestic violence and overall crimes against women demonstrate no signi�cant shifts.

Importantly, the observed decline in reported sexual harassment is not manifested in an

overall reduction in reported non-gender-speci�c street crimes or substituted by an increase

in reported sexual harassment within metro stations or rails.

These �ndings uncover a nuanced relationship between the expansion of metro infrastruc-

ture and speci�c forms of gender-based crimes. While decreased reported sexual harassment

is a signi�cant outcome, the broader landscape of women-related crimes remains relatively

una�ected. This insight prompts a deeper exploration into the mechanisms underlying the

observed dynamics, namely, safety, volume, spatial, and reporting e�ects, emphasizing the

intricate nature of the issue.

In addition to thoroughly disentangling these e�ects, I am also geocoding crime locations

to gain a more nuanced understanding of the impact of new metro stations on reported

crimes against women.

46https://edition.cnn.com/travel/article/worst-transport-for-women/index.html ; https://
timesofindia.indiatimes.com/city/delhi/delhi-government-took-slew-of-steps-to-ensure
-womens-safety/articleshow/74732463.cms

28



References

Advani, M., & Tiwari, G. (2005). Evaluation of public transport systems: Case study of

delhi metro.. Retrieved fromhttps://api.semanticscholar.org/CorpusID:18253744

Amaral, S., Bhalotra, S., & Prakash, N. (2021).Gender,crime and punishment: Evidence

from women police stations in india. Retrieved from https://ssrn.com/abstract=

3827615

Bhuller, M., Havnes, T., Leuven, E., & Mogstad, M. (2013, 04). Broadband Internet:

An Information Superhighway to Sex Crime? The Review of Economic Studies, 80(4),

1237-1266. Retrieved fromhttps://doi.org/10.1093/restud/rdt013

Billings, S. B., Leland, S., & Swindell, D. (2011). The e�ects of the announcement and

opening of light rail transit stations on neighborhood crime.Journal of Urban A�airs,

33(5), 549-566. Retrieved fromhttps://doi.org/10.1111/j.1467-9906.2011.00564

.x

Borker, G. (2021). Safety �rst : Perceived risk of street harassment and educational

choices of women.Policy ResearchWorking Paper, 9731(1). Retrieved fromhttps://

openknowledge.worldbank.org/handle/10986/36004

Borusyak, K. (2021, June). Did imputation: Stata module to perform treatment e�ect

estimation and pre-trend testing in eventstudies. Statistical Software Components, Boston

College Department of Economics. Retrieved fromhttps://ideas.repec.org/c/boc/

bocode/s458957.html

Borusyak, K., Jaravel, X., & Spiess, J. (2021, August).

Revisiting Event Study Designs: Robust and E�cient Estimation (Papers). Retrieved

from https://ideas.repec.org/p/arx/papers/2108.12419.html

29



Callaway, B., & Sant'Anna, P. H. (2021). Di�erence-in-di�erences with multiple time

periods. Journal of Econometrics, 225(2), 200-230. Retrieved fromhttps://www

.sciencedirect.com/science/article/pii/S0304407620303948

Card, D., & Dahl, G. B. (2011, 02). Family Violence and Football: The E�ect of Unexpected

Emotional Cues on Violent Behavior*.The Quarterly Journal of Economics,126(1), 103-

143. Retrieved fromhttps://doi.org/10.1093/qje/qjr001

Correia, S. (2014, July).Reghdfe:Stata module to perform linear or instrumental-variable

regressionabsorbing any number of high-dimensional �xed e�ects. Statistical Software

Components, Boston College Department of Economics. Retrieved fromhttps://ideas

.repec.org/c/boc/bocode/s457874.html

de Chaisemartin, C., & D'Haultfoeuille, X. (2023). Di�erence-in-di�erences estimators of

intertemporal treatment e�ects.

de Chaisemartin, C., d'Haultfoeuille, X., & Guyonvarch, Y. (2019).Did multiplegt: Stata

moduleto estimatesharpdi�erence-in-di�erence designswith multiple groupsand periods

(SciencePo Working papers Main No. hal-03946768). HAL. Retrieved fromhttps://

ideas.repec.org/p/hal/spmain/hal-03946768.html

de Chaisemartin, C., & D'Haultf�uille, X. (2020, September). Two-way �xed e�ects estima-

tors with heterogeneous treatment e�ects.American EconomicReview, 110(9), 2964-96.

Retrieved from https://www.aeaweb.org/articles?id=10.1257/aer.20181169

Dominguez Gonzalez, K., Machado, A. L., Bianchi Alves, B., Ra�o, V., Guerrero, S., &

Portabales, I. (2020). Why doesshe move? World Bank. Retrieved fromhttps://

elibrary.worldbank.org/doi/abs/10.1596/33466

Gauthier, G. (2022, 10).Measuringcrime reporting and incidence:Method and application

to #metoo. Retrieved from https://ssrn.com/abstract=4242506

30



Goodman-Bacon, A. (2021). Di�erence-in-di�erences with variation in treatment timing.

Journal of Econometrics,225(2), 254-277. Retrieved fromhttps://www.sciencedirect

.com/science/article/pii/S0304407621001445

Iyer, L., Mani, A., Mishra, P., & Topalova, P. (2012, July). The power of politi-

cal voice: Women's political representation and crime in india. American Economic

Journal: Applied Economics,4(4), 165-93. Retrieved fromhttps://www.aeaweb.org/

articles?id=10.1257/app.4.4.165

Jassal, N. (2020). Gender, law enforcement, and access to justice: Evidence from all-women

police stations in india. American Political ScienceReview,114(4), 1035{1054.

Khanna, G., Medina, C., Nyshadham, A., Ramos-Menchelli, D., Tamayo, J., & Tiew, A.

(Working Paper). Spatial mobility, economicopportunity, and crime.

Kline, P., & Moretti, E. (2013, 11). Local Economic Development, Agglomeration

Economies, and the Big Push: 100 Years of Evidence from the Tennessee Valley Au-

thority *. The Quarterly Journal of Economics, 129(1), 275-331. Retrieved from

https://doi.org/10.1093/qje/qjt034

Luca, D. L., Owens, E., & Sharma, G. (2015). Can alcohol prohibition reduce violence

against women? American EconomicReview, 105(5), 625-29. Retrieved fromhttps://

EconPapers.repec.org/RePEc:aea:aecrev:v:105:y:2015:i:5:p:625-29

McDougal, L., Krumholz, S., Bhan, N., Bharadwaj, P., & Raj, A. (2021). Releasing the

tide: How has a shock to the acceptability of gender-based sexual violence a�ected rape re-

porting to police in india? Journal of InterpersonalViolence,36(11-12), NP5921-NP5943.

Retrieved from https://doi.org/10.1177/0886260518811421

Miller, A. R., & Segal, C. (2018, 09). Do Female O�cers Improve Law Enforcement Quality?

E�ects on Crime Reporting and Domestic Violence.The Review of Economic Studies,

86(5), 2220-2247. Retrieved fromhttps://doi.org/10.1093/restud/rdy051

31



Rambachan, A., & Roth, J. (2023, 02). A More Credible Approach to Parallel Trends.

The Review of Economic Studies. Retrieved fromhttps://doi.org/10.1093/restud/

rdad018

Rios-Avila, F., Sant'Anna, P., & Callaway, B. (2023).Csdid: Stata modulefor the estimation

of di�erence-in-di�erence modelswith multiple time periods. Retrieved fromhttps://

EconPapers.repec.org/RePEc:boc:bocode:s458976

Roth, J. (2022, September). Pretest with caution: Event-study estimates after testing

for parallel trends. American Economic Review: Insights, 4(3), 305-22. Retrieved from

https://www.aeaweb.org/articles?id=10.1257/aeri.20210236

Roth, J., Sant'Anna, P. H. C., Bilinski, A., & Poe, J. (2023). What's trending in

di�erence-in-di�erences? a synthesisof the recent econometricsliterature.

Siddique, Z. (2022). Media reported violence and female labor supply.Economic

Developmentand Cultural Change,70(4), 1337{1365.

Sun, L. (2021, August). Eventstudyinteract: Stata module to implement the interaction

weighted estimator for an event study. Statistical Software Components, Boston College

Department of Economics. Retrieved fromhttps://ideas.repec.org/c/boc/bocode/

s458978.html

Sun, L., & Abraham, S. (2021). Estimating dynamic treatment e�ects in event studies with

heterogeneous treatment e�ects.Journal of Econometrics,225(2), 175-199. Retrieved from

https://www.sciencedirect.com/science/article/pii/S030440762030378X

Viswanath, K., & Basu, A. (2015). Safetipin: an innovative mobile app to collect data

on women's safety in indian cities. Gender and Development, 23(1), 45{60. Retrieved

2024-08-27, fromhttp://www.jstor.org/stable/24697524

32



Viswanath, K., & Mehrotra, S. T. (2007). 'shall we go out?' women's safety in public spaces

in delhi. Economicand Political Weekly, 42(17), 1542{1548. Retrieved 2022-11-12, from

http://www.jstor.org/stable/4419521

33



A Appendix

A.1 Reported Crimes against Women

In this section, I will elaborate on my meticulous data preparation strategy to curate an

exhaustive data set of First Information Reports (FIRs) in Delhi. The primary goal is to

transform raw and unstructured data into a machine-readable format for comprehensive

analysis.

The initial step entailed web scraping all available FIRs from the o�cial website of the

Delhi Police, a process executed through the command line utility toolwget.47 A sample

FIR extracted through web scraping is illustrated in Figure A1.

47http://59.180.234.21:8080/citizen/firSearch.htm
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Figure A1: A Sample FIR
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Figure A2: Snapshot of challenges faced during parsing the data into Excel

Subsequently, I tackled the challenge of converting these unstructured scanned PDFs,

which are essentially images of �led reports, into a structured Excel format for further

processing. Compounding this challenge was the bilingual nature of the FIRs, featuring

text in both English and Hindi. Figure A2 shows a snapshot of the scanned nature of

the PDF and the two languages co-occurring. Addressing these issues, I harnessedOptical

Character Recognition(OCR) techniques, leveraging tools such aspytesseract, BeautifulSoup,

and pdf2image. This approach involved strategically creating boxes around the relevant

content in the scanned PDFs, ultimately allowing for the extraction and parsing of data into

Excel. Figure A3 visually represents the creation of these boxes, while Figure A4 o�ers a

snapshot of the organized Excel data.

While these strides represent signi�cant progress, the ongoing task involves identifying

and classifying reported crimes speci�cally targeted against women. To achieve this, a Ma-

chine Learning algorithm is being deployed to comprehend the crime descriptions and discern
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