Eyes on the Street:
Mass Transit and Women’s Safety in Public

Spaces

Anisha Garg*

October 10, 2026

Abstract
Can mass transit make the places it connects safer for women? I study the staggered
arrival of first Delhi Metro stations across police jurisdictions between 2016 and 2019. I
construct a high-frequency dataset from more than 300,000 police reports, 88% geocoded,
and estimate effects using staggered difference-in-differences. A jurisdiction’s first
station reduces reported harassment of women by 32% relative to the pre-opening mean
among treated jurisdictions, with no comparable change in other crimes against women.
Harassment falls within one kilometer of a station without evidence of displacement to
the adjacent ring. The decline is concentrated in evening hours and neighborhoods with
low baseline activity, while independent safety audits show improved lighting, visibility,
and perceived safety. These findings identify a gendered place-based safety return to
transit that conventional evaluations may overlook, with implications for where new

lines and stations are built.
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1 Introduction

Urban transportation infrastructure does more than connect places; it can transform them.
The economics literature studies how transit reduces commuting times and costs (Anderson,
2014; Akbar et al., 2023; Tsivanidis, 2026), expands access to jobs and services (Khanna
et al., 2022; Zarate, 2022), and reshapes the location and value of economic activity within
cities (Gibbons and Machin, 2005; Heblich et al., 2020). Yet we know much less about the
externalities generated when transit transforms the public spaces immediately surrounding
stations. This paper studies one such place-based externality: safety.

This externality is particularly consequential for women, for whom the risk of harassment
can restrict mobility and access to the city (Borker, 2021). In Urban India, 70% of women
surveyed say that fear of harassment in public spaces affects whether they work (Beaman
et al., 2026).' A new transit station may improve safety by attracting shops, vendors, lighting,
and pedestrian activity, turning quiet streets into active public spaces. This possibility echoes
the seminal argument of Jacobs (1961) that streets are kept safe not only by the police but
also by the everyday watchfulness of those who use them—what she called “eyes on the
street.” Importantly, if transit stations generate such informal surveillance, their safety return
may be greatest in low-activity neighborhoods where few eyes were present initially, rather
than in established centers that already generate substantial activity. Accounting for this
benefit could therefore change both the measured welfare gains from transit expansion and
the relative attractiveness of alternative station locations. I ask whether expanding mass
transit makes surrounding public spaces safer for women.

I study this question in Delhi, India, where women’s safety in public space remains
an acute concern. In a survey conducted by UN Women and the International Center for
Research on Women, 95% of women and girls reported feeling unsafe in the city’s public
spaces (UN Women and ICRW, 2013). Delhi also provides a useful empirical setting: the rapid
expansion of the Delhi Metro brought new stations to different parts of the city at different
times. The net effect of a station opening, however, is ambiguous a priori. Greater activity
around a station may increase informal surveillance, but the accompanying concentration of
people, including more women, may also increase exposure to harassment. Moreover, any
decline in the immediate vicinity of a station could reflect the displacement of harassment to
nearby streets.

I estimate the net effect of a station opening using the staggered difference-in-differences

!Similarly, in a 2021 survey across 140 Indian cities, 52% of respondents reported having turned down
an education or work opportunity because they considered the commute unsafe (Ratho and Jain, 2021); in
Jordan, nearly half of the women surveyed had turned down a job opportunity because of inadequate public
transportation, and 62% had experienced harassment during their commutes (Aloul et al., 2018).



estimator of Callaway and Sant’Anna (2021). I compare changes in police jurisdictions as
they receive their first Metro station between 2016 and 2019 with contemporaneous changes
in jurisdictions that have not yet received one. The identifying assumption is that, absent
a station opening, treated jurisdictions would have followed the same trends in reported
harassment as the not-yet-treated comparison jurisdictions. The design does not require the
cross-sectional placement of stations to be random. Nevertheless, as a check on selection
into treatment during the sample period, I find no systematic differences in 2011 Census
demographics between jurisdictions that receive a station and those that remain untreated
throughout. More directly relevant to the identifying assumption, I find no evidence of
differential pre-treatment trends in reported harassment.

The headline result is that the opening of a police jurisdiction’s first Metro station reduces
reported harassment of women by approximately 32% relative to the pre-opening mean
among treated jurisdictions. The magnitude is stable across alternative comparison groups
and heterogeneity-robust estimators (Sun and Abraham (2021), Borusyak et al. (2024),
de Chaisemartin and D’Haultfoeuille (2020), and Gardner (2022)), and the conclusion is
unchanged under alternative functional forms, inference procedures, and allowances for spatial
correlation in the errors.

The police-jurisdiction design, however, cannot reveal how the effect varies with distance
from a station or whether some harassment is displaced just beyond its immediate vicinity.
Testing for such spatial displacement requires the precise location of each reported crime.
To obtain these locations, I construct what is, to my knowledge, the first high-frequency
dataset of Delhi First Information Reports with point-level spatial resolution. The dataset
contains more than 300,000 reports published by the Delhi Police between 2016 and 2019,
88% of which I geocode to the reported location of the crime. Because these reports are
published only as individual, bilingual, scanned PDFs, I convert them into a structured
crime-level dataset using optical character recognition and text parsing, classify offenses using
the legal sections recorded in each report, and harmonize changes in police boundaries into
147 consistent territorial jurisdictions.

I then use these point locations in a supplementary ring-based analysis that estimates
changes in reported harassment within one kilometer of a new station and in the surrounding
distance bands. Reported harassment falls within one kilometer of a station, and I find no
evidence that it rises in the adjacent ring: the station appears to import safety without
exporting harassment next door. It is also outcome-specific: I find no comparable change
in domestic violence or in other crimes against women, such as rape and abduction. This
outcome specificity weighs against the decline reflecting a general change in recorded crime

or police registration practices.



The remaining results provide a set of mechanism tests that point toward informal
surveillance. If stations deter harassment by increasing activity and “eyes on the street,”
the decline should be most evident when station-related activity reaches the surrounding
neighborhood, be largest where stations add the most activity, and be accompanied by
improvements in the street environment. The temporal pattern fits the first prediction. The
decline in reported harassment is concentrated in the evening, when Metro passenger flows
disperse from employment centers toward residential and mixed-use neighborhoods (Xavier
et al., 2025); I find no comparable decline during the morning commuting hours.

The cross-sectional heterogeneity further helps distinguish informal surveillance from a
uniform increase in formal police surveillance. The reduction in harassment is largest in
neighborhoods with low baseline nighttime luminosity, where there was less activity—and
therefore fewer informal observers—before the station opened. Under a simple explanation
in which the effect is driven solely by the formal security or policing introduced with each
station, the reduction should not systematically depend on how active the neighborhood was
before the opening. Instead, the effect is greatest precisely where the marginal contribution
of additional activity to informal surveillance should be largest. The concentration of the
effect in low-activity neighborhoods also has a direct implication for transit policy. The
safety benefits of transit therefore need not be greatest in the locations that conventional
evaluations based on travel demand and accessibility value most highly. Accounting for this
place-based externality could alter the spatial allocation of new lines and stations within a
city.

The results also weigh against an explanation based solely on changes in crime reporting.
One possibility is that commuters become less likely to report harassment because they are
in a hurry. Such an explanation, however, should plausibly produce a decline during the
morning commute as well, which I do not observe. Moreover, independent safety audits,
collected separately from police reports, provide complementary evidence of changes in
the surrounding environment: lighting and visibility improve after a station opens, as does
women’s perceived ability to walk alone at night, while footpath quality—an attribute that the
proposed mechanism does not predict should respond—does not change. Although changes
in reporting or police behavior cannot be ruled out entirely, the timing of the decline, its
concentration in neighborhoods with low baseline activity, and the independently measured
improvements in street conditions and perceived safety are difficult to reconcile with either a
uniform increase in formal policing or a pure reporting effect. Taken together, the evidence
is consistent with Metro stations improving women’s safety by activating the surrounding
public space and increasing informal surveillance.

Finally, descriptive evidence from hostel listings suggests a gender-differentiated response



in the local accommodation market: accommodation serving women is located closer to
Metro stations following their opening than men-only accommodation. Although this pattern
may reflect improved transport access as well as safety and is not interpreted causally, it is
consistent with safer and better-connected neighborhoods becoming more attractive locations
for accommodation serving women.

This paper contributes first to the literature on urban transport and crime. Existing
studies emphasize how transit changes the mobility of offenders and victims or the economic
opportunities available to potential offenders. Phillips and Sandler (2015) show that transit
can spread crime along rail networks by lowering offenders’ travel costs; DeAngelo et al. (2019)
find that service disruptions increase crime in transit-dependent neighborhoods, consistent
with the local isolation of offenders and victims; and Khanna et al. (2022) show that improved
transit access can reduce criminal participation by expanding legitimate employment. I
identify a complementary, place-based effect and provide evidence consistent with a channel
operating through local activity and informal surveillance. Moreover, the geocoded crime
data allow me to distinguish local deterrence from spatial displacement: reported harassment
falls near new stations without evidence of an offsetting increase in adjacent areas. Thus,
transit can change the conditions under which opportunistic public-space offenses like street
harassment occur rather than merely redistribute crime through the network.

Second, the paper speaks more broadly to urban and transportation economics. Existing
research studies how transportation infrastructure affects commuting, market access, land
values, and the spatial distribution of economic activity (Gibbons and Machin, 2005; Heblich
et al., 2020; Khanna et al., 2022; Zarate, 2022; Tsivanidis, 2026), while evaluations of rail
investment concentrate on its network benefits (Winston and Maheshri, 2007; Murty et al.,
2006). I identify an additional place-based safety return: by changing local activity and
surveillance conditions, a station can make its immediate surroundings safer. Because this
effect is largest in neighborhoods with low baseline activity, the spatial distribution of safety
benefits need not coincide with that of conventional benefits based on travel demand and
accessibility. Accounting for this omitted benefit could therefore change both the estimated
social return to transit expansion and the spatial allocation of new lines and stations within
a city.

Third, the paper contributes to the economics of crimes against women. Existing work
examines determinants of violence, including behavioral shocks (Card and Dahl, 2011), access
to alcohol (Luca et al., 2015), and household sanitation infrastructure (Hossain et al., 2022).
A related body of work studies how women’s political representation and gender-focused
police reforms shape reporting, enforcement, and access to justice (Iyer et al., 2012; Miller
and Segal, 2019; Jassal, 2020; Amaral et al., 2022; Sukhtankar et al., 2022). I add evidence



on a distinct margin: general-purpose urban infrastructure can reduce harassment in public
space by changing the surrounding environment. Unlike interventions centered on formal law
enforcement or services targeted specifically at women, Metro expansion can generate safety
as a by-product of local activity and informal guardianship. To my knowledge, this is the
first causal evidence that transit expansion makes surrounding public spaces safer for women.
More broadly, the results show how urban infrastructure that is ostensibly gender-neutral
can generate gender-specific welfare gains by changing women’s ability to use public space.

The remainder of the paper proceeds as follows. Section 2 describes the setting and the
construction of the data. Section 3 presents the research design, its identifying assumptions,
and the main results. Section 4 presents evidence consistent with informal surveillance and

examines alternative explanations. Section 5 concludes.

2 Background and Data

This section describes the institutional setting and the data used in the analysis. I first trace
the phased expansion of the Delhi Metro and explain how station openings are assigned to
police jurisdictions and distance rings. I then discuss women’s safety and the institutional
process through which crimes are recorded in Delhi, before detailing the construction of the
daily, point-geocoded FIR panel that forms the paper’s central data contribution. Finally, I
describe the additional data used to construct population denominators, assess treatment
balance, measure changes in the public environment, characterize baseline local activity, and

examine responses in the accommodation market.

2.1 The Delhi Metro and the Assignment of Treatment

The Delhi Metro is a rapid-transit rail system built to improve connectivity and relieve road
congestion across the National Capital Region. Its first line was inaugurated on December 25,
2002, and the network expanded in phases thereafter. By 2019, three phases had been
completed, bringing the system to 12 lines and 285 stations spanning over 389 km — a
total that includes the Noida Aqua Line and Gurgaon’s Rapid Metro (Delhi Metro Rail
Corporation, 2020).? This expansion brought stations to different parts of Delhi at different
times and provides the spatial and temporal variation used in the paper.?

The analysis covers January 2016 through December 2019. The sample begins in 2016

2Noida Aqua Line and Gurgaon’s Rapid Metro fall outside Delhi’s police jurisdictions and therefore outside
the paper’s sample.

3Appendix Table A.1 summarizes the expansion under each phase, and Appendix Figure C.1 maps the
Metro network.



because comparable report-level crime data are not publicly available for earlier years and
ends in 2019 to avoid the disruptions to mobility, Metro use, policing, and crime reporting
associated with the COVID-19 pandemic beginning in early 2020. I obtain each station’s
latitude, longitude, opening month, and local police station from the Delhi Metro Rail
Corporation (DMRC) website, and use the reported police station to assign the station to a
police jurisdiction. This administrative assignment is preferable to a spatial overlay because
Metro lines and stations often lie on or close to police-jurisdiction boundaries, making a
purely coordinate-based assignment sensitive to small differences in boundary placement.

The baseline jurisdiction-level analysis excludes jurisdictions that already contained a
Metro station before January 2016. Because these jurisdictions are already treated when
the crime panel begins, their first-station event predates the panel and no pre-treatment
outcomes are observed for them within the sample. Among jurisdictions untreated at the
beginning of 2016, a jurisdiction becomes treated in the month its first Metro station opens
and remains treated thereafter; openings of subsequent stations do not change its treatment
status. This definition captures the transition from having no station to becoming connected
to the Metro network. Of Delhi’s 147 police jurisdictions, 68 already contained a station
before January 2016 and are excluded from the baseline jurisdiction-level design. Among
the remaining 79 jurisdictions, 25 receive their first station between 2016 and 2019, while 54
remain untreated throughout the sample period.*

The station coordinates also allow me to examine where within police jurisdictions the
estimated decline occurs. For this supplementary spatial analysis, I use 57 Metro stations
that opened between 2016 and 2019, including new stations in jurisdictions that were already
connected to the network before 2016. These openings can be included because the objective
is not to estimate the effect of a jurisdiction’s first connection, but to trace changes in
reported harassment by proximity to each new station. I construct distance bands around
the stations and aggregate point-geocoded crimes within them. I then examine whether
the decline is concentrated in the area immediately surrounding a station and whether it
is accompanied by an offsetting increase in nearby areas. Thus, the timing of first-station
openings across jurisdictions provides the paper’s primary identification strategy, while the
station coordinates allow me to characterize the spatial distribution of the effect and assess

displacement. Section 3 describes the identifying assumptions of the jurisdiction-level design

4As an alternative specification, I expand the sample to include jurisdictions that already contained
a Metro station before 2016 but received an additional station during the sample period more than one
kilometer from any pre-existing station. I use the same one-kilometer threshold as the ring-based design
in Section 3.2, which finds that the effect of a station on reported harassment is concentrated within one
kilometer and does not extend into the 1-2 km band; a new station sited farther than this from any existing
station therefore represents a treatment unaffected by the prior network. For these jurisdictions, treatment is
defined by the opening month of the new, spatially distinct station.



and the implementation of the supplementary spatial analysis.

2.2 Women’s Safety and Reported Crime in Delhi

Harassment in public space is a widespread feature of women’s experiences in Delhi. Among
Indian states and union territories, Delhi had the highest rate of reported crimes against
women in 2023—133.6 per 100,000 female population, compared with a national average
of 66.2 (National Crime Records Bureau, 2023). Reported crimes capture only part of the
underlying problem. In a survey conducted by UN Women and the International Center for
Research on Women, 95% of women and girls reported feeling unsafe in Delhi’s public spaces
(UN Women and ICRW, 2013). The conduct relevant to this paper ranges from unwanted
sexual comments and gestures to groping, stalking, and other forms of assault, and may occur
on streets, in markets, and while accessing public transportation.

In India, an alleged crime formally enters the police system through a First Information
Report (FIR), which records the initial information provided to the police about the alleged
offense. In the Delhi Police data used here, each FIR is associated with the territorial police
station responsible for the location of the incident. Police jurisdiction therefore reflects where
the alleged crime occurred rather than where the victim or accused resides. Each FIR records
the date on which the report was filed and, when available, the date and time at which
the alleged offense occurred. I assign crimes to months using the reporting date, which is
observed for every FIR. The date of occurrence is missing for 12.93% of reports filed under
the Indian Penal Code (IPC 1860). The hour-of-day analysis instead uses the reported time
of occurrence and is necessarily restricted to FIRs for which that information is available.

An FIR also records the sections of criminal law under which the case is registered. I use
these sections to construct a transparent and replicable measure of reported harassment crimes
against women. The primary outcome includes FIRs registered under the women-specific
IPC sections covering assault or criminal force with intent to outrage a woman’s modesty,
sexual harassment, assault with intent to disrobe, voyeurism, stalking, and words or gestures
intended to insult a woman’s modesty, together with obscene acts or words in a public place
(IPC sections 294, 354, 354A-354D, and 509).> Each FIR is counted once, irrespective of the
number of qualifying sections it contains.

I also construct broader and comparison outcomes, including all crimes against women,
domestic violence, and non-gender-specific street crimes such as theft and robbery. These
outcomes help distinguish a change specific to harassment from broader changes in crime,

policing, or reporting. Defining every outcome from the complete set of legal sections recorded

5Appendix Table B.3 reports the complete mapping of IPC sections into crime categories.



in each FIR, rather than classifying the free-text narrative, makes the classification procedure
reproducible and avoids assigning offenses on the basis of subjective textual interpretation.

The analysis nevertheless measures reported crime rather than the unobserved incidence
of crime. A change in FIRs may reflect a change in underlying offenses, victims’ willingness
or ability to report them, or police registration practices. I therefore do not interpret changes
in FIRs mechanically as equivalent changes in victimization. The empirical analysis uses the
timing and location of the effects, comparisons across crime categories, crowdsourced safety

audits, and reports filed at Metro police stations to examine these alternative explanations.

Constructing a High-Frequency, Geocoded Crime Panel. The central data contribu-
tion of the paper is the construction of a daily, geocoded panel from the universe of FIRs
published by the Delhi Police between January 2016 and December 2019. Although the police
make these reports publicly available on their website, they do not release them as a structured
database. Fach FIR appears as an individual, bilingual Hindi-English, multi-column scanned
PDF produced from a completed official form. Consequently, neither the form fields nor the
incident information can be analyzed directly at scale.

I download 357,802 FIR PDFs and convert them into a structured crime-level dataset
through a multistage pipeline. I first preprocess the document images and apply optical
character recognition to recover their contents. I then parse the recognized text to extract
the reporting date, time and place of occurrence, police station, and applicable statutes and
legal sections. Finally, I clean and standardize the extracted fields, classify offenses, and
geocode the reported place of occurrence. The pipeline successfully parses 356,140 reports,
or 99.54% of the downloaded collection. A manual audit covering 10% of the FIRs confirms
that the OCR and parsing procedures recover the key fields with high accuracy. Appendix
Section B describes the construction and validation procedures in detail.

The empirical analysis classifies crimes using the sections recorded under the IPC 1860,
and of these successfully parsed 356,140 reports, 296,869 are registered exclusively under the
IPC 1860 and constitute the IPC corpus used to construct the crime outcomes. Reporting
dates are available for every report in this corpus, and IPC sections are successfully extracted
for all but two reports.

I geocode the address recorded in the Place of Occurrence field of each FIR using ArcGIS
together with Delhi Police jurisdiction-boundary shapefiles. These entries vary in their level
of detail: some identify residential addresses or named shops, while others refer to landmarks
such as schools, places of worship, overhead water tanks, or roundabouts. I retain a geocode
only when the information supports an unambiguous point coordinate and exclude ambiguous
matches. This procedure geocodes 312,836 of the 356,140 parsed reports, or 87.84%, and



261,493 of the 296,869 IPC reports, or 88.08%. I therefore refer to these observations as
point-geocoded reports, without implying that every coordinate identifies an exact building
address. Appendix Table B.4 shows that coverage is high and stable across years. Coverage
for harassment reports ranges from 91.3% to 94.3% across the four years and is also similar
across treated, untreated, and already-treated jurisdictions.

Creating a consistent administrative geography requires an additional harmonization step.
Delhi contained 180 territorial police stations during the sample period, but their boundaries
changed as new stations were carved out of existing jurisdictions. To prevent changes in
administrative boundaries from generating artificial changes in measured crime, I combine
all police stations involved in a boundary change into a common territorial unit whose
composition remains fixed throughout the panel. This pure aggregation retains every FIR
filed at the affected stations and yields 147 harmonized territorial jurisdictions. I apply the
same police-station-to-jurisdiction crosswalk to the local police-station assignments reported
by DMRC, ensuring that Metro treatment and crime outcomes are defined over the same 147
units.

I separately exclude police units that do not represent fixed residential territories. These
include crime, special, economic-offences, and vigilance cells, as well as railway and Metro po-
lice stations. Railway and Metro police oversee transport networks rather than geographically
defined residential catchments; they therefore have neither fixed territorial boundaries nor
corresponding resident populations and cannot serve as units in the jurisdiction-level panel.
After these exclusions, the territorial IPC sample — covering the 147 harmonized jurisdictions
— contains 286,677 reports, or 96.57% of the IPC corpus, and retains approximately 99% of
reported harassment crimes against women.

The exclusion of Metro-police FIRs from the territorial panel also defines the spatial
scope of the main outcome. The baseline analysis measures reported harassment in the urban
areas surrounding stations rather than incidents reported within the Metro system itself. I
do not, however, discard reports filed at Metro police stations. I retain them as a separate
series and use them to test whether the decline in harassment recorded by territorial police
stations is offset by an increase in reports registered with the Metro police. This exercise
helps distinguish an improvement in safety around stations from substitution in reporting
between territorial and Metro police.

To my knowledge, this is the first dataset to render the full collection of Delhi FIRs
at daily frequency and point-level spatial resolution. Its three dimensions of granularity
serve different parts of the analysis. The harmonized police jurisdictions permit comparisons
around the staggered arrival of first Metro stations. Reporting dates can be aggregated

into the monthly panel used in the jurisdiction-level design, while reported occurrence times



permit the mechanism analysis to examine when incidents occur. The point coordinates
make it possible to estimate effects within narrow distance bands around stations and test
for spatial displacement independently of police-jurisdiction boundaries.

The standard source for crime statistics in India is the National Crime Records Bureau’s
annual Crime in India reports, which I use to describe aggregate crime in Delhi. Those data,
however, cannot support the empirical analysis in this paper. NCRB statistics are annual
and district-level and therefore lack the temporal and geographic precision needed either to
exploit the staggered arrival of first Metro stations across police jurisdictions or to examine
how changes in reported harassment vary with distance from a new station. NCRB also

" under which a report is classified according to its most

applies a “principal offense rule,’
serious offense. This can omit harassment sections when they appear in an FIR alongside a
more serious charge. Constructing the data from all IPC sections recorded in each underlying
FIR avoids this loss of information. The resulting dataset—with each report dated by its
filing date, assigned to a consistent territorial geography, spatially located where possible, and
classified using its complete set of legal sections—supports the jurisdiction-level causal design,
the supplementary spatial analysis of concentration and displacement, and the mechanism

analysis.

2.3 Additional Data

The remaining datasets perform distinct roles in the empirical analysis. Census data provide
population denominators and predetermined demographic characteristics; location-specific
safety audits measure changes in the surrounding public environment independently of police
reports; nighttime lights characterize baseline local activity; and hostel listings provide

suggestive evidence on a possible downstream response in the accommodation market.

Demographic data. I construct population and demographic characteristics from the 2011
Census of India. The Census reports these variables for towns and villages rather than for
police jurisdictions or distance rings. I therefore delineate the boundaries of Census towns
and villages using digital map products from the Survey of India as a guide and follow the
unit definitions in the Census Administrative Atlas.® I obtain the corresponding demographic
counts from the 2011 Census Primary Census Abstract (Office of the Registrar General and
Census Commissioner, India, 2011) and spatially aggregate them to police jurisdictions and to
the distance rings used in the point-level analysis. Where a Census town or village intersects

more than one jurisdiction or ring, I allocate its population in proportion to the share of its

6Survey of India: https://onlinemaps.surveyofindia.gov.in/Digital_Product_Show.aspx. Census
Administrative Atlas: https://censusindia.gov.in/nada/index.php/catalog/40.
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area falling within each unit, following high-resolution spatial work on India (Asher et al.,
2021). This procedure imposes uniform population density within each Census unit.
Population provides the denominator used to express reported crimes per 100,000 residents
in both the jurisdiction-level and ring-based designs. I additionally construct household size,
literacy, employment, and caste composition, including gender-disaggregated measures where
available. Because these characteristics are measured in 2011, before the analysis period and
the station openings studied here, I use them to assess balance between jurisdictions that

receive their first station during the sample and those that remain untreated.

Location-specific safety audits. To measure the surrounding public environment inde-
pendently of police reports, I use location-specific safety audits collected through the Safetipin
mobile application (Viswanath and Basu, 2015).” The data contain approximately 15,000
individual, geocoded audits conducted across Delhi between 2013 and 2024. A location may
be audited more than once, and each observation records the location and date of the audit.

Each audit evaluates the location on a scale from zero to three along nine dimensions.
Lighting measures the amount of illumination; openness captures the availability of clear
sightlines and the absence of visual obstructions; and visibility measures whether a person
at the location can be seen from nearby buildings, shops, or entrances. People records the
presence of other people; security captures visible police or private guards; and walkpath
evaluates the availability and quality of pedestrian space. Public transport measures the
availability and proximity of transport options; gender usage records the presence of women
and children relative to men; and feeling captures the auditor’s perceived safety at the
location. Safetipin also combines these dimensions into a composite safety score.

I use the nine audit dimensions and the composite safety score as separate outcomes. For
comparability across measures, I standardize each outcome by subtracting its pre-opening
mean and dividing by its pre-opening standard deviation, calculated using audits conducted
within one kilometer of stations before they open. These audits provide evidence on both
observable street conditions and perceived safety that does not depend on whether an incident
was reported to or registered by the police. In Section 4, I compare changes within 0-1
kilometer of a station with those in the 1-2 kilometer ring to assess whether station openings
are accompanied by the environmental changes predicted by informal surveillance. The
analysis uses the complete 2013-2024 audit sample, thereby providing a longer post-opening

window than the crime panel.

"Safetipin: https://safetipin.com.
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Baseline nighttime activity. I measure baseline local activity using nighttime luminosity
from the VIIRS Day/Night Band, processed as part of NASA’s Black Marble VNP46A2
product (Romén et al., 2018). Nighttime lights are widely used as a proxy for local economic
activity (Henderson et al., 2012; Asher and Novosad, 2020). I extract radiance through
Google Earth Engine and calculate mean luminosity in 2016 within one kilometer of each of
the 57 stations used in the ring-based design. In doing so, I exclude any area lying within
one kilometer of a Metro station that opened before 2016, so that the baseline measure does
not capture activity in the immediate surroundings of a pre-existing station.

The first station opening in the analysis occurs in May 2017, making 2016 luminosity
predetermined for every station in the sample. I divide the 57 stations into relatively high- and
low-baseline-activity groups at the median of the station-level luminosity distribution. The
1-2 kilometer ring provides the comparison area in the corresponding spatial analysis. Fixing
the classification using 2016 luminosity prevents subsequent Metro expansion or changes in
lighting technology during the sample period from affecting a station’s baseline-activity group

(Kyba et al., 2017).

Hostel locations. Finally, I use hostel listings from MagicBricks to provide suggestive
evidence on a possible downstream response in the accommodation market. I collected
4,374 listings on May 18, 2026, of which 4,265 contain coordinates. After removing exact
duplicate records, invalid coordinates, and listings without a reported operating-since year,
2,632 listings remain. The data provide each hostel’s address and coordinates, the year in
which it reports having begun operations, and a structured classification of whether it serves
men only, women only, or both genders.

To reduce contamination from pre-existing Metro access, I exclude any hostel located
within one kilometer of a station already operating before 2016, regardless of when the
hostel began operating. I then match each remaining hostel to its nearest station among
the 57 stations that opened between 2016 and 2019 and calculate the distance between
them. I classify a hostel as pre-opening if its reported operating-since year precedes the
station’s opening year and as during-or-post-opening if it began operating in or after that
year. I compare mean distance across these periods separately for men-only hostels and for
women-only and mixed-gender hostels.

This comparison is descriptive because the data constitute a cross-section of hostels listed
on MagicBricks in May 2026 and do not include establishments that had closed or left the
platform before collection. It therefore does not identify a causal effect on hostel entry or
resident composition, but provides suggestive evidence on whether surviving accommodation

serving women is located differently around new Metro stations.
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3 Empirical Strategy and Main Results

I first estimate the effect of a jurisdiction’s first Metro station using the staggered timing
of station openings across police jurisdictions. I then report the dynamic effects and ex-
amine robustness to alternative comparison groups, estimators, functional forms, inference
procedures, and samples. Next, I use the point-geocoded crime data to determine where
within a jurisdiction the decline occurs and whether it is offset by displacement to nearby
streets. I subsequently examine whether the estimated decline is specific to harassment. The
jurisdiction-level design provides the primary causal estimate; the spatial analysis establishes

how that effect is distributed around a station.

3.1 Jurisdiction-Level Design and Results
3.1.1 Setup and treatment

The unit of observation is police jurisdiction ¢ in month ¢. The estimation sample contains
the 79 jurisdictions that did not contain a Metro station in January 2016, observed through
December 2019. Of these, 25 receive their first station during the sample period and 54
remain untreated through December 2019. The other 68 of Delhi’s 147 jurisdictions already
contained a station when the panel begins. Because their first-station event predates the
crime data, I exclude them from the baseline jurisdiction-level analysis.

The outcome Yj; is the number of reported harassment crimes against women per 100,000
residents in jurisdiction ¢ and month ¢. Let (; denote the month in which jurisdiction
receives its first Metro station, and set G; = oo for jurisdictions that remain untreated
throughout the sample period. Jurisdictions sharing the same opening month form treatment
cohort g. A jurisdiction becomes treated in the month its first station opens and remains
treated thereafter. Consequently, jurisdictions treated later can serve as comparisons until
their own stations open, while jurisdictions that remain untreated through December 2019

can serve as comparisons throughout the panel.

Estimator and target parameter. I estimate group-time average treatment effects using
the staggered difference-in-differences estimator of Callaway and Sant’Anna (2021). Let Y;;(g)
denote the potential outcome in month ¢ if jurisdiction ¢ receives its first station in month
g, and let Y;;(0) denote its potential outcome if it remains untreated. For cohort ¢ in a

post-treatment month ¢, the group-time average treatment effect is

ATT(g,1) = E[Ya(g) - Ya(0) | Gi= g, t>g. (1)
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Figure 3.1: Treatment and control police jurisdictions

Notes: Police jurisdictions of Delhi by treatment status: treated (first Metro station opens
during the sample period), (no station through December 2019), and already
treated (station before January 2016). Already-treated jurisdictions are excluded from
the baseline jurisdiction-level analysis.
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Under the Assumptions 1 and 2 stated below, and because the baseline specification includes

neither covariates nor sampling weights, this parameter is identified by
ATT(g7t):E[Y; _Y;,g—l |Gz:g]_E[th_Yz,g—l |Gz>t]a tZg (2)

The first term is the change in reported harassment for cohort g between the month before its
station opens and month ¢. The second is the contemporaneous change among jurisdictions
that remain untreated in month ¢. Because G; > t includes both later-treated jurisdictions
before their own openings and jurisdictions untreated throughout the panel, the composition
of the comparison group can vary across months. Already-treated jurisdictions are never
used as controls. This avoids the contaminated comparisons that can arise in conventional
two-way fixed-effects estimators when treatment effects vary across cohorts or exposure
lengths (Goodman-Bacon, 2021; de Chaisemartin and D’Haultfeeuille, 2020).

Aggregation. [ aggregate the group-time effects by event time e =t — ¢, the number of
months since a station opened. Let T denote the final month of the panel, let G, = {g :
g+ e < T} denote the set of treatment cohorts observed at event time e, and let N, be the

number of jurisdictions in cohort g. For each post-treatment event time, the dynamic effect is

0(e) = > Ny ATT(g,g9 + e), e>0. (3)

9€Ge Z Nh

heGe

Thus, f(e) averages the effects for cohorts observed at the same length of exposure, weighting

each cohort by its number of jurisdictions. At longer exposure lengths, the estimate is
necessarily based on the earlier-treated cohorts that remain observable at that event time.

The headline estimand is the event-study aggregation’s average across all observed post-

treatment exposure lengths. Let £, denote the set of nonnegative event times included in

the event study. The average post-treatment effect is

|

" g

> 0(e). (4)
ecEy

The event-study figure also reports pre-treatment placebo estimates. Because the long-
difference specification uses g — 1 as the common reference period, these estimates compare
changes between earlier months and the month immediately preceding treatment in cohort ¢
with the corresponding changes among eligible comparison jurisdictions. The estimate for

e = —1 is normalized to zero and omitted. These pre-treatment estimates are not treatment
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effects; they provide evidence on whether treated and comparison jurisdictions were following
different trends before station openings. Baseline analytical standard errors are clustered at

the police-jurisdiction level.

Identifying assumptions. Identification rests on parallel trends and no anticipation.

Assumption 1 (Parallel Trends). For every treatment cohort g and post-opening month
t > g, absent a Metro station opening, jurisdictions first treated in month ¢ would have
experienced the same change in reported harassment between month ¢ — 1 and month ¢ as

jurisdictions not yet treated by month ¢:

E[Yi(0) = Yig1(0) | Gi = g] = E[Yi(0) = Yig1(0) [ Gi > 1]

Assumption 2 (No Anticipation). Reported harassment does not respond to a station before

it opens:

Yi(g) = Y (0) for all t < g.

The design does not require the cross-sectional placement of Metro stations to be random.
It allows jurisdictions receiving stations to differ systematically from untreated jurisdictions
in their levels of reported harassment and observed characteristics. It requires, however, that
their reported harassment would have evolved similarly in the absence of a station opening. As
a check on selection into treatment during the sample period, Table A.3 compares jurisdictions
receiving their first station between 2016 and 2019 with those remaining untreated through
December 2019. The two groups exhibit no systematic differences in population, household
size, literacy, employment, or caste composition measured in the 2011 Census. Because these
characteristics predate the analysis period, this exercise provides evidence that eventual
treatment during the sample is not systematically associated with the observed demographic
characteristics. It does not directly test parallel trends or rule out selection on unobserved
characteristics.

The pre-opening event-study coefficients reported below provide more direct evidence
on differential outcome dynamics. They are also relevant to no anticipation because Metro
construction may be visible before a station formally opens. I therefore examine whether
reported harassment begins to change before the opening date and separately conduct a
placebo exercise that advances treatment by three months in Section 3.1.3.

Finally, because Metro stations sometimes lie near jurisdiction boundaries, the jurisdiction-
level treatment indicator may classify some locations within the affected area of a new station

as untreated. To the extent that an opening also reduces harassment in these neighboring
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locations, this contamination of the comparison group would attenuate the jurisdiction-level

estimate toward zero. The spatial analysis in Section 3.2 addresses this limitation directly.

3.1.2 Main result

The opening of a jurisdiction’s first Metro station substantially reduces reported harassment
crimes against women per 100,000 residents. Table 3.1 reports an average across the post-
opening event-time estimates of —2.53 reports per 100,000 residents per month, with a
standard error of 0.98. Relative to the pre-treatment mean of 7.88 reports per 100,000
among treated jurisdictions, this estimate implies a decline of approximately 32%. The

corresponding 95% confidence interval, [—4.45, —0.61], excludes zero.

Table 3.1: The Effect of the First Metro Station on Reported Harassment Crimes Against Women

Reported harassment per 100,000

Post-opening ATT —2.533
(0.976)
Pre-opening average 0.659
(1.844)
Implied change (% of pre-treatment mean) —32%
Pre-treatment mean (treated) 7.884
Jurisdiction fixed effects Yes
Month-year fixed effects Yes
Observations 3,792
Treated / never-treated jurisdictions 25 / 54

Notes: Callaway and Sant’Anna (2021) estimator using doubly-robust inverse-probability weight-
ing with not-yet-treated comparison units. “Post-opening ATT” is the average of the post-opening
event-study coefficients (reported harassment per 100,000 residents); “Pre-trend (avg.)” is the
average of the pre-opening coefficients, a test of parallel trends. Standard errors, clustered at the
police-jurisdiction level, are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

3.1.3 Dynamic effects

Figure 3.2 plots the post-treatment dynamic effects from (3), together with pre-treatment
placebo estimates constructed using month g — 1 as the common reference period. Before
a station opens, the estimates are small, exhibit no systematic trend, and are statistically
indistinguishable from zero. The event study therefore provides no evidence that treated
and comparison jurisdictions were following different trends in reported harassment before
opening. After opening, the effect emerges within the first few months and remains negative

throughout the observed exposure window, with estimates generally between —2.5 and —4
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reports per 100,000. This pattern indicates a sustained reduction in reported harassment
rather than a short-lived change around the opening month.

As an additional check on anticipation, I assign treated jurisdictions a placebo opening
date three months before their actual opening and estimate the average effect over the three
months immediately preceding the true opening. The resulting estimate is 1.90 reports per
100,000 residents, with a standard error of 1.83. None of the three monthly estimates shows
a statistically significant decline. This evidence is consistent with reported harassment not

responding before stations begin operating.
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Figure 3.2: Event study: Effect of a jurisdiction’s first Metro station on reported harassment
crimes against women

Notes: The figure plots post-treatment dynamic effects 6(e) and pre-treatment placebo
estimates constructed using g — 1 as the common reference period using the Callaway and
Sant’Anna (2021) estimator, plotted against months since a jurisdiction’s first Metro station
opened. The outcome is reported harassment crimes against women per 100,000 residents.
Bars denote conventional pointwise 95% confidence intervals. Standard errors are clustered at
the police-jurisdiction level. Estimates at longer event times are based on fewer treatment
cohorts because only jurisdictions receiving stations earlier in the sample contribute to those
event-time effects.

3.1.4 Robustness

I next examine whether the jurisdiction-level result is sensitive to the construction of the
comparison group, estimator, outcome transformation, composition of the estimation sample,

inference procedure, or spatial correlation in the errors.

Alternative comparison groups. Restricting the comparison group to the 54 jurisdictions
that remain untreated throughout the 2016-2019 crime panel yields an almost identical

estimate of —2.54 reports per 100,000 residents per month, with a standard error of 0.98. I
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then impose a more demanding restriction, retaining as controls only jurisdictions whose
first Metro station opened between January 2020 and June 2026. These jurisdictions were
untreated throughout the crime panel but were subsequently incorporated into the network,
making them potentially more comparable to jurisdictions treated during 2016-2019 on the
determinants of station placement. The estimate remains essentially unchanged at —2.51,

with a standard error of 1.02. Appendix Table A.4 reports these results.

Alternative estimators. The heterogeneity-robust estimators of Sun and Abraham (2021),
Borusyak et al. (2024), de Chaisemartin and D’Haultfeeuille (2020), and Gardner (2022)
produce estimates of —2.54, —2.47, —1.96, and —2.47, respectively. All four estimates
are negative and statistically significant. A Goodman—Bacon decomposition shows that
comparisons in which earlier-treated cohorts serve as controls for later-treated cohorts account
for only 3.6% of the weight in the static two-way fixed-effects estimate (Goodman-Bacon,
2021). Even so, I continue to rely on the heterogeneity-robust estimators reported above,
following the literature’s recommendation to explore alternative estimators even when the
two-way fixed-effects estimate does not appear biased: the comparisons implicit in the
two-way fixed-effects estimator remain opaque, and the weights it places on the underlying
cohort-level average treatment effects need not correspond to a policy-relevant parameter
(de Chaisemartin and D’Haultfeeuille, 2020). Appendix Table A.5 reports the estimates.

Functional form and count models. The result is not an artifact of expressing harassment
as a linear rate. A static Poisson pseudo-maximum-likelihood model of harassment counts,
including jurisdiction and month-year fixed effects and using jurisdiction population as the
exposure, yields a coefficient of —0.30 (p = 0.024). This coefficient implies a reduction of
approximately 26%. Applying the Callaway—Sant’Anna estimator after transforming the
harassment rate using the inverse hyperbolic sine, which accommodates jurisdiction-months
with no reported harassment, produces an average post-opening estimate of —0.72, with a
standard error of 0.21. The corresponding average pre-treatment estimate is —0.07, with a
standard error of 0.23 (Appendix Table A.6).

Influential jurisdictions and treatment cohorts. The result is not driven by a single
treated jurisdiction. Re-estimating the model while omitting one treated jurisdiction at a
time produces coefficients ranging from —2.78 to —1.79, all of which remain statistically
significant. The conclusion is also robust to removing one treatment cohort at a time. The
least negative estimate, obtained after excluding the earliest treatment cohort, is —1.67

and remains statistically significant at the 5% level. Although smaller than the baseline
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coefficient, it still represents a decline of approximately one-fifth relative to the pre-treatment
mean. Finally, excluding jurisdictions above the 90th percentile of the 2016 harassment-rate
distribution yields an estimate of —2.51, with a standard error of 0.70. These exercises
show that the headline result is not generated by a small number of unusually high-crime

jurisdictions or a single opening cohort. Appendix Table A.7 reports these results.

Multiplier-bootstrap inference. Because only 25 jurisdictions are treated during the
sample, I supplement the conventional cluster-robust inference with the multiplier bootstrap
implemented by Callaway and Sant’Anna (2021), clustering at the police-jurisdiction level.
The resulting simultaneous confidence bands include zero throughout the pre-opening period.
Post-opening point estimates remain consistently negative, and several continue to exclude

zero even under simultaneous inference.

Spatially correlated errors. Because neighboring jurisdictions may experience correlated
shocks, I also estimate a static two-way fixed-effects specification using Conley standard errors
with spatial cutoffs of 3, 5, and 10 kilometers and a temporal lag of 12 months (Conley, 1999).
The point estimate is —2.91 reports per 100,000 residents per month. The standard error is
approximately 1.24 under each distance cutoff, leaving the estimate statistically significant
at conventional levels. This exercise addresses inference under spatial correlation; its static
two-way fixed-effects coefficient is not the same estimand as the average post-treatment effect

reported in the baseline specification (Appendix Table A.8).

3.2 Spatial Distribution and Displacement

The jurisdiction-level analysis provides the primary estimate of the effect of gaining a first
Metro station, but police jurisdictions are too coarse to reveal the spatial incidence of that
effect. The observed decline could be concentrated in the station’s immediate surroundings,
extend more broadly across the jurisdiction, or be accompanied by an increase in harassment
on nearby streets. Moreover, administrative boundaries do not necessarily coincide with
physical exposure to a station, particularly when stations lie near jurisdiction borders. 1
therefore use the point-geocoded crime data to trace changes in reported harassment per
100,000 residents across concentric distance rings around new stations. This supplementary
spatial analysis locates the decline identified at the jurisdiction level and examines whether
stations make their immediate surroundings safer or merely displace harassment to adjacent

areas.
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Constructing station catchments. 1 assign every location within five kilometers of the
57 new Metro stations to its nearest station. This creates mutually exclusive catchments
and prevents crimes or population from being counted more than once where station buffers
overlap. I construct the catchments using all 57 station locations and hold them fixed
throughout the panel, regardless of when each station opens. Within each catchment, I
construct 0-1, 1-2, 2-3, 3-4, and 4-5 km distance bands and calculate reported harassment
per 100,000 residents in each station-band-month cell. T exclude areas within one kilometer of
a station operating before 2016 so that exposure to the pre-existing network is not attributed

to a new station opening.

Changes by distance. [ first document post-opening changes separately across distance
bands. Let B =0,1,2,3,4 denote the set of bands, with b = r corresponding to locations
between r and r + 1 kilometers from station s. Taking the 0—1 km band as the reference

category, I estimate

Vi = 0Poster + Y % Ub=7r}+ > B [1{b=r} x Posty] + ps + A +cat,  (5)
reB\{0} reB\{0}

where Yy, is reported harassment per 100,000 residents in station s, distance band b, and
month ¢, and Postg equals one from the month station s opens onward. Station fixed effects
1s absorb permanent differences across station catchments, distance-band fixed effects ~,
capture average differences across bands, and calendar-month fixed effects \; absorb changes
common to Delhi in each month. Standard errors are clustered at the Metro-station level.
The coefficient § gives the post-opening change in the 0—1 km band. Each [, measures how
the post-opening change in outer band r differs from that in the 0-1 km band, so § + 3, gives
the corresponding change in band r.

Table A.9 and Figure 3.4 provide the results. Reported harassment declines by approx-
imately 2.4 reports per 100,000 residents within one kilometer of a new station, with a
standard error of 0.975. The estimate is statistically significant at the 5% level. By contrast,
the estimated changes in the 1-2, 2-3, 34, and 4-5 km bands are small and statistically
indistinguishable from zero.® Calendar-month fixed effects absorb changes common across
Delhi, so the outer-band estimates indicate the absence of an additional station-specific
change farther from a new station rather than the absence of a broader citywide trend.
Taken together, these descriptive estimates document a sharply localized decline around new

stations. I next compare the inner and outer bands directly to assess the robustness of this

8Reported harassment declined across the city over this period; the month-year fixed effects absorb this
common trend, so the flat outer bands reflect the absence of any station-specific change beyond one kilometer
rather than an absence of any change at all.
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Figure 3.3: Distance bands around newly opened Metro stations

Notes: The figure maps the fixed distance bands around the 57 Metro stations opening
during the sample period. Each location is assigned to its nearest new station using
Voronoi polygons, so catchments are mutually exclusive (Appendix Section B.5). Areas
within one kilometer of a station operating before 2016 are excluded.
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Figure 3.4: Post-opening changes in reported harassment by distance from a new station

Notes: Each point reports the estimated post-opening change in reported harassment crimes
against women per 100,000 residents within the indicated distance band, obtained from
Equation (5). Bars denote 95% confidence intervals, with standard errors clustered at the
Metro-station level.

spatial pattern and test more explicitly for displacement.

Relative and nested-ring estimates. [ next estimate the change in the inner ring
relative to nearby areas using the Callaway and Sant’Anna (2021) estimator. In the baseline
specification, each station contributes two spatial units: an inner 0—1 km cell and an outer
1-2 km cell. The inner cell enters treatment cohort G, defined by station s’s opening
month, while the outer cell is coded as a comparison unit throughout the panel. Before
G, the inner cell is not yet treated. For each cohort and month, the estimator compares
the change in newly treated inner cells with the contemporaneous change among outer
cells and inner cells associated with stations that have not yet opened. This comparison
is informative about relative spatial incidence if, absent an opening, reported harassment
in the treated inner cells would have followed the same trends as these eligible comparison
cells. The pre-opening estimates provide no evidence of differential trends between them
(Table 3.2). As in the jurisdiction-level analysis, I aggregate group-time effects by event time
using cohort-size weights and report the average across the resulting post-opening event-time
estimates. Standard errors are clustered at the Metro-station level.

Using the adjacent 1-2 km band as the comparison area, reported harassment within one
kilometer declines by 3.227 reports per 100,000 residents, with a standard error of 1.26. I then
hold the treated 0-1 km ring fixed while successively expanding the outer comparison area to
1-3, 1-4, and 1-5 km. In each specification, I aggregate crimes and population across the
relevant outer bands to form one comparison cell per station. The corresponding estimates
are —2.896, —2.826, and —2.876, with standard errors of 1.18, 1.17, and 1.14, respectively.
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All four estimates are statistically significant at the 5% level. The stability of the estimates
as the comparison area expands indicates that the relative decline is not sensitive to the
width of the outer ring (Table 3.2).

Table 3.2: Ring Estimates: Robustness to the Width of the Control Band

Control band (treated band: 0-1km)
1-2km 1-3km 1-4km 1-5km

(baseline)
Post-opening ATT —3.227* —2.896** —2.826™ —2.876**
(1.260)  (1.178)  (1.173)  (1.143)
Pre-trend (avg.) —0.033 0.438 0.404 0.484
(2.996) (2.966) (2.970) (2.960)
Station x band fixed effects Yes Yes Yes Yes
Month-year fixed effects Yes Yes Yes Yes
Observations 5,472 5,472 5,472 5,472

Notes: Each column is a separate Callaway and Sant’Anna (2021) estimate comparing the
treated 0—1km ring to a single control ring spanning the indicated distance band, where
the control ring aggregates reported harassment crimes and resident population across
its constituent one-kilometer bands. Estimation uses doubly-robust inverse-probability
weighting with not-yet-treated rings as the comparison group. “Post-opening ATT” is
the average of the post-opening event-study coefficients (reported harassment per 100,000
residents); “Pre-trend (avg.)” is the average of the pre-opening coefficients, a test of
parallel trends. Standard errors, clustered at the Metro-station level, are in parentheses.
*p < 0.10, **p < 0.05, ***p < 0.01.

Together with the band-specific estimates, which show no statistically significant increase
in any outer band, these results provide no evidence that the decline within one kilometer is

offset by displacement to areas up to five kilometers away.

Outcome specificity. I next examine whether this localized decline is specific to harassment
or reflects a broader change in reported crime. I apply the same Callaway—Sant’Anna ring
specification separately to each crime category shown in Figure 3.5 (Appendix Table A.10),
treating the 0-1 km cell as exposed from the station’s opening month and using the corre-
sponding 1-2 km cell as the comparison area. The category of other crimes against women
excludes harassment. Harassment is the only category for which I estimate a statistically
significant post-opening decline. I find no comparable change in domestic violence, other
crimes against women such as rape and abduction, or non-gender-specific street crimes such
as theft and robbery. This pattern weighs against explanations based on a general change in

crime, police activity, or the propensity to register offenses following a station opening.
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Figure 3.5: Effects of Metro station openings across crime categories

Notes: Each point reports the average across post-opening event-time estimates from the
Callaway and Sant’Anna (2021) ring specification for the indicated category of reported crime
per 100,000 residents. The 0—-1 km cell is treated from the month its associated station opens,
while the corresponding 1-2 km cell is coded as a comparison unit throughout the panel. The
spatial sample contains 57 Metro stations opening between 2016 and 2019. Bars denote 95%
confidence intervals, with standard errors clustered at the Metro-station level. Labels report the
point estimate and, in parentheses, the estimate as a percentage of the corresponding pre-opening
mean in treated 0-1 km cells. *p < 0.10, **p < 0.05, ***p < 0.01.
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Spatially distinct openings in already-connected jurisdictions. The spatial analysis
shows that the decline in reported harassment is concentrated within one kilometer of a
new station. This finding motivates an additional exercise using jurisdictions that already
contained a Metro station before 2016 but received another station during the sample period
more than one kilometer from any pre-existing Metro station. Although these openings do
not represent a jurisdiction’s first connection to the network, they newly expose a spatially
distinct part of the jurisdiction to the immediate station environment. I expand the baseline
sample by adding the 13 qualifying jurisdictions and assign their treatment dates according to
the opening of the new, spatially distinct station. The resulting estimate therefore combines
first-station openings in the original treated jurisdictions with additional-station openings
in already-connected jurisdictions. The average post-opening estimate is —2.00 reports per
100,000 residents per month, with a standard error of 0.706. This composite estimate shows
that the main conclusion is robust to expanding the sample to include additional stations
that serve previously unexposed parts of already-connected jurisdictions. Appendix Table A.7

reports the estimate.

Displacement into the Metro system. A station might also displace harassment from
surrounding streets onto Metro platforms or trains. Such incidents are filed at dedicated
Metro police stations and are excluded from the territorial-jurisdiction panel. To assess
whether this form of displacement could account for the estimated decline, I conduct a
back-of-the-envelope calculation that applies the baseline average rate reduction of 2.533
reports per 100,000 residents uniformly to the population of every treated jurisdiction in each
post-opening month. This calculation implies approximately 1,180 fewer harassment reports
between January 2016 and December 2019. Over the same period, Metro police stations
serving the 57 newly opened stations recorded only 42 reports meeting the same harassment
definition, accounting for less than 4% of the implied decline. Reported harassment within
the Metro system therefore cannot quantitatively account for the estimated reduction around
station openings.

Together, the jurisdiction-level and spatial results show that Metro station openings are
followed by a large, outcome-specific decline in reported harassment concentrated within one
kilometer of the station, with no evidence of an offsetting increase in adjacent streets or within
the Metro system. These findings establish where the decline occurs but do not by themselves
determine why stations make surrounding public spaces safer. I next examine whether
the timing and heterogeneity of the effect, together with changes in the observed street

environment, are consistent with stations increasing local activity and informal surveillance.
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4 Mechanisms

Why does a Metro station reduce reported harassment in the surrounding public space?
I consider three explanations. First, a station may generate local activity and informal
surveillance—the “eyes on the street” of Jacobs (1961)—that increase the likelihood that
harassment is observed and potential offenders are deterred. Second, the formal policing or
private security associated with a station may increase deterrence. Third, the incidence of
harassment may remain unchanged while victims’ reporting behavior or police registration
practices change. These explanations are not mutually exclusive, and no single test can
distinguish them conclusively. They do, however, generate different predictions that can be
evaluated jointly.

An informal-surveillance mechanism should be most evident when station-related activity
reaches the surrounding neighborhood, should generate larger safety gains where little
activity existed beforehand, and should coincide with improvements in the visibility and
perceived safety of nearby public space. A uniform increase in formal security may also
reduce harassment and should be reflected in visible security around stations, but it does
not by itself predict a systematically larger effect in initially inactive neighborhoods. A pure
reporting explanation does not predict independently measured improvements in the street
environment; moreover, a simple account in which hurried commuters become less likely to
report should plausibly apply during both morning and evening travel peaks. I organize the
evidence around these contrasting predictions before assessing what the results imply for the

competing explanations.

4.1 When: The Effect Is Concentrated in the Evening

The timing of the effect provides the first test. Using more than 80 million fare-collection
records from 237 Delhi Metro stations across the National Capital Region (NCR), Xavier et al.
(2025) document a morning travel peak between 07:00 and 10:00 and an evening peak between
17:00 and 20:00. During the morning peak, the stations making the largest contributions to
link-level crowding are concentrated around major employment destinations, whereas during
the evening peak they are more widely distributed across residential and mixed-use districts.
This spatial reversal bears the familiar signature of the daily commute: flows concentrated
around employment centers in the morning disperse toward residential neighborhoods at the
end of the working day.’

I assign each reported incident to one of four mutually exclusive six-hour intervals—03:00—

9Although the data come from September 2023, after the period studied here, they provide independent
descriptive evidence on the daily timing and spatial distribution of Delhi Metro passenger flows.
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09:00, 09:00-15:00, 15:00-21:00, and 21:00-03:00—using its recorded time of occurrence, and
re-estimate the 0-1 versus 1-2 km specification separately for each interval.!® Figure 4.1
(Appendix Table A.11) shows that the reduction is concentrated between 15:00 and 21:00,
the interval containing the evening travel peak. Reported harassment falls by approximately
2.0 reports per 100,000 residents during this interval, and this is the only six-hour estimate
that is statistically distinguishable from zero. I find no comparable decline in either of the
intervals overlapping the morning peak or during the remainder of the day.

This concentration is consistent with informal surveillance being especially valuable when
station activity reaches surrounding neighborhoods during the evening, as natural visibility
declines. Taken alone, however, the timing does not exclude a role for formal security, which
may also vary over the day. It does weigh against the simple reporting explanation that
commuters forgo reporting because they are in a hurry: morning travel also has a pronounced

peak, but reported harassment does not decline in either six-hour interval that overlaps it.

Effect on Reported HoS

Effect on Reported HoS per 100k People

T T T T
03-09 09-15 15-21 21-03

Figure 4.1: Effect of a station opening on reported harassment by time of occurrence

Notes: Each point reports the estimated effect of a station opening on reported harassment
crimes against women per 100,000 residents within the indicated six-hour interval. Estimates
compare the 0-1 km ring with the 1-2 km ring using the Callaway and Sant’Anna (2021)
estimator. Bars denote 95% confidence intervals, with standard errors clustered at the Metro-
station level. Incidents are assigned to intervals using their recorded time of occurrence.

10Appendix Section B.6 documents coverage of the time-of-occurrence field and Appendix Table A.12
reports a supplementary comparison of the narrower 4 hour intervals (00:00-04:00, 04:00-08:00, 08:00-12:00,
12:00-16:00, 16:00-20:00, 20:00-24:00) windows.
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4.2 Where: The Effect Is Largest in Initially Inactive Areas

The second test asks whether the effect depends on how much activity surrounded a station
before it opened. I divide stations at the median of nighttime luminosity—a proxy for baseline
local activity—in their immediate (0-1 km) catchments in 2016 and re-estimate the ring
specification separately for stations in lower- and higher-activity areas. Because the first
station in this analysis opens in May 2017, luminosity in 2016 is measured before treatment
for every station.

The reduction is substantially larger around stations in initially dim areas. The estimated
effect in the 0—1 km ring relative to the 1-2 km ring is —5.45 reports per 100,000 residents
in lower-activity areas, statistically significant at the 1% level, compared with —1.45 in
higher-activity areas, which is not statistically distinguishable from zero (Figure 4.2). The
low-minus-high difference is —4.00, with a standard error of 2.28, and is statistically significant
at the 8% level. The same pattern appears when I compare the bottom and top quartiles
of baseline luminosity (Table A.13). A station’s 2016 baseline nightlight intensity is not
significantly correlated with its pre-opening harassment rate in the 0—1 km ring (Pearson
correlation 0.169, p = 0.210; Spearman’s p = 0.056, p = 0.682; N = 57), indicating that the
low /high-activity split is not simply re-partitioning stations by their baseline level of reported
harassment.

This heterogeneity is consistent with diminishing marginal returns to informal surveillance.
Where streets were already active, an additional station may add relatively little to the
number and continuity of potential observers. Where baseline activity was low, the same
opening can produce a much larger change in the conditions under which harassment occurs.
Conversely, a uniform formal-security explanation provides no immediate reason for the effect
to depend so strongly on activity before the station opened. The result does not rule out
formal security, but it indicates that a channel whose effect depends on the pre-existing street
environment is important.

This heterogeneity also matters for the spatial allocation of transit investment. Conven-
tional evaluations emphasize ridership, travel-time savings, and improvements in network
accessibility. Because the safety gains identified here are largest where baseline activity was
low, they need not be greatest in the locations that perform best according to these conven-
tional criteria. Accounting for this place-based safety benefit could therefore change where
new lines and stations appear most socially valuable. The estimates do not by themselves
identify the optimal placement of transit infrastructure, which would require valuing the
safety gains and weighing them against construction costs and other network benefits. They
do show that omitting this benefit may distort both the estimated welfare return to transit

expansion and its preferred spatial allocation.
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Difference = -4.00 (p = 0.08)

Effect on Reported HoS per 100k People

-10

T T
Low Baseline Activity High Baseline Activity

Figure 4.2: Effect heterogeneity by baseline local activity

Notes: Each point reports the Callaway and Sant’Anna (2021) estimate comparing
reported harassment crimes against women per 100,000 residents in the 0—1 km and
1-2 km rings, estimated separately for stations below and above the median of 2016
nighttime luminosity in the 0-1 km catchment. Bars denote 95% confidence intervals,
with standard errors clustered at the Metro-station level. The low-minus-high difference
is —4.00 (standard error 2.28). Appendix Table A.13 reports alternative comparisons.
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4.3 How: Changes in the Surrounding Public Environment

The third test examines whether the environment surrounding a station changes along the
dimensions predicted by informal surveillance. I use Safetipin audits conducted between
2013 and 2024 and compare audit outcomes within 0—1 km of a station with those in the
1-2 km ring before and after it opens. Each specification includes station-by-ring fixed effects
and audit-date fixed effects, and standard errors are clustered at the Metro-station level. I
standardize each outcome by subtracting its mean and dividing by its standard deviation
among audits conducted in the treated 0-1 km ring before the station opened.

Figure 4.3 shows that station openings are accompanied by substantial changes in the
surrounding public environment. Visibility—which records windows, entrances, vendors, and
other potential “eyes” facing the street—increases by 0.45 standard deviations. Lighting
rises by 0.42 standard deviations, and auditors’ perceived ability to return to the location
alone at night (Feeling) improves by 0.49 standard deviations. Openness, visible police or
private security, and the gender diversity of people using the space also improve significantly.
By contrast, walkpath quality—a comparatively fixed feature not central to the proposed
mechanism—does not change. Because these measures are collected independently of police
crime reports, they establish that the observed decline in reported harassment coincides with

a broader transformation of the surrounding public space.!!

4.4 Assessing Formal Security and Changes in Reporting

The evidence permits a more precise assessment of the two alternative explanations. Safetipin
audits show that visible police or private security increases after a station opens, suggesting
that formal security may contribute to the decline. The analysis therefore cannot, and need
not, exclude a complementary role for formal enforcement. A formal-security-only explanation
is less consistent with the full pattern, however. In particular, a uniform increase in security
at new stations does not explain why the reduction in harassment is substantially larger in
neighborhoods with low baseline activity, or why several dimensions of informal watchability
improve at the same time. The evidence instead suggests that formal and informal surveillance
may operate together, with informal surveillance contributing more where baseline activity

and ambient surveillance were lower.

1T omit Safetipin’s People parameter from the main presentation because it is a coarse ordinal measure of
the number of individuals visible at an audit point rather than a measure of pedestrian density or activity
within the station catchment. I also do not interpret Safetipin’s composite safety score as separate mechanism
evidence because it incorporates both this parameter and access to public transportation, which may respond
mechanically to a Metro opening. Appendix Table A.14 reports estimates for all individual parameters and
the provider-defined composite score.
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Effect of Station Opening on Audit Score (SD Units)

Figure 4.3: Effect of a station opening on Safetipin audit outcomes

Notes: Each point reports the coefficient from a separate difference-in-differences regression
comparing Safetipin audit outcomes within 0-1 km of a new station with outcomes in the
1-2 km ring before and after the station opens. Specifications include station-by-ring and
audit-date fixed effects and use audits within 0-2 km of a station (N = 3,655). Outcomes
are standardized using the mean and standard deviation among pre-opening audits in the
treated 0—1 km ring. Bars denote 95% confidence intervals, with standard errors clustered at
the Metro-station level. Appendix Table A.14 reports estimates for all outcomes. *p < 0.10,
*p < 0.05, ***p < 0.01.
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Changes in reporting require a different qualification. Because the outcome is constructed
from FIRs, the estimates cannot mechanically separate changes in the incidence of harassment
from changes in victims’ willingness to report or police registration practices. Three results
nevertheless weigh against a pure reporting explanation. First, the decline is concentrated in
the evening and does not occur during the morning travel peak, which is difficult to reconcile
with a simple account based on hurried commuters reporting less. Second, the ring-level
outcome-specificity results in Figure 3.5 show no corresponding change in domestic violence,
other crimes against women constructed to exclude harassment, or non-gender-specific street
crimes. Third, the Safetipin audits document independent improvements in observable street
conditions and perceived safety. None of these findings alone eliminates every possible
reporting response, but together they are difficult to reconcile with unchanged safety and a

decline arising solely from reporting or registration.

4.5 Interpreting the Mechanism Evidence

The mechanism evidence does not assign the entire decline in reported harassment to a single
channel. It instead reveals a coherent pattern: harassment falls during the evening period in
which Metro activity reaches residential neighborhoods; the reduction is largest where baseline
activity was low; and independently collected audits show improvements in lighting, visibility,
openness, gender usage, security, and perceived safety. The increase in visible security suggests
a complementary role for formal enforcement, but the dependence of the effect on prior
activity and the broader changes in street watchability point to informal surveillance as an
important part of the response. Together with the outcome-specificity results, these patterns
are also difficult to explain as a pure reporting artifact. Metro expansion therefore appears
to generate a place-based safety return by changing the conditions under which women use

the public spaces surrounding stations.

4.6 A Suggestive Downstream Response: Hostel Locations

I finally examine whether the accommodation market exhibits a corresponding gender-specific
pattern. Using the MagicBricks hostel listings described in Section 2.3, for each hostel, I
measure its distance to its nearest station among those that opened between 2016 and 2019
and compare this distance across men-only hostels and women-only and mixed-gender hostels.
I classify a hostel as pre-opening if its reported operating-since year precedes the opening
year of its nearest station and as during-or-post-opening if it began operating in or after that
year.

Figure 4.4 shows that women-only and mixed-gender hostels beginning operations during
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or after a station’s opening are located approximately 0.44 km closer to the station than those
beginning operations beforehand. The corresponding difference among men-only hostels is
0.01 km. This pattern is consistent with safer and better-connected neighborhoods becoming
relatively more attractive locations for accommodation serving women.

The comparison is descriptive rather than causal. The data are a cross-section of hostels
listed on MagicBricks in May 2026 and do not include establishments that closed or were
not listed at the time of collection. Moreover, the operating-since field identifies only the
year in which a hostel began operating, and the same station opening improves transport
access as well as potentially improving safety. The evidence therefore neither isolates safety
from connectivity nor establishes a change in the gender composition of residents. It provides

suggestive evidence of a possible downstream response in the local accommodation market.

Pre ® Post

3.5

Distance to Nearest Metro Station (km)

T T
Girls + Coed Boys Only

Figure 4.4: Hostel proximity to new Metro stations, by operating period and gender served

Notes: The figure reports mean distance to the nearest Metro station opening between 2016 and 2019
for MagicBricks hostel listings classified as men-only (“Boys only”) or women-only and mixed-gender
(“Girls 4+ Coed”). “Pre-opening” denotes hostels whose reported operating-since year precedes the
station’s opening year; “during or post-opening” denotes hostels reporting that they began operating
in or after that year. Bars denote 95% confidence intervals. The comparison is descriptive and does
not identify the causal effect of a station opening on hostel entry or location.
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5 Conclusion

Mass transit is typically evaluated by how it connects locations and moves people across a
city. This paper shows that it can also transform the places it connects. I study the staggered
arrival of Delhi Metro stations between 2016 and 2019 and estimate how a jurisdiction’s
first station affects reported harassment of women in the surrounding public space. The
analysis is enabled by a new high-frequency crime dataset constructed from nearly 300,000
scanned, bilingual police reports. Converting these records into structured data, harmonizing
changes in police-jurisdiction boundaries, and geocoding incident locations make it possible
to examine both changes across jurisdictions and their precise spatial distribution around
new stations.

A jurisdiction’s first Metro station reduces reported harassment by approximately 32%
relative to the pre-opening mean among treated jurisdictions. The decline is concentrated
within one kilometer of a station, with no evidence of an offsetting increase in adjacent
areas or within the Metro system. Nor is it accompanied by comparable changes in other
crimes against women or non-gender-specific street crime. The effect is therefore neither a
general decline in recorded crime nor a spatial redistribution of harassment away from station
entrances.

The mechanism evidence points to changes in the surrounding public environment as
an important part of the explanation. Harassment falls primarily during the evening, when
Metro passenger flows disperse into residential neighborhoods, and the reduction is largest
around stations in areas with low baseline activity. Independently collected safety audits
show corresponding improvements in lighting, visibility, openness, the presence of women
and children, and women’s perceived ability to use these spaces alone at night. Visible
formal security also increases, suggesting that formal and informal surveillance may operate
together. Because the main outcome is reported crime, changes in reporting or registration
cannot be separated completely from changes in incidence. Yet the timing of the decline, its
concentration in initially inactive areas, its specificity to harassment, and the independently
measured transformation of the street environment are difficult to reconcile with a pure
reporting explanation. Suggestive evidence from hostel listings also points to a possible
downstream response in the accommodation market serving women.

These findings have implications for how cities evaluate and allocate transit investment.
Conventional assessments emphasize ridership, travel-time savings, accessibility, and ag-
glomeration benefits. The safety return identified here is instead place-based and appears
largest in neighborhoods with relatively little prior activity. Accounting for it may therefore

change not only the estimated social return to transit expansion but also where new lines
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and stations appear most valuable. The results do not by themselves determine the optimal
placement of transit infrastructure: doing so would require valuing these safety gains and
weighing them against construction costs and other network benefits. They nevertheless show
that infrastructure designed without an explicit gender objective can generate important

gender-specific welfare gains by changing women’s ability to use public space.
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Table A.1: Summary statistics of the construction phases of Delhi Metro

Phase Line Route Stations Length (km) Date
Shahdara — Tis Hazari 6 8.35 Dec 2002
Red Line Tis Hazari — Inderlok 4 4.87 Oct 2003
Inderlok — Rithala 8 8.84 Apr 2004
Phase-1 Yellow Line Vishwavidyalaya — Kashmere Gate 4 4.06 Dec 2004
W Kashmere Gate — Central Secretariat 6 6.62 Jul 2005
Barakhamba — Dwarka 22 22.74 Dec 2005
Blue Line Dwarka — Dwarka Sector 9 6 6.47 Apr 2006
Barakhamba — Indraprastha 3 2.80 Nov 2006
Red Line Shahdara — Dilshad Garden 3 3.09 Jun 2008
Vishwavidyalaya — Jahangirpuri 5 6.36 Feb 2009
Yellow Line HUDA City Centre — Qutab Minar 10 15.82 Jun 2010
Central Secretariat — Qutab Minar 9 11.76 Sep 2010
Phase.11 Indraprastha — Yamuna Bank 1 2.17 May 2009
ase- Blue Li Yamuna Bank — Noida City Centre 10 12.85 Nov 2009
1e Lme Dwarka Sector 9 — Dwarka Sector 21 2 2.76 Oct 2010
Anand Vihar ISBT — Vaishali 2 2.57 Jan 2010
Green Line Inderlok — Kirti Nagar — Mundka 16 18.46
Orange Line ~ New Delhi — IGI Airport (T-3) — Dwarka 6 22.70 Feb 2011
Sector-21
Violet Line Central Secretariat — Sarita Vihar 13 15.34 Oct 2010
Sarita Vihar — Badarpur 3 4.82 Jan 2011
Red Line Dilshad Garden — Shaheed Sthal (New Bus 8 9.63 Mar 2019
Adda)
Yellow Line Jahangirpuri — Samaypur Badli 3 4.38 Nov 2015
Blue Line Noida City Centre — Noida Electronic City 6 6.80 Mar 2019
Central Secretariat — Janpath — Mandi 2 Jun 2014
House
Phase-Tll - viole Line  ITO station Jun 2015
Sarai — Escorts Mujesar (Faridabad) 9 13.56 Sep 2015
Delhi Gate — Kashmere Gate 3 May 2017
Escorts Mujesar — Raja Nahar Singh (Bal- 2 3.35 Nov 2018
labhgarh)
Majlis Park — Durgabhai Deshmukh South 12 21.57 Mar 2018
. . Campus
Pink Line Durgabhai Deshmukh South Campus — La- 6 8.53 Aug 2018
jpat Nagar
Trilokpuri — Sanjay Lake — Shiv Vihar 15 17.86 Oct 2018
Lajpat Nagar — Mayur Vihar Pocket-1 5 9.63 Dec 2018
Magenta Line Botanical Garden — Kalkaji Mandir 9 12.64 Dec 2017
& M€ Kalkaji Mandir — Janakpuri West 16 24.82 May 2018
Grey Line Dwarka — Najafgarh 4 4.98 Oct 2019

Notes: Routes highlighted in purple contain the metro stations that opened between 2016 and 2019 and are
the first stations within their respective police jurisdictions; these are the stations used in the analysis. Source:
https://www.delhimetrorail.com/pages/en/present-network.
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Table A.2: Summary Statistics

Mean Std. Dev. Min Max

Panel A: Jurisdiction-month panel (jurisdiction design)

Reported harassment 3.89 9.45 0.00  205.26

Population (2011 Census) 111,995 109,586 3,898 644,122
Panel B. Ring design, 0—1km vs. 1-2km (57 stations)

Reported harassment 4.57 18.06 0.00  484.26

Other crimes against women 2.65 8.04 0.00 151.07

of which: domestic violence 1.79 6.43 0.00  151.07
Non-gender street crime 35.54 83.08 0.00 1420.01
of which: theft 32.29 92.88 0.00 1631.50

Ring population 39,498 51,961 207 454,527
Panel C. Safetipin safety audits (3,655 audit points, 56 stations)
Safety score (composite, 0-10) 7.12 2.34 0.20 9.80
Lighting 1.62 0.81 0.00 3.00
Openness 1.58 0.76 0.00 3.00
Visibility 1.53 0.90 0.00 3.00
People 1.61 0.82 0.00 3.00
Security 1.10 0.98 0.00 3.00
Walkpath 1.70 1.04 0.00 3.00
Public transport 1.62 0.87 0.00 3.00
Gender usage 1.35 0.91 0.00 3.00
Feeling 1.75 0.81 0.00 3.00
Panel D. Hostels (1,282 hostels, 52 nearest-station clusters)

Distance to nearest metro (km)  2.56 2.37 0.03 17.34

Women'’s / coed (indicator) 0.74 0.44 0.00 1.00

Notes: Crime variables are monthly crime reports per 100,000 residents. Panel A covers
the 79 police jurisdictions used in the jurisdiction-level design (25 treated, 54 never-treated)
over January 2016-December 2019 (N = 3,792 jurisdiction-months). Panel B describes
the station-ring sample used in the spatial design; each observation is a station-ring—
month cell, and statistics pool the treated (0-1km) and the control ring (1-2km). Ring
population is the residential count within the band. Panel C reports Safetipin safety-audit
scores. The composite safety score ranges 0—10; each of the nine component dimensions
is scored 0-3. Variables enter the regressions standardized (mean 0, SD 1) within the
pre-treatment sample; raw scores are shown here for interpretability. N = 3,655 audit
points across 56 stations; only 56 of the 57 ring-design stations have at least one Safetipin
audit point within 0-2,km, and the remaining station is excluded from this panel. Panel
D covers 1,282 hostels, each assigned to its nearest metro station (52 stations); only 52 of
the 57 stations are the nearest station to at least one hostel in the cleaned MagicBricks
sample, and the other stations have no hostel assigned to them as nearest.
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Table A.3: Balance: Treated vs. Control Police Jurisdictions (Census 2011)

Census 2011 variable Treated mean Control mean Difference p-value
Total population 110,843 112,528 —1,684 0.95
Households 22,425 22,752 —327 0.95
Male population 59,202 60,361 —1,159 0.94
Female population 51,642 52,167 —525 0.97
Male scheduled castes 7,624 11,203 —3,579 0.18
Female scheduled castes 6,791 9,999 —3,208 0.18
Male literate 47,513 47,977 —463 0.97
Female literate 36,715 36,255 460 0.96
Male workers 30,853 31,751 —898 0.90
Female workers 5,348 5,109 238 0.83

Notes: Means of Census 2011 characteristics for treated jurisdictions (first metro station
opens 2016-2019) and control jurisdictions. The p-value is for a test of equality of means. No
difference is statistically significant, consistent with station siting being unrelated to jurisdiction
demographics.

Table A.4: Robustness: Alternative Comparison Groups

Not-yet-treated Never-treated Treated after 2019

(baseline)
(1) (2) (3)
Post 1st metro station —2.533"* —2.537* —2.511**
(0.976) (0.976) (1.022)
Jurisdiction FE Yes Yes Yes
Month-year FE Yes Yes Yes
Observations 3,792 3,792 1,872

Notes: Callaway and Sant’Anna (2021) estimates; the outcome is reported harassment crimes
against women per 100,000. Column (1) is the baseline, which uses not-yet-treated (and never-
treated) jurisdictions as controls; column (2) restricts controls to never-treated jurisdictions;
column (3) adds jurisdictions receiving their first station after 2019 as untreated controls.
Standard errors, clustered at the police-jurisdiction level, are in parentheses. *p < 0.10,
*p < 0.05, ***p < 0.01.
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Table A.5: Robustness: Alternative Heterogeneity-Robust Estimators

Sun &  Borusyak de Ch. & Gardner
Abraham et al. D’Haultf. (2-stage)
(1) (2) (3) (4)
Post 1st metro station —2.537"* —2.465"* —1.963** —2.465"
(0.964)  (1.028)  (0.961)  (1.274)

Jurisdiction FE Yes Yes Yes Yes
Month-year FE Yes Yes Yes Yes
Observations 3,792 3,792 3,792 3,792

Notes: Each column re-estimates the average post-opening effect on reported ha-
rassment crimes against women per 100,000 using a different heterogeneity-robust
estimator (Sun and Abraham, 2021; Borusyak et al., 2024; de Chaisemartin and
D’Haultfceuille, 2020; Gardner, 2022). Standard errors, clustered at the police-
jurisdiction level, are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

Table A.6: Robustness: Functional Form and Count Models

Poisson (PPML) IHS outcome
(1) (2)

Post 1st metro station —0.302** —0.716™**
(0.134) (0.207)
Implied % change —26% —
Jurisdiction FE Yes Yes
Month-year FE Yes Yes
Observations 3,792 3,792

Notes: Column (1) is a Poisson (PPML) regression of the harassment
count on the treatment indicator with population as exposure, so
the coefficient is a log rate-ratio; the implied proportional effect is
100 x (e — 1) = —26%. Column (2) applies the inverse hyperbolic
sine (IHS) transformation to the outcome, which is defined at zero
and so retains the zero-harassment months; the reported effect is the
post-opening average, estimated against a flat, insignificant pre-period
(—0.069, s.e. 0.228). Standard errors, clustered at the police-jurisdiction
level, are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A.7: Robustness: Sample Composition

ATT Std. err.  Observations
Baseline —2.533" (0.976) 3,792
Leave-one-cohort-out (range) [—2.91, —1.67] — —
Leave-one-jurisdiction-out (range) [—2.78, —1.79] — —
Exclude high-crime jurisdictions —2.506*** (0.699) 3,402
Redefine treatment —2.003*** (0.706) 4,416

(274 station, >1km from pre-2016 station)

Notes: The outcome is reported harassment crimes against women per 100,000; each row re-estimates
the Callaway and Sant’Anna (2021) average post-opening effect on a modified sample. The leave-one-out
rows report the range of the point estimate across all iterations—dropping each of the seven opening
cohorts, or each treated jurisdiction, in turn—and every iteration is negative and significant at the 5% level.
“Exclude high-crime jurisdictions” drops jurisdictions above the 90th percentile of the 2016 (pre-treatment)
harassment rate per 100,000, computed across all jurisdictions. “Redefine treatment” adds back the 13
jurisdictions that already contained a station before 2016, timing treatment by their first station to open
during 2016-2019 and retaining only those whose new station lies more than one kilometer from the nearest
pre-2016 station, so that it activates a previously unserved catchment. Standard errors, clustered at the
police-jurisdiction level, are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

Table A.8: Inference: Spatial and Serial Correlation

TWFE Conley spatial-HAC SE
(clustered) 3 km 5 km 10 km
(1) (2) (3) (4)
Post 1% metro station ~ —2.910*  —2.910** —2.910"* —2.910**
(1.727) (1.212) (1.240) (1.244)

Jurisdiction FE Yes Yes Yes Yes
Month-year FE Yes Yes Yes Yes
Observations 3,792 3,792 3,792 3,792

Notes: All four columns report the same two-way fixed-effects estimate of the
effect of a jurisdiction’s first metro station on reported harassment crimes against
women per 100,000; they differ only in how the standard error is computed. Column
(1) clusters at the police-jurisdiction level. Columns (2)—(4) report Conley (1999)
spatial-HAC standard errors, computed using Colella et al. (2019), allowing spatial
correlation among jurisdictions whose centroids lie within the indicated distance and
serial correlation up to twelve months. The static two-way fixed-effects specification
is reported because the Conley estimator requires it; the efficient Callaway and
Sant’Anna (2021) estimator used throughout the paper yields a point estimate of
—2.533 with a standard error of 0.976 (Table 3.1). Standard errors in parentheses.
*p < 0.10, **p < 0.05, ***p < 0.01.
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Table A.9: Change in Reported Harassment by Distance Band Around New Stations

Distance band to nearest new station Post — Pre change (per 100,000)

0-1km —2.434**
(0.975)
1-2km 0.529
(0.782)
2-3km 0.552
(0.545)
3-4km 0.381
(0.485)
4-5km 0.387
(0.700)
Station fixed effects Yes
Month-year fixed effects Yes
Observations 11,712
Stations 57

Notes: Each entry is the post-opening change in reported harassment crimes against
women per 100,000 residents in the given distance band, from the saturated specification
in Equation (5) (dist_bin x post with station and month-year fixed effects), recovered
as the average marginal effect of Post within each band. Standard errors, clustered at
the Metro-station level, are in parentheses. Areas within 1km of a station open before
2016 are excluded. *p < 0.10, **p < 0.05, ***p < 0.01.

Table A.10: Effect on alternative crime outcomes per 100,000 residents

Reported Other Domestic Non-gendered
harassment CAW violence  street crimes  Theft

Post 1°¢ metro station —3.227** —0.455 —0.459 10.078 4.690
(1.260) (0.939)  (0.884) (6.332) (5.088)
Station x band fixed effects Yes Yes Yes Yes Yes
Month-year fixed effects Yes Yes Yes Yes Yes
Observations 5,472 5,472 5,472 5,472 5,472

Notes: Each column reports the Callaway and Sant’Anna (2021) ring ATT (0-1 km treated vs. the
1-2 km control ring) for a different outcome, expressed as reported crimes per 100,000 residents. “Reported
harassment” is the paper’s main outcome. “CAW” denotes crimes against women; “Other CAW” excludes
harassment from the broader crimes-against-women category. “Non-gendered crimes” aggregates non-gender-
specific street crime (for example, theft and robbery); “Theft” reports this single component separately.
Standard errors, clustered at the Metro-station level, are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A.11: Effect on reported harassment by time of day: six-hour bands

dam—9am Y9am—-3pm 3pm-9pm Ipm-3am

Post 1% metro station —0.112 —0.146 —2.017 —0.894
(0.242) (0.455) (0.868) (0.870)
Station x band fixed effects Yes Yes Yes Yes
Month-year fixed effects Yes Yes Yes Yes
Observations 5,472 5,472 5,472 5,472

Notes: Each column reports the Callaway and Sant’Anna (2021) ring ATT (0-1 km treated vs.
the 1-2 km control ring) for reported harassment crimes against women per 100,000 residents,
based on each crime’s time of occurrence within the stated six-hour window. Standard errors,
clustered at the Metro-station level, are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

Table A.12: Effect on reported harassment by time of day: four-hour bands

12-4am 4-8am 8am-12pm 12-4pm 4-8pm  8Spm-12am

Post 1% metro station 0.137  —0.070 0.030 —0.274 —1.625** —1.390
(0.141)  (0.197)  (0.158)  (0.407)  (0.718)  (1.011)
Station x band fixed effects Yes Yes Yes Yes Yes Yes
Month-year fixed effects Yes Yes Yes Yes Yes Yes
Observations 5,472 5,472 5,472 5,472 5,472 5,472

Notes: Each column reports the Callaway and Sant’Anna (2021) ring ATT (0-1 km treated vs. the 1-2 km control
ring) for reported harassment crimes against women per 100,000 residents, based on each crimes’s time of occurrence
within the stated four-hour window. This finer-grained cut is a check that the pattern in Table A.11 is not an
artifact of where the six-hour cutoffs fall. Standard errors, clustered at the Metro-station level, are in parentheses.

“p < 0.10, **p < 0.05, ***p < 0.01.
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Table A.13: Effect heterogeneity by baseline economic activity

Low activity High activity Difference

Panel A: Below vs. above median

Post-opening ATT —5.445" —1.445 —4.000"
(1.997) (1.104) (2.282)
Observations 2,784 2,688 —
Stations 29 28 —
Panel B: Bottom vs. top quartile
Post-opening ATT —2.223" —1.022 —1.201
(0.773) (0.775) (1.095)
Observations 1,440 1,440 —
Stations 15 15 —
Station x band fixed effects Yes Yes Yes
Month-year fixed effects Yes Yes Yes

Notes: Each cell reports the Callaway and Sant’Anna (2021) ring ATT (0-1 km
treated vs. the 1-2 km control ring). Panel A estimates the specification separately for
stations below and above the median of baseline nightlight intensity; Panel B restricts
to the bottom and top quartiles of the same distribution, excluding the middle 50% of
stations. Because Panel A and Panel B are estimated on different subsamples of the 57
ring-design stations, each column reports its own observation and station count within
its panel; the two station counts in a panel sum to that panel’s total, and Panel B’s
total is smaller than Panel A’s because the middle 50% of stations is dropped. The
“Difference” column is the low-minus-high contrast, with standard error , /sef | + sef,.;,,
since the two groups are disjoint sets of stations; it is a computed contrast rather than
a separate regression, so no observation count is reported for it. The quartile split
shows the same direction of heterogeneity as the median split, though the difference is
smaller in magnitude and not statistically significant. Standard errors, clustered at the
Metro-station level, are in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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Table A.14: Effect of a Station Opening on Safetipin Audit Scores

Visibility = Lighting Openness  Feeling  Gender
usage

Treated X post 0.449*** 0.417* 0.311** 0.494**  0.375**
(0.165) (0.237) (0.124) (0.177) (0.170)

Security Public People’  Walkpath’  Safety

transport scoret

Treated x post 0.312* 0.443* 0.115 —0.101 0.283*

(0.143) (0.210) (0.185) (0.175) (0.155)
Station x ring FE Yes
Audit-date FE Yes
Observations 3,655

Notes: Each column is a separate difference-in-differences regression of the indicated Safetipin
parameter on the treated-ring X post interaction, with station-by-ring and audit-date fixed
effects, on audits within 0-2 km of a station. Parameters are standardized on the pre-opening
treated distribution, so estimates are in standard deviations and comparable across columns.
Standard errors, clustered at the Metro-station level, are in parentheses. T dimensions the
mechanism does not predict should respond; ¥ composite index of all parameters. *p < 0.10,
**p < 0.05, ***p < 0.01.
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B Construction of the Crime Data

B.1 From Scanned Reports to Structured Records

This appendix describes the construction of the First Information Report (FIR) dataset, which
transforms the raw, unstructured reports published by the Delhi Police into a structured,
machine-readable panel. I first scrape all available FIRs from the Delhi Police website using
the command-line tool wget.'? Across all station-years, the number of reports retrieved equals
essentially 100% of the highest FIR serial number (Table B.1); retrieval marginally exceeds
this maximum in some years because sensitive reports omitted from the searchable index are
nonetheless captured, so the scrape recovers the full published record and a small number of

reports beyond it. A sample FIR is shown in Figure B.1.

Table B.1: Completeness of FIR extraction

Year Reports retrieved Registered Coverage

2016 102,218 102,183 100.0%
2017 90,009 89,986 100.0%
2018 82,568 82,532 100.0%
2019 83,007 82,954 100.1%
Total 357,802 357,655 100.0%

Notes: Within each police station and year, First Information
Reports are numbered sequentially from one, so the highest
FIR serial number (“Registered”) gives the number filed that
year. “Reports retrieved” is the number successfully scraped.
Coverage is the ratio of the two, aggregated across all police
stations and consolidating stations across the 2018 reorgani-
zation of Delhi’s police districts. Coverage marginally above
100% in some years arises because certain sensitive FIRs are
withheld from the portal’s searchable index— lowering the
highest visible serial number—yet are still retrieved, so the
count retrieved can slightly exceed the highest indexed num-
ber.

The reports are published as scanned PDFs—images of the filed forms rather than
machine-readable text—and are bilingual, with fields recorded in both English and Hindi
(Figure B.2). Crucially, every FIR follows the same standardized fifteen-section form, and
I exploit this fixed layout rather than attempting free-form text recognition. Each page is
rendered to a high-resolution grayscale image (500 DPI) and passed to the Tesseract OCR
engine (via pytesseract) using a combined English-Hindi language model. To locate the fields,

[ first read the numbered section headers of the form from the recognized page layout (using

2http://59.180.234.21:8080/citizen/firSearch.htm
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Figure B.1: A Sample First Information Report

FIRST INFORMATION REPORT
(Under Section 154 Cr.P.C.)

(8T 154 €3 whwar afgd % aga )

1.District (Fm):METRO P.S.(aM):INAMETRO  Year(a): 2018 FIR No(w.g.f.#.):0001 Date :12/01/2018

»

Act(s)(arfarfram ): ‘Section(s)(&m(d)):
- IPC 1860 379

Occurrence of Offence (IuTT $ Tre):
(a)Day(fem): FRIDAY

Time Period (&7 3rafd):
(b)Information received at P.S.(TT STgt a1 Td g% ):
(c)General Diary Reference (Tfsr=meat wes):

Date From(f71% &):  12/01/2018 Date To(feim a®):  12/01/2018

Time From (@wa 8): 1845 hrs Time To (@@ a®):  19:00 hrs
Date(fi@): 12/01/2018 Time (@wa): 19:00 hrs

Entry No.(wfaf2 @.):021A  Date/Time(femia/ama): 12/01/2018 19:00

»

Type of Information (YT &I UHTY):  Written
Place of Occurrence (ST ):

(a) Direction and Distance from P.S (a1 & gft 3fiz fam): SOUTH

(b) Address(uaT): ,INA METRO STATION

(c) In case, Outside the limit of the Police Station (af ar=1 diur % amge & ):

Name of P.S(JT=T &1 7T#): District(fan):

6. inant / Informant )
(a)Name(am):
(b)Date/Year of Birth (=5 fafd /anf):
(c)Passport No. (Tt &.):

o

Beat No(dflz .) : 01

Nationality ((1@aT):  INDIA
Date of Issue (T8 & 6t fafdr ): Place of Issue (W18 & &1 €4T):

(d)Occupation (FreraTa):

District; METRO pS: MAMETRO Year: M FIRNo: 0001 Date:  t20ta0ts

10.Total value of property stolen (&t g€ wrafty @ gt 7w): 11999

11.Inquest Report / U.D. Case No., if any (77 @tgr fraté / 7. &t gawwr ., afg A g ):

12.F.LR. Contents (attach separate sheet, if required)(wz ga1 RutE aza):

To the SHO INA metro police station New Delhi subject- theft of mobile phone (M 1 Note 3) | boarded

the metro at Noida city centre for Huda city centre. So | had to change the metro at Rajiv Chowk and

as there was so much of rush so | suspect that my mobile is stolen there only.And | got to know about it

after reaching INA metro — station.Ph no.
SD English

L (Brother)gfe SrieTgt @I o 2
A ST AT 3R U ff@a i aneree; English atard @€ Mobile Phone 7 DO @t g et &t e w
FIR NO 1/18,U/S 379 IPC gf Aw0 i mft FIR COPY & 3rae AR arga™ wa SHO &mgar AS| G.
¥ garer T | S AT HRIATgT 3w # A SR Agend FIR SR ST
R MM 918 @ 1R SIhaere it faars smanft sem HC/DO

13.Action Taken Since the above information reveals commission of offence(s) u/s as mentioned at ltem No. 2:

(@ TR g R 3w TR @ A e 2 R Rt T anvary e o.2.9 Feete e b g @ ):

(i)Registered the case and took up the investigation: OR (am)
(waor gsf R man sk s & forg farem wrm):
(i) Directed (Name of the 1.0.)(wiTa aifermrét &1 =1 ): Rank (12):
ASST. S| (ASSISTANT SUB-INSPECTOR)
No(d.): to take up the investigation (%} 3= amTa ara ¥ A % ferg Frder R mar ) OR(@m)

(iii)Refused investigation due to(sfar & farg):
(iv) Transferred to P.S(name)(r):

on point of jurisdiction (1 &1 % HRW geatatea)

OR (% ®rw g R am)
District(Re):

F.LR read over to the complainant/informant,admitted to be correctly recorded and a copy given to the complainant/informant,

(e)Address(w): free of cost : (R / e B wTARKEY ug a qars e, T oof g AT 3 u i Pregeds sl B Q) :
7. Details of Known/Suspect/Unknown accused with full separate sheet if y)(@Tal W s sy R.O.A.C.(3M.aq.4):
1 R e afya aofa):

14.Signature / Thumb Impression
of the Complainant / Informant:

Signature of Officer

v ? T mei 1 Name(Am):
8. Reason for delay in reporting by the complainant/informant (Ryarareef / gammadf grar Rote 28 & af wem & sran): ¢ i L o g el G
Rank (1€): HC (HEAD CONSTABLE)
NODELAY No.(&):

©

Particulars of the properties stolenfinvolved (attach separate sheet if necessary):

SI.No. (%) Property Type(Description) Est. Value(Rs.)(7 (2 )

1 ELECTRICAL AND ELECTRONIC GOODS() 11999 . ”"‘%T'"‘e Of despatch to the court:

(3reTera & duvr Y i

Notes: A representative two-page First Information Report as published on the Delhi Police
website, in its original scanned, bilingual form.

BeautifulSoup over Tesseract’s hOCR output); these numbered anchors pin down the position
of each section on the page even when scans are shifted or span multiple pages. I then define
bounding boxes relative to those anchors (Figure B.3) and extract the text within each box,

parsing it into tabular form (Figure B.4).

Figure B.2: Scanned, Bilingual Nature of the Reports

District ; SOUTH-EAST P.S: AWARCOLONY Year: 2018 FIRNo: 0179 Date: 260412018

12.F.LR. Contents (attach separate sheet, if required)(¥a#® Fa-11 featé qza):

a1/, SimF SHO Police Station, Amar Colony New Delhi fawgr- s@rt & e @ faeaa , &
D/o

# gt & 3T

i
ICharteed Accountantgl anTn’Ii'lﬁ 10 &S o THIT H 3109 B § A oA & fo1q o1 b ot | avit 3 g st a1
GTeToAT HYT ¢ TTeldl 59 ﬁmﬁmﬁﬁ%m@%ﬂ\m@ammsﬁ?
39

u

A iR A AR AR awt aw Skl 3T e =g oTeeh | Tt
7t & arer sy aeeisht O 89 E=r_Police Control Room 11091 & et &1 | o3 a1

- RSt 39 2279 T g | A e T 10-15 T A TS WA 9% g @ | A1 36

Notes: The reports are scanned images rather than machine-readable text, with fields
recorded in both English and Hindi.

Two features of the extraction limit measurement error at the source. First, the numeric
fields on which the analysis depends—the FIR number, the incident and registration dates, and
the statutory (IPC) section numbers—are recognized under a digit-only character constraint,

so that recognition cannot introduce stray letters into a date or a section code; free-text
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Figure B.3: Bounding Boxes around the Extracted Fields

Distc 1 Ps 1 YEAR 1 . FR1 Date 1
1.District (Ryem):WEST P.S.(aTM):KIRTI NAGAR  Year(a): 2016 FIR No(%.9..#.):0153 Date :09/03/2016
2. Act(s)(arftrfam ): Section(s)(&mI(d)):
hats_2 Sections_2

- IPC 1860 356/379/34

o

Occurrence of Offence (3mawTer Y Te):
(a) Day(Rem): " WEDNESDAY Date From(fria @): " 88/632016 Date To(fmria awm): 80312016

Time Period (@@ raftn)?-""°"*43  Time From (wwa @):*-""89%5° hrs Time To (@7 a®)-"" #1350 hrs
(b)Information received at P.S.(aTT STgt e wra g ):°-"" e (Rriam): *-693/2016 Time (a):23T0° hrs
(c)General Diary Reference (QSi=Taa ggf):C-General 3 Entry No.(wfaf2 .): 08243  Date/Time(feris/ana) 0917372016 23:20
Type of Information (=T &T wamR): "Wiifeh
Place of Occurrence (SIZATEd ):

L

(a) Direction and Distance from P.S (1T @ it 3i fem): EAST£5 KILOMETERS Beat No(dfiz &) : /8528
(b) Address(udT): ANEREONT OF ,RAMESH NAGAR ,NEW DELHI
(c) In case, Outside the limit of the Police Station (afe a1 #iwr % amge 8 ):
Name of P..S(IT a1 ATH): CInCaseName_5 District(Rre): C_InCaseDitrc_5
6. C i I Informant (1 S8 ):
(a)Name(AH): 'Hgm ° N ) 3 .
(b)DatelYear of Birth (5= Rf fad): 1950 Nationality (rtaran): P-\=its1ee
(c)Passport No.(TTaaIE &) -2 Date of Issue (98 &t &Y ffy ); ©-0=-° Place of Issue (I8 & @1 eam): 0

D_Occupation_6
(d)Occupation (Za€Ta): ~ cespaton
E_Address 6

(e)Address(ud): , RAMESH NAGAR, NEW DELHI, KIRTI NAGAR, WEST, DELHI,
110015, INDIA,

Notes: Bounding boxes are drawn around each field of the scanned form to isolate the
relevant text prior to optical character recognition. The boxes are anchored to the form’s
numbered section headers, so that they track each field even when a scan is shifted or
runs onto a second page.

Figure B.4: Data Parsed into Tabular Form

A B (& D E F G H
1] 1 | = | ¢ | & |
2 District P.S. Year FIR No | Date | Act(s) | Section(s)|
3
4 763 METRO 161 AIRPORT METRO 2019 11 24/09/201 IPC1860 N379/511/3
5 891 METRO Metro Police Station Azadpur 2019 6 18/10/201 -1PC 1860 B79
6 863 METRO KASHMIRI GATE METRO 2019 78 31/10/201 -IPC1860 379/511
7 907 METRO Metro Police Station Ghitorni 2019 11 23/08/201 -1IPC 1860 379/511
8 267 METRO Metro Police Station Pragati Ram? al atam 2019 7 13/04/201 -1PC 1860 B79
9 103 METRO RAJA GARDEN METRO 2019 2 15/01/201 -1PC 1860 323/341
10 866 METRO KASHMIRI GATE METRO 2019 81 11/11/201 -IPC1860 379/511
11 836 METRO KASHMIRI GATE METRO 2019 51 15/07/201 -IPC1860 379/411
12 978 METRO Metro Police Station Pragati Ram? al atam 2019 18 19/11/201 IPC 1860 T 509/354(A
13 777 METRO JANAK PURI METRO 2019 3 15/03/201 -1IPC 1860 354/354(D
14 107 METRO SHASHTRI PARK METRO 2019 21 24/09/201 -1PC 1860 !:’.65
15 840 METRO KASHMIRI GATE METRO 2019 55 30/07/201 -IPC 1860 379/511
16 794 METRO KASHMIRI GATE METRO 2019 9 12/02/201 -1PC 1860 ::’.79
17 106 METRO SHASHTRI PARK METRO 2019 9 10/03/201 -1PC 1860 Bs4
18 111 METRO YAMUNA DEPOT METRO 2019 27 06/12/201 -IPC1860 379/411
19 818 METRO KASHMIRI GATE METRO 2019 33 08/05/201 -IPC 1860 B79
20 103 METRO RAJA GARDEN METRO 2019 4 17/01/201 -IPC 1860 z:’JB
21 808 METRO KASHMIRI GATE METRO 2019 23 31/03/201 -IPC1860 379/411

Notes: The text extracted from each bounding box, parsed into structured, machine-readable
records.

53



fields are similarly cleaned of spurious characters. Second, the fields that define the unit
of analysis and the timing of treatment are printed, structured entries in fixed positions
on the form—in particular, a report’s jurisdiction is taken from the printed police-station
field rather than from a free-text address—and are therefore recognized far more reliably
than handwritten narrative text. Fields that run across multiple pages are concatenated,
and reports whose layout cannot be parsed are flagged and set aside rather than silently
mis-recorded, as detailed in Section B.2.

The parsed records are then cleaned, geocoded to the location of each reported crime
(Section B.5), and classified into crime categories using the Indian Penal Code sections
recorded on each report (Table B.3). This yields the crime-level panel of roughly 300,000
FIRs used throughout the paper.

B.2 Raw Corpus and Sample Construction

Table B.2 accounts for the flow from the raw corpus to the estimation samples. Of the
357,802 FIR PDFs downloaded, 356,140 (99.54%) were successfully processed by the OCR
pipeline; the small remainder failed layout parsing—typically the lowest-quality scans—and
were logged and set aside rather than silently mis-recorded. Restricting to reports that carry
a valid incident date and an identifiable Indian Penal Code (IPC 1860) offense leaves 296,869
FIRs.'® This set of roughly 300,000 substantive crime reports is the basis for both research
designs.

The two designs then impose different requirements. The jurisdiction-level design assigns
each report to a territorial police jurisdiction using the printed police-station field, and retains
the 286,677 reports (96.57%) filed in territorial units, excluding those recorded by police units
that do not correspond to a geographic jurisdiction (such as railway police, the crime branch,
and other specialized units). The ring-based spatial design instead requires the incident
location to be geocoded from the recorded address; 261,493 of the IPC 1860 reports (88.08%)
geocoded successfully—87.84% across all OCR-processed reports.

B.3 Police Jurisdictions: Boundary Harmonization and Sample

Construction

The unit of analysis in the jurisdiction-level design is the police jurisdiction. Two features

of Delhi’s policing geography require attention before the reports can be organized into a

13Tn reports listing multiple acts, the OCR occasionally returned garbled act names (for example, "IPC
1860 TL DIONATIEAATINN MAAC"); I manually corrected these to recover the IPC classification and retain
the report. After correction, only 2 of the 296,869 reports have a missing section.
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Table B.2: FIR corpus and sample construction

FIRs  Share
FIR PDFs downloaded 357,802 —
Successfully processed by OCR 356,140 99.54%

Valid date and identifiable IPC 1860 offense 296,869 83.36%

Jurisdiction-level sample
Filed in a territorial police jurisdiction 286,677 96.57%

Ring (spatial) sample
Successfully geocoded 261,493 88.08%

Notes: Shares are computed relative to the natural base at each step: 99.54%
of downloaded PDFs; 83.36% of OCR-processed reports; and, for the two
design samples, 96.57% and 88.08% of the 296,869 reports with a valid date
and an IPC 1860 offense. Across all OCR-processed reports, 87.84% geocoded
successfully. Reports failing OCR layout parsing were logged and excluded.
Multi-act reports with garbled act names were manually corrected to recover
the IPC classification.

consistent panel.

First, police-station boundaries were redrawn several times between 2016 and 2019,
typically as new stations were carved out of existing ones. To hold the unit of observation
fixed across the sample period, I combine any stations involved in such a boundary change
into a single jurisdiction defined consistently throughout, yielding 147 harmonized territorial
units. This step is a pure aggregation: it merges the affected stations’ reports into one unit
and retains every report, so it removes no crimes from the sample.

Second, not every police unit corresponds to a residential territory. I exclude non-
territorial units—crime, special, economic-offences, and vigilance cells—which have no fixed
jurisdiction or resident population and so cannot anchor a per-capita crime rate. I also exclude
transit police stations (railway and metro), which police the transport network rather than a
residential catchment; crimes occurring on the metro are handled by dedicated metro police
stations and are examined separately in the displacement analysis of Section 3.2. Crimes
filed at these excluded units are dropped from the analysis panel and are not reassigned to a
territorial jurisdiction.

Because the combination step retains every report, the excluded units are the only source
of any shortfall in crime coverage. The 147 territorial jurisdictions that remain account for
97% of all reported crimes and 99% of reported harassment crimes against women in the
corpus. The construction thus removes only a small share of the crime universe while ensuring

that every unit in the panel has a stable boundary and a well-defined resident population.
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B.4 Crime Categories

I classify each FIR into crime categories from the Indian Penal Code (IPC 1860) sections
recorded on the report; Table B.3 lists the full mapping. The outcome of primary interest,
reported harassment crimes against women, comprises offenses against women in public space—
obscene acts and words in public, assault or criminal force with intent to outrage a woman’s
modesty, sexual harassment, stalking, and voyeurism (IPC 294, 354, 354A-354D, and 509).
The comparison categories used in the paper—all crimes against women, domestic violence,
and non-gender-specific street crimes such as theft and robbery—are defined analogously
from their respective sections. Defining categories from legal sections rather than free-text

descriptions keeps the classification transparent and replicable.

Table B.3: Crime Categories and Corresponding Indian Penal Code (1860) Sections

Category IPC 1860 sections

Reported harassment crimes 294, 354, 354A, 354B, 354C, 354D, 509

against women

All crimes against women 294, 304B, 305, 306, 312, 313, 314, 354, 354A, 354B, 354C,
354D, 366, 366A, 366B, 372, 373, 375, 376, 376A, 37T6AB,
376B, 376C, 376D, 376DA, 376DB, 376E, 376F, 493, 496,
497, 498, 498A, 509, 376/511

Domestic violence 304B, 305, 306, 312, 313, 314, 376B, 493, 496, 498A

Non-gender-specific street 283, 319, 320, 321, 322, 323, 324, 325, 326A, 3268, 334,

crimes 335, 336, 337, 338, 349, 350, 351, 352, 355, 356, 378, 379,
425, 426, 427, 431, 432, 434, 510

Theft 378, 379, 380, 381, 382

Notes: Crime categories are constructed from the IPC 1860 sections recorded on each First Information
Report.

B.5 Geocoding

Addresses are geocoded from the recorded incident location using the ArcGIS geocoding
service, with the bilingual (Hindi-English) address text first converted to UTF-8; the small
share of addresses the service could not resolve were geocoded by hand. Each police station’s
reports are geocoded within that station’s own jurisdiction shapefile, so every point falls
inside the correct police jurisdiction and the jurisdiction-level estimates do not depend on
geocoding precision. Within a jurisdiction, several reports can share an identical coordinate
when they refer to the same street or landmark—a named road, a market, or a major metro

interchange—described in slightly different words, and where an address is incomplete the
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geocoder may return a street centroid. Because the ring design compares one-kilometre
distance bands, this sub-kilometre imprecision does not affect a report’s band assignment;
and because any such error is spread diffusely across streets and localities throughout the
city rather than concentrated around any single station, it adds noise to the spatial design
rather than biasing the estimated effect at any one station.

Of the roughly 300,000 First Information Reports, 88% are geocoded to a point location;
for reported harassment crimes against women the rate is higher, at 93%. Table B.4 shows
that coverage is stable across the sample period—there is no deterioration around the years
in which stations open—and similar across jurisdictions of different treatment status. This
matters for interpretation in two ways. First, the jurisdiction-level design does not depend
on geocoding at all: each FIR is assigned to the police jurisdiction of the station at which
it is filed, so the jurisdiction-level harassment counts include every report, geocoded or not.
Geocoding coverage therefore cannot bias the main results. Second, geocoding enters only the
ring-based design, which requires the point location of each crime; there, coverage remains
high—93% for reported harassment—and is lower only for a small number of peripheral

stations, so incomplete geocoding is unlikely to distort the ring estimates.

Table B.4: Geocoding Coverage

All crimes Harassment

Panel A: Coverage by year

2016 0.870 0.930
2017 0.882 0.943
2018 0.882 0.936
2019 0.879 0.913
Panel B: Coverage by treatment status

Control (never/not-yet-treated) 0.904 0.953
Treated 0.892 0.931
Already-treated (Excluded from analysis) 0.903 0.923

Notes: Share of First Information Reports geocoded to a point location. Panel A
reports coverage by calendar year for all crimes and for reported harassment crimes
against women; Panel B reports coverage by jurisdiction treatment status. Coverage
is high and stable over time and similar across treatment groups.

I construct station catchments as Voronoi polygons around all 57 stations used in the
ring-based design, so that every location is assigned to its nearest station and no crime or
resident is attributed to more than one station where 5-kilometer buffers would otherwise
overlap. I then remove any area within one kilometer of a Metro station that opened before
2016, so that exposure to the pre-existing network is not attributed to a new station opening.

Within each station’s remaining catchment, population is allocated to the 0-1, 1-2, 2-3, 34,
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and 4-5 kilometer distance bands using the same area-weighted procedure applied to police
jurisdictions in Section 2.3: where a Census town or village straddles more than one band, its
population is apportioned to each band in proportion to the share of its area falling within
that band.

B.6 Time of Occurrence

Each First Information Report records the time at which the offense is reported to have
occurred, which I use to assign incidents to time-of-day windows in the mechanism analysis
(Section 4.1). The time is missing for 12.93% of FIRs. Crucially for interpretation, this
coverage is balanced: as Table B.5 shows, it is high and stable across the sample period, with
no deterioration around the years in which stations open, and similar across distance bands.
Because the recording of the time field—including any default or imprecise entries—does
not differ across treatment groups or over time, it differences out of the within-window
comparisons and cannot bias the time-of-day estimates; it enters only as noise.

Reported times cluster heavily on round values—the hour and the half-hour account for
the large majority of entries—consistent with approximate recall rather than precise recording.
The analysis therefore groups incidents into four six-hour windows (03:00-09:00, 09:00-15:00,
15:00-21:00, and 21:00-03:00), a resolution coarse enough that this rounding does not affect
a report’s assignment to a window. I report the estimated effect for each of these six-hour
windows in Appendix Table A.11. T additionally check narrower four-hour windows; results

are reported in Appendix Table A.12.

Table B.5: Coverage of the Reported Time-of-Occurrence Field

Panel A: By calendar year Panel B: By distance band

Year Harassment Band Harassment
2016 0.852 <1km 0.866
2017 0.873 1-2km 0.876
2018 0.871

2019 0.881

Notes: Sample excludes all First Information Reports within 1km of
metro stations that opened before 2016. Share of First Information
Reports with the time of occurrence of crime reported. Panel A reports
harassment coverage by calendar year; Panel B reports harassment
coverage by distance band. Coverage is high and stable over time and
similar across distance bands.
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C Additional Figures

DELHI
METRO
1

L&
Operational (Approx)
T
e — ———
T ——
o2
PHASE IV

Under Implomenttion (s = +)
© Leagth (kM) Statons

Janakpur West - R K. Ashram

Total
Undor Consideration (=
O arel
Tnderioh— Indraprasina
oot Nogar  Sakot G Block
ADDITIONAL CORRIDORS (Unde Cansderation)
Aarocity - 160 2
el Vilage (WETROLTE)| 1908
Total

© meTRo MuseUn 4 arpoRT

# INDIAN RALWAY + HOSPITAL
O INTERCHANGE STATION. & 1587

@ INTERCHANGE PROVIDED THROUGH
WALKWAY | TRAVELATORS

UNDERGROUND SECTION

THE LIFELINE OF THE CITY

METRO NETWORK IN DELHI-NCR

e OPERATIONAL NETWORK
s [ Length () | Statins |
o rnn o ToR Liel-RedLine s »
P Fithila o Shaeed Sthal(ew s o)
tine2-Yowtne w0 w
SamayporBoitoHUDA ity Cetre
i e Blel sen E)
S o Duara ec21 tooida Becroni ity
RN | et hetor o851 s
w Yamuna Bankto Vsl
TS e ™ Lines Gee ine 1 »
[ ——— S e s P SRS 1 ‘ Kt Nagar/Inderokto
i T . e i e Sogh oo
W R G B e e, e e R S || nes-voktie 634 1
% IR || Kastmer atetoRaa NaharSogh
o (Balabngah)
g T ie?-PkLne o4 8
oy wgs/ e MallsParkt St Viar
B g 8 s/ s arktoSh
P E—— Unes-agenaLine 3146 »
[E— e aakpui s toBtaiclGrden
- ! ' ) y Une-GryLine 0519 ‘
< e it S N Dwark toDhansa s Stand
s P — tange ine gt Exres) 29 6
oo o o N P vt v New DelhitoDvrka Sec 21
el AV Ao o R gt somon e o e S Other Metros in NCR*
osacon oviaconsoff TR oo e o ||\ N— e AauaLie:Noida Grater Noida »y n
g e \
e N e Lo R ! eyt [ \ e | Ropidetro o) 1235 "
I N An o nos oo e W e o i
g (I T R vt g MR (P g S,
— LTS R IGED
I iy - fﬂ' b BEINGEO couun = = derthe
—— Ry menenme o PN e superision of OMAC
ccomer Gonmsconn %oy, Y ar Yoo o D Dwarka Sec-21 o IC (DwarkaSec-2)section (2.0 k) of Aiprt
et A famwen s Ny Expres Line s funded b the Dept. o Promotionof industry and
BN o S i s Internal Tade, Got. of nd.

Follow us on 75 [ (@) @officialDMRC | & Delhi Metro Rail App

omame J

3 www.delhimetrorail.com | DMRC Helpline No. 155370

Figure C.1: Delhi Metro Network in 2021

Source: https://www.delhimetrorail.com/pages/en/network_map.
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Figure C.2: Timing of first metro station openings across police jurisdictions

Notes: Number of police jurisdictions receiving their first metro station in each opening
month, among the 25 treated jurisdictions. Openings are staggered across seven cohorts
between 2017 and 2019.

]
[}
—_t])-—t+t--—]-—-t+—-4 - = — 4 — —_ —_ — 9 — —¢ —u——-ll——lb————-———————,—— —_

9 T Y I~ Full-gamplg ATT]-2.

al

Post-opening ATT

T T T T T T T T T
1 3 5 7 9 1 13 15 17 19 21 23 25

Treated Jurisdiction Dropped (Sorted by ATT)

Figure C.3: Leave-one-out over treated jurisdictions

Notes: Each point is the average post-opening ATT re-estimated after dropping one of the 25 treated
jurisdictions, sorted by magnitude, with 95% pointwise confidence intervals, standard errors clustered at
the police-jurisdiction level. The dashed line and shaded band show the full-sample estimate and its 95%
confidence interval. Every leave-one-out estimate is negative, significant, and within the full-sample interval.
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