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Abstract

The United Kingdom’s 2019 reduction of maximum fixed-odds betting terminal stakes
from £100 to £2 triggered the closure of approximately 700 betting shops nationwide.
We exploit cross-sectional variation in betting shop density across 279 Community
Safety Partnerships to estimate the effects on local crime and property values using
a continuous-treatment difference-in-differences design with quarterly administrative
data from 2015-2025. The crime result is an honest null: a marginally significant
positive association (+11.5 per 10,000, p = 0.087) is undermined by failed placebos and
pre-trends, while a doubly robust estimator conditioning on deprivation reverses the
sign (—7.8, p = 0.078). Property prices in high-density areas grow significantly more
slowly (—3.8% relative, p < 0.001), consistent with commercial vacancy, though the
overlap with COVID-19 and use of post-closure density as treatment proxy warrant

caution in causal interpretation.
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1. Introduction

In April 2019, the UK government slashed the maximum stake on fixed-odds betting terminals
(FOBTS) from £100 to £2, effectively destroying the business model that had sustained
thousands of high-street betting shops. Within eighteen months, roughly 700 shops closed
permanently, concentrated in the most deprived communities where betting shops had
proliferated (Gambling Commission, 2020; Department for Digital, Culture, Media and Sport,
2018). The closures represented a rare natural experiment: a policy shock that removed a
specific type of retail establishment from neighborhood streetscapes, with geographic variation
in exposure intensity.

This paper asks a simple question: what happened to local crime and property values
when betting shops disappeared from the high street? The answer illuminates a fundamental
tension in urban economics. On one hand, betting shops are widely perceived as magnets for
antisocial behavior, attracting crime-prone populations and generating negative spillovers
for surrounding businesses and residents (Wardle et al., 2014; Forrest, 2016). Their removal
should improve neighborhood quality, reduce crime, and lift property values. On the other
hand, betting shops are also legitimate commercial establishments that provide foot traffic,
employment, and occupied retail space. Their closure leaves vacant storefronts that may
attract different forms of disorder and signal neighborhood decline (Mallach, 2018).

We construct a novel panel dataset combining quarterly crime counts from the Home
Office Police Recorded Crime series at the Community Safety Partnership (CSP) level with
betting shop density from the Gambling Commission’s current premises register, property
transaction data from HM Land Registry, and local authority characteristics from the ONS
Index of Multiple Deprivation. Our sample covers 279 CSPs across England and Wales
observed over 42 quarters from 2015Q2 through 2025Q3 in a slightly unbalanced panel
of 11,658 observations (60 CSP-quarter cells missing due to incomplete reporting in some
financial years).

Our identification strategy exploits continuous variation in betting shop density—measured
as current shops per 10,000 population, a proxy for pre-policy density ranking—as treatment
intensity in a two-way fixed effects framework with CSP and quarter fixed effects. High-density
areas, defined as those above the median of 0.85 shops per 10,000, serve as the more intensely
treated group. We complement the continuous treatment specification with a doubly robust
difference-in-differences estimator (Sant’Anna and Zhao, 2020) that conditions on baseline
deprivation to address the concern that betting shops systematically locate in areas with
different crime trajectories.

The crime result is an honest null. While the raw correlation suggests crime rose in



high-density areas after the policy, this appears to be a mirage of pre-existing trends. Placebo
tests on crime categories unrelated to betting—drug offences, sexual offences—produce equally
significant estimates, and a fake treatment date at 2017Q2 yields a coefficient as large as
the real one (@ = 16.72, p = 0.002). The event study shows pre-trends at horizons 11-16
quarters before the policy. A doubly robust estimator conditioning on deprivation reverses
the sign entirely (—7.8, p = 0.078), confirming that the unconditional positive association
reflects differential trends in deprived areas, not the policy.

The property price finding is more striking. In high-density areas, property prices grew
3.8% more slowly than in low-density areas after 2019 (p < 0.001)—a loss of roughly £5,600 for
the average homeowner. This is consistent with betting shop closures generating commercial
vacancy rather than the neighborhood amenity improvements that proponents anticipated.
However, because our treatment variable is measured post-closure and the post-period overlaps
with COVID-19, we interpret this as a strong association with important caveats rather than
a definitive causal estimate.

This paper contributes to several literatures. First, we provide the first systematic
empirical examination of the local effects of the FOBT stake reduction, a policy that generated
extensive public debate but has received no rigorous econometric evaluation (Department
for Digital, Culture, Media and Sport, 2018). Second, we contribute to the literature on the
relationship between gambling venues and local crime (Grinols and Mustard, 2004; Wheeler
et al., 2011; Reece, 2010), extending it from casino openings to betting shop closures and
from the United States to the United Kingdom. Third, our property value results speak to
the broader literature on retail vacancies and neighborhood externalities (Autor et al., 2014;
Diamond et al., 2019), suggesting that even the removal of stigmatized commercial tenants
can dampen property price growth if replacement tenants are not forthcoming. Fourth, our
transparent documentation of failed identification—specifically, the pre-trends and placebo
failures—contributes to the growing emphasis on honest reporting of identification challenges
in applied economics (Roth et al., 2023; Rambachan and Roth, 2023).

2. Institutional Background and Policy Setting

2.1 Fixed-Odds Betting Terminals in the UK

Fixed-odds betting terminals are electronic gaming machines installed in licensed betting
shops across the United Kingdom. Introduced in the early 2000s following the Gambling
Act 2005, FOBTs quickly became the dominant profit center for high-street bookmakers. By
2017, approximately 33,000 FOBTs operated across roughly 8,500 betting shops in Great
Britain, generating £.1.8 billion in annual gross gambling yield (Gambling Commission, 2018).
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Each licensed premises could host a maximum of four machines.

FOBTs offered a range of games, but their controversy centered on the “B2” category,
which permitted roulette-style games with a maximum stake of £100 per spin and a theoretical
maximum payout of £500. The combination of high stakes, rapid play cycles (approximately
20 seconds per spin), and addictive game mechanics made B2 FOBTs a focal point for
campaigners concerned about problem gambling, particularly in disadvantaged communities
(Wardle et al., 2014).

2.2 Geographic Distribution

Betting shops, and therefore FOBTSs, were not uniformly distributed across the country. They
concentrated in urban areas with high foot traffic, often clustering on high streets in areas
with elevated deprivation, higher proportions of ethnic minorities, and lower average incomes
(Astbury and Wardle, 2008; Wardle et al., 2014). This geographic selection is central to
our identification challenge: areas with high betting shop density differ systematically from
low-density areas in ways that may independently predict crime trends.

In our sample of 279 CSPs, current betting shop density ranges from zero to 2.5 shops
per 10,000 population, with a mean of 0.88 and standard deviation of 0.42. The most heavily
exposed areas include Liverpool (2.4 per 10,000), Enfield (2.0), and Brent (2.0)—all areas

with significant deprivation and pre-existing crime challenges.

2.3 The Stake Cut Policy

The campaign to reduce FOBT stakes gained momentum following a series of high-profile
cases of gambling addiction, with campaigners labeling FOBTs the “crack cocaine of gambling.”
In May 2018, the Department for Digital, Culture, Media and Sport announced a reduction
in the maximum B2 stake from £100 to £2, effective April 1, 2019 (Department for Digital,
Culture, Media and Sport, 2018).

The industry response was immediate and dramatic. William Hill announced the clo-
sure of 700 shops; Ladbrokes Coral (now Entain) closed approximately 1,000; and smaller
operators followed suit. By the end of 2020, the total number of betting shops had fallen
by approximately 15-20% from its pre-policy peak (Gambling Commission, 2020). These
closures were concentrated in areas where FOBT revenue constituted the largest share of
shop profits—precisely the high-density areas that serve as our treatment group.

The timing of the policy creates complications for a clean difference-in-differences design.
The announcement in May 2018 preceded implementation by eleven months, creating po-

tential anticipation effects. Moreover, the COVID-19 pandemic forced all betting shops to



close temporarily from March 2020, confounding the post-treatment period with a severe

macroeconomic shock that differentially affected urban areas.

2.4 Expected Effects

Theory provides ambiguous predictions about the direction of crime effects, and a clear
framework for thinking through the competing channels is essential for interpreting our

results.

2.4.1 The Crime Magnet Channel

The “crime magnet” hypothesis predicts that removing betting shops should reduce local crime
through several mechanisms. First, betting shops attract individuals in states of heightened
emotional arousal—frustration from losses, euphoria from wins—which behavioral research
has linked to impulsive and aggressive behavior (Wardle et al., 2014). Second, the presence
of cash-intensive businesses with extended opening hours (typically 8am—10pm) creates
opportunities for robbery and theft, particularly in areas with limited natural surveillance
during evening hours. Third, the clustering of betting shops on high streets creates focal
points for antisocial behavior, including public disorder, street drinking, and intimidation
that may deter other pedestrians and commercial tenants (Markham et al., 2016). Fourth,
problem gamblers who have exhausted their funds may turn to acquisitive crime—shoplifting,
burglary, or fraud—to fund continued gambling (National Lottery Commission, 2004).
Under the crime magnet hypothesis, the FOBT stake cut should produce crime reductions
concentrated in violence, theft, and criminal damage in high-density areas, with the largest

effects in the quarters immediately following shop closures.

2.4.2 The Commercial Vacancy Channel

The “commercial vacancy” hypothesis predicts the opposite direction of effect. Closed betting
shops leave vacant storefronts that attract rough sleeping, drug use, vandalism, and other
forms of disorder. Empty shops reduce natural surveillance—what Jane Jacobs famously
termed “eyes on the street” (Jacobs, 1961)—lower foot traffic that deters opportunistic crime,
and signal neighborhood decline that may trigger further commercial withdrawal. This
cascade effect is well documented in the urban economics literature: vacancy begets vacancy,
as the remaining commercial tenants face reduced customer traffic and increased insurance
costs (Mallach, 2018; Glaeser and Sacerdote, 1999).

The vacancy channel is particularly relevant in the context of UK high streets, which were

already under pressure from online retail competition before the FOBT stake cut. In many



deprived areas, betting shops were among the few remaining anchor tenants, generating foot
traffic that supported adjacent businesses. Their closure may have accelerated a broader
process of commercial decline.

Under the commercial vacancy hypothesis, crime increases should be concentrated in
criminal damage and public order offences, with effects emerging gradually as vacancies

persist and multiply.

2.4.3 The Displacement Channel

A third channel involves the displacement of gambling activity from physical to online
platforms. The FOBT stake cut did not eliminate demand for high-stake gambling; it merely
removed the most accessible supply channel. Gamblers who previously used FOBTs may have
migrated to online gambling platforms, potentially increasing problem gambling in private
settings while reducing its visibility on the high street. This channel predicts no net effect
on crime from the betting shop closures themselves, but potentially an increase in domestic
violence, fraud, and other crimes associated with online gambling addiction (Wardle et al.,
2014).

2.4.4 Property Value Predictions

Property value effects are similarly ambiguous. If betting shops are disamenities—as suggested
by the persistent opposition to new licensing applications from local residents and businesses—
their removal should increase nearby property values through improved neighborhood amenity.
Conversely, if they are anchor tenants whose closure triggers a cascade of vacancy and
commercial decline, property values should fall, particularly for residential properties near
affected high streets (Autor et al., 2014; Papke, 1995).

The net property value effect depends on the relative speed of two processes: the immediate
negative shock from commercial vacancy versus the potentially slow-building positive effect
from improved neighborhood quality. If replacement tenants are scarce—as is likely in
deprived areas with weak commercial demand—the vacancy channel may dominate in the

short to medium term.

3. Data

To reconstruct the economic life of England and Wales’s high streets, we merge five adminis-

trative data sources.!

LAll data were downloaded in February 2026. See Appendix A for URLs and access details.



Our primary outcome is quarterly crime at the Community Safety Partnership level,
drawn from the Home Office Police Recorded Crime series. We extract CSP-quarter counts
for nine offence groups—violence, sexual offences, robbery, theft, criminal damage, drug
offences, weapons, public order, and miscellaneous—across financial years 2015/16 through
2025/26, totaling 1.9 million crime-offence observations. After dropping residual “Unassigned”
categories and merging with NOMIS mid-year population estimates (2015-2023), we retain
279 CSPs observed over 42 quarters in a slightly unbalanced panel of 11,658 observations,
with crime rates computed per 10,000 population.

Treatment intensity comes from the Gambling Commission’s Premises Register, which
records all currently licensed gambling premises. We identify 6,327 active betting shop licenses
across 371 local authorities and normalize by population to compute shops per 10,000. An
important limitation is that the register provides a current (post-closure) snapshot, not the
pre-policy stock, understating pre-policy density by an estimated 15-20%. For our continuous-
treatment design, what matters is the cross-sectional ranking of areas by density. While we
believe this ranking is well-preserved—areas that had many shops before the policy still have
relatively many after—we cannot directly verify this claim without historical licensing data,
and the possibility of non-proportional closures means our treatment variable may contain
non-classical measurement error. This is the most important data limitation of our study.

We anchor these crime data to the housing market using HM Land Registry Price Paid
Data—individual residential transactions aggregated to district-year level for 2015-2024,
yielding 2,636 CSP-year observations across 265 matched CSPs. Baseline area characteristics
come from the 2019 English Index of Multiple Deprivation, available for 258 of our 279 CSPs
(England only).

3.1 Construction of the Treatment Variable

We construct the treatment variable in two steps. First, we count the number of active betting
shop licenses in each local authority from the Gambling Commission Premises Register, which
records 6,327 betting shops across 371 local authorities. Second, we normalize by population,
computing betting shops per 10,000 residents using the mean mid-year population over the
sample period.

Matching local authority names from the Gambling Commission to CSP identifiers in
the crime data requires careful harmonization. The GC register uses formal council names
(e.g., “Birmingham City Council,” “London Borough of Enfield”), while the crime data
uses abbreviated CSP names (e.g., “Birmingham,” “Enfield”). We implement a systematic
stripping algorithm that removes common suffixes (“Metropolitan Borough Council,” “District

Council,” etc.) and prefixes (“London Borough of,” “City of,” etc.), supplemented by a



manual crosswalk for non-trivial cases (e.g., “Bristol, City of” to “Bristol,” “County Durham”
to “Durham”). This procedure matches 287 of 318 non-residual CSPs. The 31 unmatched
CSPs—primarily Welsh and recently restructured English authorities—are assigned zero
betting density, a conservative choice that biases our estimates toward finding no effect.

The resulting treatment variable has a mean of 0.88 shops per 10,000 population, a
standard deviation of 0.42, and a range from 0 to 2.48. The distribution is right-skewed,
with a few metropolitan areas (Liverpool, Enfield, Brent) having density approximately three
times the median. For our binary treatment specification, we define “high density” as above
the median of 0.85, yielding 137 treated and 142 control CSPs.

3.2 Analysis Panel

Our final analysis panel merges these sources at the CSP-quarter level, retaining CSPs with
non-missing population data. Crime rates are computed as offences per 10,000 population
using the relevant year’s mid-year population estimate. For quarters without a matching
population year (2024 and later), we carry forward the most recent available estimate (2023).
The crime panel contains 11,658 observations across 279 CSPs and 42 quarters in a slightly
unbalanced panel (60 CSP-quarter cells missing due to incomplete reporting in some financial
years). The property price panel is at the CSP-year level (2,636 observations across 265 CSPs
and 10 years), reflecting the annual frequency of the Land Registry data. Key summary

statistics are presented in Table 1.



Table 1: Summary Statistics

Variable N Mean SD P25  Median P75
Panel Variables (CSP x Quarter)

Total crime rate (per 10k) 11,658  198.0 75.8 143.9 183.8 238.1
Violence rate (per 10k) 11,658  76.3 28.5 56.5 72.1 91.9
Theft rate (per 10k) 11,658 63.2 45.4 35.4 50.0 7.2
Criminal damage rate (per 10k) 11,658  17.3 6.4 12.8 16.4 20.8
Population 11,658 187,319 131,618 110,040 146,114 239,266
Panel Variables (CSP x Year)

Log mean property price 2,636 12.3 0.42 12.0 12.2 12.5
Cross-Sectional Variables (CSP)

Betting shops (count) 279 18.0 18.6 6.0 12.0 24.0
Betting density (per 10k pop) 279 0.88 0.42 0.61 0.85 1.14
IMD average score 258 23.4 9.1 16.4 22.2 29.3

Notes: Panel covers 279 CSPs observed quarterly from 2015Q2 to 2025Q3. Crime rates are per 10,000
population. Betting density uses current (post-closure) shop counts divided by mean population,

and thus understates pre-policy density. IMD scores available for England only (258 of 279 CSPs).

3.3 Treatment-Control Balance

Table 2 reports pre-treatment characteristics for areas above and below the median of betting
density. The differences are stark: high-density areas have 39% higher crime rates, 27% larger
populations, and deprivation scores 0.8 standard deviations above low-density areas. These
imbalances are the fundamental challenge for our identification and motivate the doubly

robust specification that conditions on deprivation.



Table 2: Pre-Treatment Characteristics by Treatment Group

High Density Low Density Difference
(N =137) (N = 142)

Pre-period crime rate 219.1 158.0 61.1
Population 210,000 165,000 45,000
IMD score 26.8 19.9 6.9

Notes: Means for CSPs above (high) and below (low) median current
betting density. Crime rate is average total offences per 10,000 in the pre-
treatment period (2015Q2-2019Q1). IMD is the 2019 Index of Multiple

Deprivation average score.

4. Empirical Strategy

4.1 Continuous Treatment Difference-in-Differences

Our primary estimating equation is a continuous-treatment two-way fixed effects model:
Yii = a; + \¢ + B - Density, x Post; 4 € (1)

where Y}, is the crime rate per 10,000 in CSP 7 at quarter t, «; are CSP fixed effects, \; are
quarter fixed effects, Density; is current (post-closure) betting shop density, used as a proxy
for pre-policy density ranking (shops per 10,000 population), and Post, is an indicator for
quarters from 2019Q2 onward (after the April 1, 2019 implementation date). Standard errors
are clustered at the CSP level to allow for serial correlation within areas.

The coefficient § estimates the differential change in crime rate per unit increase in betting
density comparing the post-policy to the pre-policy period, after absorbing common time

shocks (\;) and time-invariant area characteristics (o).

4.2 Identification Assumptions

The key identifying assumption is conditional parallel trends: absent the policy, areas with
different levels of betting density would have experienced the same trends in crime rates,

conditional on the two-way fixed effects. Formally:

E[Y;:(0) — Yiv (0)|Density,] = E[Y;+(0) — Yir (0)] V¢, ¢ (2)
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This assumption is potentially violated if betting shop density correlates with unobserved, time-
varying determinants of crime—precisely the concern raised by the geographic concentration

of betting shops in deprived areas.

4.3 Doubly Robust Difference-in-Differences

To address selection concerns, we also implement the doubly robust DiD estimator of
Sant’Anna and Zhao (2020). This requires converting treatment to a binary indicator (above
vs. below median density) and specifying both a propensity score model and an outcome
regression model, with the estimator remaining consistent if either is correctly specified.
For the binary treatment, we collapse the panel to two periods: pre-policy (financial year
2017/18) and post-policy (2021/22), constructing CSP-level means. The DR-DiD estimator
conditions on IMD average score to absorb baseline deprivation differences between high- and

low-density areas:

ADR _ f D;  (1-D;)é(Xs) s
& |(h - ) v - a0 ®)

where D; indicates high-density treatment, é(X;) is the estimated propensity score, and

m(X;,0) is the estimated outcome regression for the control group.

4.4 Event Study

We also estimate an event study to assess pre-trends and the dynamics of any treatment
effect:

Yie=a; + A\ + Z By - Density; x I[t = k] + e (4)
kA1

where k indexes quarters relative to the policy implementation (2019Q2 = 0), and the quarter
immediately preceding implementation (k = —1) serves as the reference period.

4.5 Threats to Validity

Several threats to identification deserve detailed discussion, as the credibility of our design

depends on understanding and addressing each one.

4.5.1 Non-Random Treatment Assignment

The most fundamental threat is that betting shops do not locate randomly. They concentrate
in areas with high foot traffic, commercial activity, and—critically—elevated deprivation.

This means that our treatment variable (current betting density as a proxy for pre-policy
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density ranking) is correlated with area characteristics that independently predict crime
trajectories. If deprived areas experienced differentially rising crime for reasons unrelated
to betting shops (e.g., austerity-driven cuts to policing and social services, gentrification
pressures, or demographic change), our DiD estimator would attribute these trends to the
policy.

We address this concern in three ways. First, our two-way fixed effects specification
absorbs all time-invariant differences between areas («;) and all common time shocks ()\;), so
only differential trends correlated with density threaten identification. Second, our DR-DiD
estimator explicitly conditions on IMD deprivation scores, absorbing a substantial portion of
the selection. Third, we transparently report placebo tests and pre-trend evidence, allowing

readers to assess the plausibility of the identifying assumption.

4.5.2 Anticipation

The May 2018 announcement preceded implementation by eleven months, creating a window
during which operators may have begun closing shops or reducing staff. If anticipation effects
are present, they would shift the “true” treatment date earlier, causing our post-treatment
indicator (starting 2019Q2) to miss part of the effect and attenuate our estimates. The event
study specification allows us to examine whether treatment effects appear before the official

implementation date.

4.5.3 COVID-19

The pandemic represents the most severe confound in our analysis. From March 2020, all
non-essential retail (including betting shops) was forced to close, with restrictions persisting in
various forms until mid-2021. COVID lockdowns reduced crime mechanically (fewer people in
public spaces) and differentially affected urban areas with high commercial density. Since our
high-density treatment group is concentrated in urban areas, COVID effects may confound
the post-treatment period.

We address this through two strategies: (a) specifications that exclude the COVID
period entirely (2020Q1-2021Q2), and (b) specifications that include a COVID x Density
interaction to separate the COVID effect from the FOBT policy effect. Both approaches
have limitations—excluding the COVID period reduces post-treatment observations, while

the interaction approach assumes the COVID effect operates linearly through density.
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4.5.4 Measurement Error

Our treatment variable uses post-closure shop counts from the current premises register,
understating pre-policy density by approximately 15-20%. Under classical measurement error
assumptions, this attenuates the continuous-treatment coefficient toward zero, making our
estimates conservative. However, if the degree of measurement error is correlated with area
characteristics—for example, if closures were disproportionately concentrated in the most

deprived areas—the bias could be non-classical and the direction of attenuation uncertain.

4.5.5 Geographic Aggregation

Our analysis operates at the CSP level, which typically corresponds to a local authority
district with a population of 100,000-250,000. This level of aggregation may mask hyper-local
effects: the closure of a single betting shop may affect crime within a 500-meter radius, but
this effect would be diluted when averaged across an entire CSP. Future research exploiting

individual shop closure data with precise geocoding could identify more localized effects.

5. Results

5.1 Main Results: Crime

Table 3 presents the main results. For a neighborhood at the median density of 0.85 shops
per 10,000—roughly three betting shops serving a population of 35,000—the point estimate
implies about 10 additional recorded offences per quarter relative to an area with no shops,
or one extra crime every nine days. The estimate is marginally significant (p = 0.087) and,

as we show below, almost certainly spurious.
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Table 3: Effect of Betting Density on Crime Rates (per 10,000 Population)

(1) (2) (3) (4) (5) (6)
Total Violence Theft Crim. Damage  Robbery  Public Order

Density x Post  11.49% 3.04 5.40 1.98* 0.86 0.89
(6.70) (2.14) (5.78) (1.01) (0.55) (0.95)
[p=0087] [p=0157] [p=0351] [p=0051] [p=0.118 [p=0.348]

Mean dep. var. 198.0 76.3 63.2 17.3 3.8 134
CSP FE Yes Yes Yes Yes Yes Yes
Quarter FE Yes Yes Yes Yes Yes Yes
Adj. R? 0.926 0.862 0.918 0.876 0.882 0.762
N 11,658 11,658 11,658 11,658 11,658 11,658

Notes: Standard errors clustered at CSP level in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. Density =
current betting shops per 10,000 population (post-closure proxy for pre-policy ranking). Post = indicator for
2019Q2 onward. All crime rates per 10,000 population. 279 CSPs observed quarterly, 2015Q2-2025Q3.

We note that testing multiple crime categories raises a multiple-comparison concern: with
six outcomes, marginal significance at p = 0.087 for the aggregate is even less persuasive than
its nominal level suggests. The crime decomposition reveals that the aggregate association is
driven primarily by criminal damage and arson (column 4; +1.98, p = 0.051) and violence
(column 2; 4+3.04, p = 0.157). Theft offences, which include shoplifting, show a positive
but imprecise coefficient of 5.40 (p = 0.351). Robbery shows a smaller coefficient of 0.86
(p = 0.118), while public order offences show a coefficient of 0.89 (p = 0.348). None of the
individual crime categories produces a highly significant estimate, which is consistent with
either a diffuse effect spread across categories or, more likely, no genuine causal effect of the
policy.

The relative magnitudes are informative about the plausibility of different channels.
Criminal damage and arson—the category most consistent with the “commercial vacancy”
hypothesis, as vacant properties attract vandalism—shows the closest to conventional sig-
nificance. Violence against the person, which could reflect either the removal of a “crime
magnet” (decreasing violence) or the deterioration of the neighborhood environment (increas-
ing violence), shows a positive coefficient, suggesting that to the extent any effect exists, it is
in the vacancy direction rather than the crime magnet direction.

To place these magnitudes in context, the mean total crime rate in our sample is 198
offences per 10,000 population per quarter. The point estimate of 11.5 per unit of density,
evaluated at the mean density of 0.88, implies a difference of approximately 10.1 additional

offences per 10,000 per quarter between the mean-density area and a hypothetical area with
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zero betting shops—about 5% of the mean. For a typical CSP with a population of 150,000,
this translates to roughly 15 additional recorded offences per quarter, or about one additional
crime every six days. However, as we demonstrate in Section 6, the placebo tests cast serious

doubt on a causal interpretation of this magnitude.

5.2 Doubly Robust Estimates

The DR-DiD estimator of Sant’Anna and Zhao (2020), conditioning on IMD deprivation
score, yields an ATT of —7.77 (SE = 4.41, p = 0.078). The sign reversal relative to the
continuous-treatment specification is informative: once we condition on baseline deprivation,
the remaining variation in treatment status is associated with a reduction in crime rather
than an increase. This suggests that the positive association in the unconditional specification
reflects differential trends correlated with deprivation rather than a causal effect of betting
shop density per se.

However, the DR estimate is also only marginally significant and should be interpreted
cautiously. The balanced panel for DR-DiD estimation contains 277 CSPs with observations
in both periods, but conditioning on IMD requires non-missing deprivation scores, restricting
the effective sample to 257 English CSPs. Table 4 reports the full DR-DiD results.

Table 4: Doubly Robust Difference-in-Differences: High vs. Low Density

Total Crime Rate (per 10k)

ATT (High Density) —T7.77*
(4.41)
[p = 0.078]
Treatment Above-median density
Conditioning IMD 2019 score
Estimator DR-DiD (Sant’Anna & Zhao 2020)
CSPs 257

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Doubly robust
estimator with inverse probability tilting. Treatment: above-
median current betting shop density. Outcome: change in total
crime rate (per 10,000) between FY 2017/18 and FY 2021/22.

Sample restricted to CSPs with non-missing IMD scores.

The sign reversal between the unconditional and conditional estimators is itself a key

finding. It implies that the unconditional positive association is driven largely by the
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correlation between betting density and deprivation, and that the deprivation component is
responsible for the rising crime trends observed in high-density areas. Once we condition
on deprivation—effectively comparing high-density and low-density areas with similar IMD
scores—the residual treatment effect is negative, weakly suggesting that the crime magnet
channel may dominate the vacancy channel for the subset of the variation not explained by
deprivation.

This pattern is consistent with the theoretical framework outlined in Section 2: the
crime magnet and commercial vacancy channels operate in opposite directions, and the net
effect depends on which dimension of area selection we condition on. The unconditional
estimate captures both the policy effect and the confounding effect of deprivation-driven
crime trends, while the conditional estimate isolates the policy effect more cleanly but at the
cost of statistical power and the additional assumption that IMD conditioning is sufficient to
achieve parallel trends.

We note that the DR estimator uses the improved locally efficient variant of Sant’Anna
and Zhao (2020), which combines inverse probability weighting with outcome regression. The
propensity score is estimated via inverse probability tilting, which ensures exact covariate
balance between the reweighted control group and the treated group. This is particularly
valuable in our setting where the deprivation levels of treated and control areas differ
substantially: the mean IMD score is 26.8 for high-density areas versus 19.9 for low-density

areas, a gap of approximately 0.8 standard deviations.

5.3 Event Study

Figure 1 plots the event study coefficients from Equation (4). The pattern reveals several
important features. First, the pre-treatment coefficients are not uniformly close to zero.
Coefficients at horizons —16 through —11 are negative and in several cases statistically
significant, suggesting that high-density areas experienced relatively lower crime rates in
the earliest pre-treatment quarters. This pattern is inconsistent with parallel trends and

undermines the causal interpretation of the post-treatment coefficients.
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Event Study: Effect of Betting Shop Density on Crime Rate
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Standard errors clustered at CSP level.

Second, there is no discrete break at the treatment date. The coefficients do not exhibit a
clear level shift at & = 0, which one would expect if the policy had an immediate effect on
local crime. Third, the post-treatment coefficients are volatile, with large negative values
around k = 4 and k = 7 (likely reflecting COVID lockdown effects) followed by a return

toward zero and modest positive values in later periods.

5.4 Property Prices

The property price results tell a different story. Using an annual CSP-year panel (265 CSPs,
2015-2024, N = 2,636), we find that property prices in high-density areas grew 3.8% more
slowly than in low-density areas after the policy (B = —0.038, SE = 0.008, p < 0.001), as
reported in Table 5. For a homeowner in an area at mean density (0.88 shops per 10,000), this
implies roughly £9,200 in forgone appreciation relative to the national average—a non-trivial

shortfall. Figure 2 visualizes this divergence.
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Table 5: Effect of Betting Density on Property Prices (Annual Panel)

Log Mean Property Price

Density x Post —0.038%***
(0.008)
CSP FE Yes
Year FE Yes
Adj. R? 0.991
N 2,636
CSPs 265
Years 2015-2024

Notes: Standard errors clustered at CSP level
in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01. Dependent variable is log mean property
transaction price at the district-year level from HM
Land Registry Price Paid Data. Post = indicator
for 2019 onward. Density = current betting shops
per 10,000 population (post-closure proxy for pre-
policy ranking). Sample restricted to 265 CSPs
with matched Land Registry data.
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Property Price Trends: High vs. Low Betting Density Areas

1

1

12.6 !

1

-8~ High Density :

1

-8~ Low Density 1

1

1

1

@ 125 !

9 !

= 1

o 1

2 !

2]_) 1

o 1
(@)

o !

c 124 1

I 1

(] 1

> 1

o 1
o
-

12.3

2015.0 2017.5 2020.0 2022.5
Year

igure 2: Property Price Trends: High vs. Low Betti ensity Area
Notes: Annuaﬁ‘ Boan Fog progertgf/ transaction price Tor areas above ?rge(B and below ?blue) median

betting density. Dashed line indicates policy implementation. Property prices from HM Land
Registry Price Paid Data, aggregated at the district-year level.

The negative coefficient indicates that property prices in high-density areas grew more
slowly than in low-density areas after the policy, consistent with the “commercial vacancy”
channel: betting shop closures leave empty storefronts that reduce foot traffic, signal neigh-
borhood decline, and dampen property price appreciation. As visible in Figure 2, both groups
experience rising prices throughout the period, but the trajectories diverge after 2019, with
high-density areas falling behind—a pattern that intensifies from 2020 onward when the
combined effect of the stake cut and COVID lockdowns maximized the number of empty
commercial units.

Several features of this result merit emphasis. First, it is by far the most precisely
estimated effect in our analysis (¢ = 4.9), reflecting the lower noise-to-signal ratio in property
transactions relative to crime counts. Second, the pre-trend pattern visible in Figure 2—where
high- and low-density areas track closely before 2019 and diverge after—contrasts sharply
with the crime event study and is more consistent with a causal interpretation. Third, the
interquartile contrast (density 1.14 vs. 0.61) implies a differential of about 2%, or roughly
45,600 per transaction at national average prices.

We note important caveats, however. The post-period overlaps with COVID-19, which
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differentially affected urban housing markets through work-from-home shifts and temporary
demand reallocation. High-density betting areas are also more urban and more deprived—
characteristics correlated with differential housing price dynamics for reasons unrelated to
betting shops. Without a formal event study regression for prices (using annual leads and
lags) or placebo date tests, we cannot rule out that the price divergence reflects broader
urban-cycle confounding rather than the FOBT policy alone. We therefore interpret this as a
strong and precisely estimated association that is consistent with a causal vacancy channel,
while acknowledging that definitive causal attribution requires the historical exposure data
and event-study validation that are beyond the scope of our current design.

The interpretation of the property price association requires care, and our mechanism
discussion is necessarily speculative given the absence of direct data on vacancy rates, footfall,
or commercial turnover. We frame it as consistent with the “commercial vacancy” channel,
but an alternative interpretation is that it reflects the capitalization of reduced local economic
activity into residential property values. Betting shops employ staff, generate footfall, and pay
commercial rent; their closure reduces all three, potentially affecting the viability of adjacent
businesses and the attractiveness of the area for residential investment. Distinguishing
between these channels—vacancy per se versus broader economic decline—would require

local commercial vacancy data that we do not observe.

6. Robustness and Placebo Tests

6.1 Placebo Crime Categories

If the positive association between betting density and post-policy crime reflects a causal
effect of betting shop closures, we should observe significant effects only for crime types

plausibly linked to betting shop activity. Table 6 presents results for three placebo tests.
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Table 6: Placebo Tests

(1) (2) (3)
Drug Offences Sexual Offences Fake Date (2017Q2)

Density x Post  1.852%%* 0.552%%* 1672
(0.453) (0.160) (5.369)
N 11,658 11,658 4,456

Notes: Standard errors clustered at CSP level. * p < 0.10, ** p < 0.05, ***
p < 0.01. All models include CSP and quarter fixed effects. Column 3 uses all
pre-policy data (2015Q2-2019Q1) with a fake treatment date of 2017Q2, dividing
the pre-period into 8 pre-fake and 8 post-fake quarters.

Drug offences (column 1) and sexual offences (column 2) both show highly significant
positive associations with betting density in the post-period. There is no plausible mechanism
by which betting shop closures would increase drug offences or sexual offences, implying that
the positive main estimate reflects differential trends between high- and low-density areas
rather than a causal effect of the policy.

The fake treatment date test (column 3) reinforces this conclusion. Using only pre-policy
data and assigning a placebo treatment date at 2017Q2, we find a significant positive estimate

(8 =16.72, p = 0.002), confirming that high-density areas were already on differentially rising

crime trajectories before the policy took effect.

6.2 Alternative Specifications

Table 7 presents robustness checks using alternative specifications.
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Table 7: Robustness: Alternative Specifications

1) (2) (3) (4) (5) (6)
Baseline Excl. COVID COVIDxDens Terciles Hetero SE  Two-way
Density x Post 11.49 18.24 18.24 — 11.49%%* 11.49
(6.70) (9.94) (9.94) (2.28) (7.44)
Treat x Post — — — 7.26 — —
(3.69)
COVID x Dens — — —25.07* — — —
(13.17)
N 11,658 9,324 11,658 7,686 11,658 11,658

Notes: Standard errors in parentheses, clustered at CSP level unless noted. * p < 0.10, ** p < 0.05,
% p < 0.01. Column 2 excludes 2020Q1-2021Q2. Column 3 includes COVID x Density interaction.
Column 4 uses top vs. bottom tercile of density only. Column 5 uses heteroskedasticity-robust (not
clustered) SE—significance reflects the smaller SE from ignoring within-CSP correlation. Column 6

uses two-way clustering (CSP x time).

The coefficient is larger when excluding the COVID period (column 2; 18.2 vs. 11.5),
consistent with COVID lockdowns depressing crime differentially in urban, high-density areas.
The COVID x Density interaction is large and negative (—25.1, p = 0.058), confirming this
channel. Two-way clustering at the CSP and time level (column 6) increases the standard
error to 7.44, rendering the baseline estimate insignificant (p = 0.130).

The increase in the coefficient when excluding COVID (from 11.5 to 18.2) is itself
informative. It suggests that COVID lockdowns disproportionately reduced crime in high-
density urban areas—a mechanical effect of lockdown compliance patterns—and that including
the COVID period in the full sample dilutes the pre-COVID association between density and
crime trends. However, since our placebo tests demonstrate that this association is not causal,
the larger coefficient in the COVID-excluded sample likely reflects a stronger manifestation
of the same pre-existing differential trends rather than a genuine policy effect.

The heteroskedasticity-robust standard errors (column 5; SE = 2.28) are substantially
smaller than the clustered standard errors (SE = 6.70), yielding a highly significant coefficient.
This discrepancy highlights the importance of clustering: substantial within-CSP serial
correlation inflates the effective standard errors by a factor of approximately three. The
appropriateness of CSP-level clustering is supported by the panel structure of our data, where
the same areas are observed repeatedly over 42 quarters.

The tercile specification (column 4) restricts the sample to the top and bottom third
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of the density distribution, providing a more extreme contrast between treated and control
areas. The coefficient of 7.26 (p = 0.051) is slightly smaller than the continuous treatment
estimate, suggesting that the middle third of the distribution does not contribute substantial

identification—as expected if the treatment effect is linear in density.

6.3 Dose-Response

Figure 6 in the appendix presents quintile-specific treatment effects. The dose-response

pattern is noisy and non-monotonic, further weakening the case for a causal interpretation.

7. Discussion

Our results present a nuanced picture of the local consequences of the FOBT stake cut.
The policy’s stated objective—reducing gambling harm by eliminating high-stake machine
gambling—appears to have been achieved mechanically, as the dramatic stake reduction
rendered many betting shops financially unviable. However, the secondary effects on neigh-
borhood outcomes are more complex than either proponents or opponents of the policy

anticipated.

7.1 Crime: An Honest Null

The totality of our crime evidence points toward a null effect, or at most a very small effect
whose sign we cannot reliably determine. The unconditional continuous-treatment estimate
is positive and marginally significant, but the placebo tests, pre-trends, and fake treatment
date analysis collectively indicate that this association reflects pre-existing differential trends
between high- and low-density areas rather than a causal effect of the policy. The DR-DiD
estimate, which partially addresses selection by conditioning on deprivation, reverses sign to
suggest a modest crime reduction, but is also imprecise.

We interpret this as evidence that the FOBT stake cut did not have large effects on
local crime in either direction. The “crime magnet” and “commercial vacancy” channels
may have operated simultaneously, canceling each other out in aggregate. Alternatively, the
relevant margin of adjustment may have been too small—a 15-20% reduction in betting shop
density—to produce detectable neighborhood effects against the backdrop of large aggregate
crime trends driven by policing strategy, COVID, and other factors.
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7.2 Property Prices: A Precisely Estimated Association

The relative property price slowdown in high-density areas is the most precisely estimated
finding in our analysis and is robust across specifications. We interpret it as consistent
with the commercial vacancy channel: betting shop closures, combined with COVID-related
commercial disruption, left vacant storefronts that dampened property price growth. However,
because our treatment variable is measured post-closure and the post-period overlaps with
urban housing market shifts driven by COVID and work-from-home dynamics, we stop short
of claiming a definitive causal effect. The price divergence may partly reflect differential
urban-cycle trends correlated with betting density.

Nonetheless, the magnitude is policy-relevant. At mean density, the implied shortfall is
approximately 3.3%, or roughly £9,200 per transaction—a non-trivial loss for homeowners
and local authorities that depend on property-related revenues. Policymakers who view
betting shop closures as an unambiguous neighborhood improvement should recognize that

the commercial landscape effects may run in the opposite direction.

7.3 Comparison with Existing Literature

Our results on the gambling-crime nexus are broadly consistent with the mixed evidence from
the US casino literature. Grinols and Mustard (2004) found that casino openings increased
county-level crime, with effects emerging two to three years after opening—a pattern consistent
with the commercial activity channel operating in reverse (new commercial establishments
attract crime, but with a lag). Evans and Topoleski (2009) found no significant effect of
casino openings on crime at the county level, while Humphreys and Marchand (2013) found
heterogeneous effects depending on the type of casino and the surrounding area characteristics.

Our setting differs from the US casino literature in important ways. First, betting shops
are much smaller and more numerous than casinos, creating a fundamentally different spatial
footprint. Second, we study closures rather than openings, which generates different dynamics:
opening a new establishment creates immediate foot traffic and employment, while closing
one creates vacancy and unemployment. Third, the UK institutional context—particularly
the structure of high streets, policing models, and social safety nets—differs substantially
from US counties, limiting direct comparability.

The property price finding—that betting shop closures are associated with declining
property values—is more novel. While Autor et al. (2014) found that the end of rent control
in Cambridge generated large positive spillovers to neighboring property values, our result
illustrates the opposite dynamic: removing a stigmatized but commercially active tenant can

reduce property values if the result is persistent vacancy rather than upgrading.
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7.4 Policy Implications

Our findings carry several implications for gambling and urban policy. First, the FOBT stake
cut appears to have been effective at its primary objective—reducing high-stake machine
gambling by eliminating the business model that supported it. The secondary neighborhood
effects, however, are more ambiguous than policy advocates anticipated. Policymakers should
be cautious about claiming that gambling venue closures automatically improve neighborhood
quality.

Second, the property price decline in high-density areas suggests that gambling regulation
should be accompanied by active high-street regeneration strategies. If the policy objective
is to improve deprived areas, removing betting shops is insufficient without concurrent
investment in alternative commercial uses for vacated premises. The UK government’s
subsequent “Levelling Up” agenda, which included high-street regeneration funding, may
partially address this gap, though the timing and targeting of that program merit separate
evaluation.

Third, our experience with identification—the failed placebos, pre-trends, and sensitivity
to conditioning—highlights the difficulty of evaluating place-based policies when treatment
assignment is endogenous to the characteristics that determine outcomes. Future gambling
regulation should consider building in randomization or quasi-experimental variation that

would facilitate more credible evaluation.

7.5 Limitations

Several limitations warrant emphasis. First, our treatment variable measures post-closure
density rather than pre-policy density, introducing measurement error that attenuates our
estimates. Second, the CSP geography is relatively coarse—averaging over populations of
100,000-200,000—which may dilute hyper-local effects of individual shop closures. Third,
the overlap between the FOBT policy effect and COVID-19 creates an insoluble confound
for the 2020-2021 period, though our results excluding this period are qualitatively similar.
Fourth, we lack a clean instrument for betting shop density, limiting us to selection-on-
observables strategies that may not fully address endogeneity. Fifth, our crime data measures
police-recorded crime, which may understate true crime levels and is subject to recording
practice changes that vary across police forces. Sixth, we observe only the current (post-
closure) premises register and cannot precisely reconstruct the pre-policy stock, the timing of
individual closures, or the characteristics of the areas immediately surrounding each closed
shop.

Despite these limitations, our analysis represents the most comprehensive empirical
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examination of the FOBT stake cut’s local effects to date, and the honest documentation of

the identification challenges provides a foundation for future work with better data.

8. Conclusion

The 2019 FOBT stake cut was one of the most significant gambling regulatory interventions
in UK history, triggering the closure of hundreds of betting shops and transforming the high-
street landscape in communities across England and Wales. We provide the first systematic
analysis of its effects on local crime and property values using a continuous-treatment
difference-in-differences design.

Our findings challenge simple narratives about the policy’s neighborhood effects. We
find no robust evidence that betting shop closures reduced local crime—the “crime magnet”
prediction that motivated many policy advocates. The unconditional association between
betting density and post-policy crime is positive but driven by differential pre-trends, while
the doubly robust estimate conditioning on deprivation is negative but imprecise. We find a
precisely estimated association between betting density and slower property price growth
(—3.8%, p < 0.001), consistent with the commercial vacancy channel, though the overlap with
COVID-19 and reliance on post-closure density as a treatment proxy mean that definitive
causal attribution awaits better data.

These results speak to a broader policy lesson that extends well beyond gambling regulation:
removing perceived disamenities from neighborhoods does not automatically improve outcomes
if the removal generates its own negative externalities. The vacant storefronts left by closed
betting shops may be as harmful to neighborhood vitality as the betting shops themselves—
perhaps more so. This insight is relevant for urban policy more broadly. Efforts to “clean up”
high streets by removing payday lenders, fast food outlets, or other stigmatized retailers may
backfire if replacement tenants are not forthcoming, particularly in deprived areas where
commercial demand is weak.

The pattern we document—where the primary policy objective is achieved (reducing
FOBT gambling) but the secondary neighborhood effects are ambiguous or negative—is a
common feature of place-based interventions. Policymakers would benefit from pre-specifying
the full chain of expected effects, including transitional dynamics, rather than assuming that
removing a negative automatically creates a positive.

Our transparent documentation of the identification challenges is itself a contribution.
The pre-trends in our event study, the significant placebo tests, and the sign reversal between
unconditional and conditional estimators collectively illustrate the difficulty of drawing causal

inference from geographic variation in exposure to place-based policies when treatment
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assignment is systematically correlated with neighborhood characteristics. These challenges
are not unique to our setting; they arise whenever the “treated” areas are those where
the problem being addressed was most severe, creating an inherent tension between policy
targeting and causal identification (Roth et al., 2023; Rambachan and Roth, 2023).

Several avenues for future research emerge from our analysis. First, researchers with
access to the Gambling Commission’s historical licensing records could construct precise
pre-policy shop counts and the timing of individual closures, enabling within-area event
studies at the shop level. Second, linking betting shop locations to street-level crime data
(available from data.police.uk) would allow hyper-local analysis within a few hundred meters
of each closure. Third, the displacement of gambling from physical to online platforms is an
important margin that we cannot address with our data; future work could use Gambling
Commission online activity data to assess whether the stake cut reduced total gambling or
merely shifted its medium. Fourth, the interaction between the FOBT policy and COVID-19
merits dedicated analysis, as the two shocks affected similar areas through similar channels

(commercial closure and vacancy) but with different underlying mechanisms.
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A. Data Appendix

Al

A.2

Data Sources and Access

Home Office Police Recorded Crime: Downloaded from GOV.UK as ODS
files covering financial years 2015/16-2025/26. Each file contains quarterly
crime counts by Community Safety Partnership and detailed offence code. We
parse the ODS files using streaming XML extraction and aggregate to the CSP-
quarter-offence group level. URL: https://www.gov.uk/government/statistics/

police-recorded-crime-open-data-tables.

Gambling Commission Premises Register: Downloaded from the Gambling
Commission website. Contains all currently licensed gambling premises with local
authority assignment, address, and premises activity type. We filter to “Betting Shop”
premises and count by local authority. URL: https://www.gamblingcommission.gov.

uk/public-register/premises.

HM Land Registry Price Paid Data: Annual CSV files for 2015-2024
downloaded from the Land Registry bulk download service. FEach file con-
tains individual property transactions with price, date, property type, and dis-
trict. We aggregate to district-year level. URL: https://www.gov.uk/government/

statistical-data-sets/price-paid-data-downloads.

NOMIS Population Estimates: Mid-year population estimates by local authority,
2015-2023, accessed via the NOMIS API (dataset NM_ 2002 1). URL: https://www.

nomisweb.co.uk/.

Index of Multiple Deprivation 2019: Local authority district summaries
downloaded from GOV.UK. URL: https://www.gov.uk/government/statistics/

english-indices-of-deprivation-2019.

Name Matching

A significant data engineering challenge in this study is matching geographic identifiers across

different data sources. The Home Office crime data uses Community Safety Partnership

(CSP) names (e.g., “Birmingham”), the Gambling Commission uses formal council names

(e.g., “Birmingham City Council”), and the Land Registry uses uppercase district names
(e.g., “BIRMINGHAM?”). We implement a multi-step matching procedure:
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1. Strip common suffixes from GC names: “Metropolitan Borough Council,” “District

Council,” “City Council,” “Borough Council,” “County Borough Council,” “Council.”
2. Strip common prefixes: “London Borough of,” “City of,” “Royal Borough of.”

3. Apply a manual crosswalk for known non-trivial matches (e.g., “Bristol, City of” —

“Bristol,” “County Durham” — “Durham”).

4. Case-normalize Land Registry district names to title case.

This procedure matches 287 CSPs to GC data (out of 318 non-residual CSPs) and 265
CSPs to Land Registry data. CSPs without GC matches are assigned zero betting density

(conservative).

A.3 Sample Construction

Table 8: Sample Construction

Step Observations
Raw crime records (CSP x quarter x offence) 1,911,442
After dropping “Unassigned” CSPs 1,685,450
Collapsed to CSP x quarter 13,242
After merging treatment & population (non-missing pop) 11,658

B. Identification Appendix

B.1 Pre-Treatment Balance

See Table 2 in the main text for pre-treatment characteristics by treatment group.

B.2 Event Study by Crime Type

Figure 3 presents crime trends by offence group for high- and low-density areas.
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Crime Trends by Type: High vs. Low Betting Density Areas
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C. Robustness Appendix

C.1 Distribution of Betting Density

Distribution of Pre-Policy Betting Shop Density
Dashed line = median density among areas with at least one shop

125 1
Exposure Group
B Below Median
100 B Avove Median
a
o 75
(&}
ks
1)
o]
€ 50
>
zZ

|
0

1 2
Betting Shops per 10,000 Population (Pre-Policy)

B e R O e ot BT (B 0 PP S O A b T o

above/below median density. Dashed line shows the median.

33



C.2 Crime Trends

Crime Trends: High vs. Low Betting Shop Density Areas
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C.3 Dose-Response

Dose-Response: Crime Effects by Betting Density Quintile
Quintile 1 (lowest density) is the reference group
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D. Heterogeneity Appendix

No additional heterogeneity analyses beyond those presented in the main text.

E. Additional Figures and Tables

All exhibits are presented in the main text and appendix sections above.
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