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What we do...

The causal relationship between proactive policing (in the
sense of more time of police presence) and the incidence of
crime is not yet well established.

We use a unique experimental data set to identify the causal
impact of police patrolling on crime. We exploit an
identification strategy based on a random utility model of
crime location choice.

We estimate own-and cross-elasticities of crime to patrolling
time and we were able to evaluate alternative patrolling
strategies.
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Results

Our estimates show that 1% more time patrolling reduces
crime an average of 0.19%. Cross-price elasticities show little
support to negative spillover effects of police patrolling.

Allocating police time according to crime incidence and the
elasticities of each quadrant, could potentially reduce violent
crime by 4.13% and property crime by 6%.
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Motivation

Crime prediction is now ubiquitous in crime prevention and
police resource planning.

There is already a vast literature.

Equilibrium interaction (endogeneity): The optimal allocation
of police resources is guided by police deployment strategies
(e.g., prediction models), which at the same time determine
what crime incidents are reported or how crime is displaced
from one sector to another.
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Literature

The evidence on the effects of proactive policing is mixed (see
National Academies of Sciences y Medicine (2018) for a
comprehensive study for the US).

Braga y col. (2015) Identified 30 randomized experimental
suggesting that policing disorder strategies are associated with
an overall statistically significant modest crime reduction.

Telep y col. (2014) Reviewed 19 publications covering 20
quasi-experimental studies. They found no significant overall
evidence of displacement or a diffusion of benefits.

Ratcliffe y col. (2011) reported the results of a randomized
controlled trial of police effectiveness across 60 violent crime
hot spots in Philadelphia. Their results suggested a significant
reduction in the level of violent crime for the treated area
after 12 weeks. Targeted areas outperformed the control sites
by 23%.
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Literature

Novak y col. (2016) examined the effectiveness of foot patrol
in violent micro-places in Kansas City. Their results reveal
statistically significant short-run reductions in violent crime in
the micro-places receiving foot patrol treatment. They found
no evidence of crime displacement to spatially contiguous
areas.

Fitzpatricka y col. (2020) conducted a controlled field
experiment of police placed-based interventions on violent
crime. They found statistically significant reductions in serious
violent crime counts within treatment hot spots as compared
to control hot spots, with an overall reduction of 25.3% in
violent crimes such as homicides, rape, robbery, and
aggravated assault.
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Literature

Blattman y col. (2021), a placed-based police and city services
intervention at scale for Bogotá D.C., Colombia. The authors
randomly assigned 1,919 streets to an 8-month treatment of
doubled police patrols, greater municipal services, both, or
neither. They found that increasing state presence has modest
direct impacts. Confidence intervals suggest they can rule out
total reductions in crime of more than 2%.
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Literature

In Bernasco y Nieubeerta (2005), the authors studied the
selection of crime (burglary) locations in the city of The
Hague, Netherlands. They used sociodemographic data of 290
burglars who committed 548 burglaries in the city during the
period 1996-2001. They estimated a random utility model
with burglars’ and burglaries’ characteristics by means of a
conditional logit model. There is no causal identification of
the effect of police patrolling on crime.
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Contribution

1 We use a unique large data set of experimental data that
allows for the identification of the causal effect of police
patrolling on crime.

2 Our identification strategy is based on random utility selection
of spatial locations for crime.

3 We used double selection techniques for a more agnostic
data-driven model specification and robustness check of our
results.

4 We computed the police own- and cross-elasticity of crime for
each of the quadrants

5 Counterfactual strategies without increasing the total police
time available: (a) uniformly across quadrants, (b)
proportional to the incidence of crimes, (c) such that the
more insecure and elastic quadrants receive either a 10 -
100% increase, and (d) recursively increasing 1% of patrol
time for the most insecure and elastic quadrant.
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Spatial Discrete Choice Model

Consider N potential criminal offenders with symmetric
preferences, each of them deciding between J + 1 locations in
the city to commit a crime.

Each potential offender bases her location choice on her
perceived utility of committing a crime in each of the J + 1
locations.

The associated utility uij , of agent i , of selecting location j , is
given by

uij = αPj + Xjβ + ξj + εij (1)

where Pj is a measure of the police presence in location j , Xj

is a vector of K observed characteristics of the location, ξj is
the unobserved characteristics of location j , εij is the
idiosyncratic error term.
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Spatial Discrete Choice Model

Assuming εij , εij ′ are i.i.d. extreme value type I distributed,
location choice probabilities have a closed-form expression
given by

sij(Pj ,Xj , ξj ;α, β) =
exp(δj)

1 +
∑J

k=1 exp(δk)
(2)

where option j = 0 is assumed to be the outside option and
δj = αPj + Xjβ + ξj .

Due to the assumed symmetry of preferences it follows that
the share of committed crimes at location j :

Sj(Pj ,Xj , ξj ;α, β) = sij(Pj ,Xj , ξj ;α, β)
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Spatial Discrete Choice Model

Own- and cross-elasticities of crime with respect to police
presence Pj (or any observed characteristic xrj ∈ Xj) are given
by

∂Sj
∂Pℓ

=

{
αSj(1− Sj) if j = ℓ

−αSjSℓ if j ̸= ℓ
(3)

and thus, the police own- and cross-elasticities of crime are

ESj ,Pℓ
≡ ∂Sj

∂Pℓ

Pℓ

Sj
=

{
α(1− Sj)Pj if j = ℓ

−αSℓPℓ if j ̸= ℓ
. (4)
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Estimation

To estimate the structural parameters θ = (α, β) from
equation (1) we note that:

δj = log(Sj)− log(S0) = αPj + Xjβ + ξj , (5)
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Estimation: Endogeneity

marginally significant positive relationship 0.06 is
found. This counterintuitive result suggests that,
if any, the police elasticity of crime is positive.
These results, however, might be driven by the
simultaneity that exists between crimes and po-
lice presence, and therefore, justify the need to
account for endogeneity as was discussed in sec-
tion 3.
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Figure 1: Scatter plots of the logarithm of each type of
crime against the logarithm of the average patrol time
within each quadrant. Linear fit displayed by the black
dashed line. These graphs display a naive calculation of
the police elasticity of crime. OLS coefficient estimates
reported at the top-right corner of each graph. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01. Source: Own elaboration.

5 Results

5.1 α estimates

Table 2 presents the estimated α parameter of
equation (7) from different econometric method-
ologies for the three types of crimes mentioned in
the previous section. Panel A and C display α
estimates from OLS and TSLS that control for
covariates, respectively. Panels B and D display
estimates from OLS and TSLS that control for
the selected covariates from the double selection
methodology. As can be seen, the estimates are
fairly consistent across methodologies. We find
that, on average, police presence has no effect
on violent crimes. Second, we found that police
presence has a negative impact on the utility of
committing property and total crimes, as was ex-
pected. In particular, following our TSLS + dou-
ble selection preferred methodology, we found that
an increase in 1 minute of police patrol time in lo-
cation j reduces, on average, 0.004 units of the
utility of committing a property crime in that lo-
cation. This effect is statistically significant at the
1% significance level. For total crimes, the coeffi-
cient is−0.004 and is statistically significant at the

5% significance level. However, it has to be noted
that, given the lack of effect in violent crimes, this
result is fundamentally driven by the effect found
for property crimes.

Table 2: α estimates from different econometric method-
ologies

Violent Crimes Property Crimes Total Crimes
(1) (2) (3)

A. OLS
α estimate -0.001 -0.003∗∗∗ -0.002∗∗∗

(0.001) (0.001) (0.001)

N 1,026 1,040 1,047
Adj. R2 0.282 0.348 0.194

B. Double Selection
α estimate -0.001 -0.002∗∗∗ -0.002∗∗∗

(0.001) (0.001) (0.001)

N 1,018 1,018 1,018
Adj. R2 0.316 0.404 0.225

C. TSLS
α estimate -0.002 -0.005∗∗∗ -0.003∗∗

(0.001) (0.002) (0.001)

N 1,026 1,040 1,047
Adj. R2 0.277 0.338 0.189

D. TSLS + Double Selection
α estimate -0.003 -0.004∗∗∗ -0.004∗∗

(0.002) (0.002) (0.001)

N 1,018 1,018 1,018
Adj. R2 0.307 0.396 0.216

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Heteroskedasticity robust standard errors in
parentheses (HC3 for panels A to C, HC1 for panel D (see Zeileis (2004) for technical
details)). All four estimations included a vector of covariates. For panels A and C the
following covariates were included: proportion of paved street segments, proportion of
street segments in use by industry and commerce, proportion of street segments in use
by services, proportion of low income street segments, proportion of middle income
street segments, proportion of high income street segments, average distance from
each street segment to the nearest shopping center, average distance from each street
segment to the nearest education center, average distance from each street segment to
the nearest park or recreational center, average distance from each street segment to
the nearest religious center, average distance from each street segment to the nearest
health center, average distance from each street segment to the nearest services center
(e.g., justice), average length of street segments, the average built meters per meter of
street segment of length 100 meters around each street segment, and the proportion
of street segments labeled as crime hot spots. For panels B and D double-selection-
selected covariates were included. These are discussed in section 5.2.

These results contrast with those found by
Blattman et al. (2021). In particular, they found
that doubling the police patrol time has no impact
on property and overall crimes. Also, in their ba-
sic TSLS specification, using as dependent variable
the level of crime, they found no effect of police pa-
trol time on overall crimes unless they interact it
with the baseline crime. These differences between
their and our results might be driven either by: 1)
differences in the definition of the dependent vari-
able, given that they used the levels of crime while
we used a log-ratios of crime shares that depend on
the definition of N ; 2) differences in the statistical
power, given that they only estimated the impact
for hot spot street segments, while we estimated
it for all quadrants in the city, or 3) differences in
the unit of analysis, given that they estimated the
impact for street segments, where the crime re-
ports might be low, and we estimated the impact
for quadrants, where crime reports are greater by
definition. It has also to be noted that they use
inverse probability weighting in their estimations
to correct for endogenous exposure to spillovers,
as well as randomization inference to correct for
fuzzy clustering Blattman et al. (2021). Our re-
sults, however, are fairly robust to specifications
and strongly suggest a negative impact of police

7
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Estimation: TSLS

Starting in January 2016 and during 8 months, 756 out of
1,919 street segments labeled as crime hot spots - out of the
136,984 street segments of the city - received a doubled
patrolling time (92-167 minutes of police patrol per day)
Blattman y col. (2021).

In March 2016, 201 of the 1,919 hot spots received more
intensive street light repair and cleaning Blattman y col.
(2021).

We used the first type of treatment to instrument the police
presence Pj and identify the structural parameters of interest.
That is, we estimate equation (5) by TSLS.
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Estimation: TSLS

The necessary assumptions for the treatment assignment, Z ,
to be a valid instrument are:

1 Independence.
2 Exclusion restriction: Z only affects δj through Pj .
3 Rank condition (relevance): “police complied with their new

orders for the full 8 months.”.
4 Monotonicity (no defiers): police officers were monitored via

GPS every 30 seconds and police officers plausibly double their
efforts in a task only when they are ordered.



Introduction Model Results Policy Scenarios Conclusions Referencias

Estimation: Double Selection

To select the variables that should be included in Xj we
implemented the double selection methodology of Belloni
y col. (2014).

We first (separately) ran a regularized lasso over the following
two equations:

δj = X̃jγ + µj , (6)

Pj = X̃jϑ+ λj , (7)

where X̃j is a vector of variables that includes all the available
and exogenous location features and all their second degree
interaction terms, while µj and λj are the error terms.



Results: Estimation

patrol time on crime.
It is to be noted that when TSLS estimates

are invalid, OLS estimates provide suggestive in-
formation of the true impact of police presence
on crime. In particular, note that, given the si-
multaneity that exists between crime and police
presence, OLS estimates are downward biased.13

Therefore, panels A and B of Table 2 report a
lower bound of the real impact of police presence
on the utility - and thus on the occurrence - of
committing a crime. Also, note that in this work
we assumed that the number of potential criminals
is given by the number of unemployed people aged
12 to 60, which results in a conservative share of
crimes in each of the city locations. Thus, we are
confident that the reported TSLS estimates, which
are relatively close to the OLS estimates, are in-
formative enough and general conclusions can be
obtained from them.

5.2 Selected variables

Table 3 shows the estimated dependence of util-
ity on observables before any variable selection.
Some results are quite intuitive. For instance, the
coefficients on the average distance to a shopping
center, education center or nearest health center
are negative. These might reflect the fact that
close to these places there is usually more mobil-
ity and human interaction. In contrast, the coeffi-
cient on the average distance to a religious center
is positive suggesting the relevance of other deter-
minants of crime associated with religious beliefs
and respect of certain norms. As expected, violent
crimes depend negatively on middle- and high- in-
come street segments, while property crimes de-
pend positively on these same features.

Now, when double selection is used to select the
most predictive variables of δj for property crimes
(i.e., utility of crime) only two variables are cho-
sen: average distance to the nearest shopping cen-
ter and average distance to the nearest shopping
center interacted with proportion of paved seg-
ments (see Table 4). However, neither is statis-
tically significant. Moreover, in the case of violent
crimes or total crimes, none are selected. These re-
sults highlight the importance of pursuing a data-
driven specification appropriate for our problem.

In contrast, double selection of the variables
that predict our measure of police patrolling se-

13Note that if the impact of police on crime is negative
and the impact of crime on police is positive, OLS estimates
that ignore the simultaneity just combine both effects into
one. That is, a positive and a negative effect are averaged,
yielding a less negative (or even a positive) result.

Table 3: TSLS β estimates for covariates in their base form

Violent Crimes Property Crimes Total Crimes
(1) (2) (3)

Avg. dist. to nearest shopping center -0.00004 -0.0005∗∗∗ -0.0003∗∗∗

(0.00005) (0.00005) (0.00004)
Avg. dist. to nearest education center -0.001∗∗∗ -0.0001 -0.0002∗

(0.0001) (0.0001) (0.0001)
Avg. dist. to nearest park/recreational center 0.0001 0.0001 0.0001

(0.0001) (0.0001) (0.0001)
Avg. dist. to nearest religious center 0.0002∗∗∗ 0.0002∗∗∗ 0.0003∗∗∗

(0.0001) (0.0001) (0.0001)
Avg. dist. to nearest health center -0.00001 -0.0001∗ -0.0001∗∗

(0.00004) (0.00005) (0.00004)
Avg. dist. to nearest additional services center center -0.00001 -0.0001 -0.00004

(0.00005) (0.0001) (0.00005)
Avg. length of street segments -0.003∗∗ -0.002 -0.005∗∗∗

(0.001) (0.002) (0.002)
Avg. built meters per meter of street segment 0.00001∗∗∗ 0.00000 0.00000∗

(0.00000) (0.00000) (0.00000)
Prop. of paved segments 0.609 0.801 1.319

(0.716) (0.790) (0.841)
Prop. of street segments zoned for industry/commerce 0.149 0.416∗∗ 0.295∗

(0.191) (0.178) (0.165)
Prop. of street segments zoned for service sector -1.140∗∗∗ 0.077 -0.130

(0.211) (0.215) (0.192)
Prop. of high income street segments -0.719∗∗∗ 0.403∗∗∗ 0.087

(0.115) (0.129) (0.114)
Prop. of middle income street segments -0.171∗∗ 0.423∗∗∗ 0.228∗∗∗

(0.076) (0.080) (0.071)
Prop. of hot spot street segments -0.129 1.287 0.953

(0.615) (0.937) (0.832)
Constant -11.608∗∗∗ -11.163∗∗∗ -11.089∗∗∗

(0.759) (0.828) (0.873)

N 1,026 1,040 1,047
Adjusted R2 0.277 0.338 0.189

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Heteroskedasticity robust standard errors in parentheses (HC3). Param-
eter estimates reported for covariates in their base form regardless of their selection by the double selection
methodology. Avg.: Average. Prop.: Proportion. dist.: distance

Table 4: TSLS β estimates for double-selection selected
covariates that predict δj

Violent Crimes Property Crimes Total Crimes
(1) (2) (3)

Avg. dist. to nearest shopping center - -0.001 -
- (0.001) -

Avg. dist. to nearest shopping center× - -0.0001 -
Prop. of paved segments - (0.001) -

N 1,018 1,018 1,018
Adj. R2 0.307 0.396 0.216

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Heteroskedasticity robust standard errors in parentheses (HC1).
Double-selection selected variables that explain Pj excluded since there were 89 selected variables and
their interpretation would be cumbersome. Avg.: Average. Prop.: Proportion. Dist.: distance

lects 89 variables: one linear variable and 88
quadratic variables. These selected variables are
reported in Table 5. The selection of that great
amount of variables suggests that police patrolling
is assigned strategically. It does not only depend
on crime incidence, but also on many other com-
plex features such as those quadratic terms re-
ported in Table 5. This result further motivates
future work to determine not only which quadratic
terms, but which more complex features (third-,
fourth-, etc. degree variables), might determine
police patrol deployment and crime.

5.3 Police elasticity of crime

Our most important results from a public policy
perspective are the estimation of the own- and
cross-elasticities of crime to patrolling time at dif-
ferent locations, which captures the percentage
change in crime that results from a 1% increase in
the police patrol time that a location receives. To
the extent of our knowledge the estimation of these
statistics in a properly identified structural model
of crime location is new in the literature. Given
the estimated parameters from our preferred TSLS
+ double selection methodology, we follow equa-
tion (6) to calculate own- and cross-elasticities.

The first panel of Figure 2 reports the own- elas-
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Table 5: Double-selection selected covariates that predict
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A. Linear selected variables ✓

B. Quadratic selected variables

Prop. of paved segments ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Prop. of street segments zoned for industry/commerce ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Prop. of street segments zoned for service sector ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Prop. of high income street segments ✓ ✓ ✓ ✓ ✓ ✓

Prop. of middle income street segments ✓ ✓ ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest shopping center ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest education center ✓ ✓ ✓ ✓ ✓

Avg. dist. to nearest park/recreational center ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest religious center ✓ ✓ ✓ ✓
Avg. dist. to nearest health center ✓ ✓ ✓ ✓ ✓

Avg. dist. to nearest additional services center center ✓ ✓ ✓ ✓ ✓ ✓
Avg. length of street segments ✓ ✓ ✓

Avg. built meters per meter of street segment ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: Panel A presents check marks (✓) for the linear double-selection selected variables. This is the variables in their base
form. Panel B presents check marks (✓) for the quadratic double-selection selected variables. In this case, a check mark in row
ℓ and column m indicates that the interaction between variables ℓ and m was selected. No coefficients are displayed to avoid
cumbersome interpretations. Panel B is a symmetric matrix of check marks.

ticity distribution across all locations. For violent
crimes the elasticity is, on average, −0.11. That
is, a 10% increase in patrolling time in a quad-
rant reduces crime, on average across all quad-
rants, by 1.1% in that quadrant. The effect on
property crime is twice as large, which seems con-
sistent with intuition. In contrast to the results re-
ported Blattman et al. (2021) our results do show
a significant and public policy relevant causal ef-
fect impact of police patrolling intensity on crime
reduction.

The second panel of Figure 2 is also interesting.
By construction, it implies that crime location are
substitutes in response to police patrolling (pos-
itive average police cross-elasticity). Hence, our
model is biased in favor of a hypothesis that has
been at the center of the discussion in the crim-
inology literature: crime is displaced rather than
reduced in respond to police presence. Our results
are probably a biased estimate of this hypothesis
and suggest that, if anything, crime displacement
is negligible (not only on average).

6 Policy scenarios

A great advantage of using structural models of
social phenomena is the ability, conditional to the
prior that the model is an accurate description of
reality, to study alternative policy scenarios (do-
ing, in the language of computer scientists, causal
theory, see Pearl (2019)). The question we now
want to answer is: What would have been the
number of crimes had police patrols pursued four
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Figure 2: Distribution of the own and police cross-elasticity
of crime across quadrants for Bogotá. Elasticities sepa-
rately displayed for violent crimes, property crimes, and
total crimes. Vertical dashed lines represent mean elastic-
ities. Mean and standard deviation of elasticities reported
in each graph. Source: Own elaboration.

different strategies?14: (1) uniform time (each seg-
ment receives 33.82 minutes of patrol time inde-
pendently of any characteristic)15; (2) time spent
proportional to historic crime rates per segment,
(3) Police patrol time set to a minimum for all
the quadrants and the residual time (i.e., the dif-
ference between the observed time and the mini-
mum time) is reassigned such that quadrants that
report both the highest levels of crime and the
highest police elasticity of crime receive their ini-
tial police patrol time plus an x% increase, where
x ∈ {0, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100}16; and

14Note that we did not study optimal patrolling routes.
We focused on the impact of policy presence measured as
the time spent at quadrants which is the only effect we
can study due to our experimental data and identification
strategy. For a review study on the patrol routing prob-
lem see Dewinter, Vandeviver, Vander Beken, and Witlox
(2020).

1533.82 is the total observed patrol time divided by the
number of quadrants.

16This additional time is indirectly reduced in quadrants
that are both less insecure and less elastic, such that the
total patrolling time across the city remains constant.
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Results: Estimation

marginally significant positive relationship 0.06 is
found. This counterintuitive result suggests that,
if any, the police elasticity of crime is positive.
These results, however, might be driven by the
simultaneity that exists between crimes and po-
lice presence, and therefore, justify the need to
account for endogeneity as was discussed in sec-
tion 3.
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Figure 1: Scatter plots of the logarithm of each type of
crime against the logarithm of the average patrol time
within each quadrant. Linear fit displayed by the black
dashed line. These graphs display a naive calculation of
the police elasticity of crime. OLS coefficient estimates
reported at the top-right corner of each graph. ∗p<0.1;
∗∗p<0.05; ∗∗∗p<0.01. Source: Own elaboration.

5 Results

5.1 α estimates

Table 2 presents the estimated α parameter of
equation (7) from different econometric method-
ologies for the three types of crimes mentioned in
the previous section. Panel A and C display α
estimates from OLS and TSLS that control for
covariates, respectively. Panels B and D display
estimates from OLS and TSLS that control for
the selected covariates from the double selection
methodology. As can be seen, the estimates are
fairly consistent across methodologies. We find
that, on average, police presence has no effect
on violent crimes. Second, we found that police
presence has a negative impact on the utility of
committing property and total crimes, as was ex-
pected. In particular, following our TSLS + dou-
ble selection preferred methodology, we found that
an increase in 1 minute of police patrol time in lo-
cation j reduces, on average, 0.004 units of the
utility of committing a property crime in that lo-
cation. This effect is statistically significant at the
1% significance level. For total crimes, the coeffi-
cient is−0.004 and is statistically significant at the

5% significance level. However, it has to be noted
that, given the lack of effect in violent crimes, this
result is fundamentally driven by the effect found
for property crimes.

Table 2: α estimates from different econometric method-
ologies

Violent Crimes Property Crimes Total Crimes
(1) (2) (3)

A. OLS
α estimate -0.001 -0.003∗∗∗ -0.002∗∗∗

(0.001) (0.001) (0.001)

N 1,026 1,040 1,047
Adj. R2 0.282 0.348 0.194

B. Double Selection
α estimate -0.001 -0.002∗∗∗ -0.002∗∗∗

(0.001) (0.001) (0.001)

N 1,018 1,018 1,018
Adj. R2 0.316 0.404 0.225

C. TSLS
α estimate -0.002 -0.005∗∗∗ -0.003∗∗

(0.001) (0.002) (0.001)

N 1,026 1,040 1,047
Adj. R2 0.277 0.338 0.189

D. TSLS + Double Selection
α estimate -0.003 -0.004∗∗∗ -0.004∗∗

(0.002) (0.002) (0.001)

N 1,018 1,018 1,018
Adj. R2 0.307 0.396 0.216

Notes: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Heteroskedasticity robust standard errors in
parentheses (HC3 for panels A to C, HC1 for panel D (see Zeileis (2004) for technical
details)). All four estimations included a vector of covariates. For panels A and C the
following covariates were included: proportion of paved street segments, proportion of
street segments in use by industry and commerce, proportion of street segments in use
by services, proportion of low income street segments, proportion of middle income
street segments, proportion of high income street segments, average distance from
each street segment to the nearest shopping center, average distance from each street
segment to the nearest education center, average distance from each street segment to
the nearest park or recreational center, average distance from each street segment to
the nearest religious center, average distance from each street segment to the nearest
health center, average distance from each street segment to the nearest services center
(e.g., justice), average length of street segments, the average built meters per meter of
street segment of length 100 meters around each street segment, and the proportion
of street segments labeled as crime hot spots. For panels B and D double-selection-
selected covariates were included. These are discussed in section 5.2.

These results contrast with those found by
Blattman et al. (2021). In particular, they found
that doubling the police patrol time has no impact
on property and overall crimes. Also, in their ba-
sic TSLS specification, using as dependent variable
the level of crime, they found no effect of police pa-
trol time on overall crimes unless they interact it
with the baseline crime. These differences between
their and our results might be driven either by: 1)
differences in the definition of the dependent vari-
able, given that they used the levels of crime while
we used a log-ratios of crime shares that depend on
the definition of N ; 2) differences in the statistical
power, given that they only estimated the impact
for hot spot street segments, while we estimated
it for all quadrants in the city, or 3) differences in
the unit of analysis, given that they estimated the
impact for street segments, where the crime re-
ports might be low, and we estimated the impact
for quadrants, where crime reports are greater by
definition. It has also to be noted that they use
inverse probability weighting in their estimations
to correct for endogenous exposure to spillovers,
as well as randomization inference to correct for
fuzzy clustering Blattman et al. (2021). Our re-
sults, however, are fairly robust to specifications
and strongly suggest a negative impact of police
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Table 5: Double-selection selected covariates that predict
Pj

P
ro
p
.
of

p
av
ed

se
gm

en
ts

P
ro
p
.
of

st
re
et

se
gm

en
ts

zo
n
ed

fo
r
in
d
u
st
ry
/
co
m
m
er
ce

P
ro
p
.
of

st
re
et

se
gm

en
ts

zo
n
ed

fo
r
se
rv
ic
e
se
ct
o
r

P
ro
p
.
of

h
ig
h
in
co
m
e
st
re
et

se
gm

en
ts

P
ro
p
.
of

m
id
d
le

in
co
m
e
st
re
et

se
gm

en
ts

A
v
g.

d
is
t.

to
n
ea
re
st

sh
op

p
in
g
ce
n
te
r

A
v
g.

d
is
t.

to
n
ea
re
st

ed
u
ca
ti
o
n
ce
n
te
r

A
v
g.

d
is
t.

to
n
ea
re
st

p
a
rk
/
re
cr
ea
ti
o
n
a
l
ce
n
te
r

A
v
g
.
d
is
t.

to
n
ea
re
st

re
li
g
io
u
s
ce
n
te
r

A
v
g.

d
is
t.

to
n
ea
re
st

h
ea
lt
h
ce
n
te
r

A
v
g.

d
is
t.

to
n
ea
re
st

a
d
d
it
io
n
a
l
se
rv
ic
es

ce
n
te
r
ce
n
te
r

A
v
g.

le
n
g
th

of
st
re
et

se
gm

en
ts

A
v
g
.
b
u
il
t
m
et
er
s
p
er

m
et
er

of
st
re
et

se
gm

en
t

A. Linear selected variables ✓

B. Quadratic selected variables

Prop. of paved segments ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Prop. of street segments zoned for industry/commerce ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Prop. of street segments zoned for service sector ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Prop. of high income street segments ✓ ✓ ✓ ✓ ✓ ✓

Prop. of middle income street segments ✓ ✓ ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest shopping center ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest education center ✓ ✓ ✓ ✓ ✓

Avg. dist. to nearest park/recreational center ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest religious center ✓ ✓ ✓ ✓
Avg. dist. to nearest health center ✓ ✓ ✓ ✓ ✓

Avg. dist. to nearest additional services center center ✓ ✓ ✓ ✓ ✓ ✓
Avg. length of street segments ✓ ✓ ✓

Avg. built meters per meter of street segment ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: Panel A presents check marks (✓) for the linear double-selection selected variables. This is the variables in their base
form. Panel B presents check marks (✓) for the quadratic double-selection selected variables. In this case, a check mark in row
ℓ and column m indicates that the interaction between variables ℓ and m was selected. No coefficients are displayed to avoid
cumbersome interpretations. Panel B is a symmetric matrix of check marks.

ticity distribution across all locations. For violent
crimes the elasticity is, on average, −0.11. That
is, a 10% increase in patrolling time in a quad-
rant reduces crime, on average across all quad-
rants, by 1.1% in that quadrant. The effect on
property crime is twice as large, which seems con-
sistent with intuition. In contrast to the results re-
ported Blattman et al. (2021) our results do show
a significant and public policy relevant causal ef-
fect impact of police patrolling intensity on crime
reduction.

The second panel of Figure 2 is also interesting.
By construction, it implies that crime location are
substitutes in response to police patrolling (pos-
itive average police cross-elasticity). Hence, our
model is biased in favor of a hypothesis that has
been at the center of the discussion in the crim-
inology literature: crime is displaced rather than
reduced in respond to police presence. Our results
are probably a biased estimate of this hypothesis
and suggest that, if anything, crime displacement
is negligible (not only on average).

6 Policy scenarios

A great advantage of using structural models of
social phenomena is the ability, conditional to the
prior that the model is an accurate description of
reality, to study alternative policy scenarios (do-
ing, in the language of computer scientists, causal
theory, see Pearl (2019)). The question we now
want to answer is: What would have been the
number of crimes had police patrols pursued four
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Figure 2: Distribution of the own and police cross-elasticity
of crime across quadrants for Bogotá. Elasticities sepa-
rately displayed for violent crimes, property crimes, and
total crimes. Vertical dashed lines represent mean elastic-
ities. Mean and standard deviation of elasticities reported
in each graph. Source: Own elaboration.

different strategies?14: (1) uniform time (each seg-
ment receives 33.82 minutes of patrol time inde-
pendently of any characteristic)15; (2) time spent
proportional to historic crime rates per segment,
(3) Police patrol time set to a minimum for all
the quadrants and the residual time (i.e., the dif-
ference between the observed time and the mini-
mum time) is reassigned such that quadrants that
report both the highest levels of crime and the
highest police elasticity of crime receive their ini-
tial police patrol time plus an x% increase, where
x ∈ {0, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100}16; and

14Note that we did not study optimal patrolling routes.
We focused on the impact of policy presence measured as
the time spent at quadrants which is the only effect we
can study due to our experimental data and identification
strategy. For a review study on the patrol routing prob-
lem see Dewinter, Vandeviver, Vander Beken, and Witlox
(2020).

1533.82 is the total observed patrol time divided by the
number of quadrants.

16This additional time is indirectly reduced in quadrants
that are both less insecure and less elastic, such that the
total patrolling time across the city remains constant.
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A. Linear selected variables ✓

B. Quadratic selected variables

Prop. of paved segments ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Prop. of street segments zoned for industry/commerce ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Prop. of street segments zoned for service sector ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Prop. of high income street segments ✓ ✓ ✓ ✓ ✓ ✓

Prop. of middle income street segments ✓ ✓ ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest shopping center ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest education center ✓ ✓ ✓ ✓ ✓

Avg. dist. to nearest park/recreational center ✓ ✓ ✓ ✓ ✓
Avg. dist. to nearest religious center ✓ ✓ ✓ ✓
Avg. dist. to nearest health center ✓ ✓ ✓ ✓ ✓

Avg. dist. to nearest additional services center center ✓ ✓ ✓ ✓ ✓ ✓
Avg. length of street segments ✓ ✓ ✓

Avg. built meters per meter of street segment ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: Panel A presents check marks (✓) for the linear double-selection selected variables. This is the variables in their base
form. Panel B presents check marks (✓) for the quadratic double-selection selected variables. In this case, a check mark in row
ℓ and column m indicates that the interaction between variables ℓ and m was selected. No coefficients are displayed to avoid
cumbersome interpretations. Panel B is a symmetric matrix of check marks.

ticity distribution across all locations. For violent
crimes the elasticity is, on average, −0.11. That
is, a 10% increase in patrolling time in a quad-
rant reduces crime, on average across all quad-
rants, by 1.1% in that quadrant. The effect on
property crime is twice as large, which seems con-
sistent with intuition. In contrast to the results re-
ported Blattman et al. (2021) our results do show
a significant and public policy relevant causal ef-
fect impact of police patrolling intensity on crime
reduction.

The second panel of Figure 2 is also interesting.
By construction, it implies that crime location are
substitutes in response to police patrolling (pos-
itive average police cross-elasticity). Hence, our
model is biased in favor of a hypothesis that has
been at the center of the discussion in the crim-
inology literature: crime is displaced rather than
reduced in respond to police presence. Our results
are probably a biased estimate of this hypothesis
and suggest that, if anything, crime displacement
is negligible (not only on average).

6 Policy scenarios

A great advantage of using structural models of
social phenomena is the ability, conditional to the
prior that the model is an accurate description of
reality, to study alternative policy scenarios (do-
ing, in the language of computer scientists, causal
theory, see Pearl (2019)). The question we now
want to answer is: What would have been the
number of crimes had police patrols pursued four
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Figure 2: Distribution of the own and police cross-elasticity
of crime across quadrants for Bogotá. Elasticities sepa-
rately displayed for violent crimes, property crimes, and
total crimes. Vertical dashed lines represent mean elastic-
ities. Mean and standard deviation of elasticities reported
in each graph. Source: Own elaboration.

different strategies?14: (1) uniform time (each seg-
ment receives 33.82 minutes of patrol time inde-
pendently of any characteristic)15; (2) time spent
proportional to historic crime rates per segment,
(3) Police patrol time set to a minimum for all
the quadrants and the residual time (i.e., the dif-
ference between the observed time and the mini-
mum time) is reassigned such that quadrants that
report both the highest levels of crime and the
highest police elasticity of crime receive their ini-
tial police patrol time plus an x% increase, where
x ∈ {0, 10, 20, 30, 40, 50, 60, 70, 80, 90, 100}16; and

14Note that we did not study optimal patrolling routes.
We focused on the impact of policy presence measured as
the time spent at quadrants which is the only effect we
can study due to our experimental data and identification
strategy. For a review study on the patrol routing prob-
lem see Dewinter, Vandeviver, Vander Beken, and Witlox
(2020).

1533.82 is the total observed patrol time divided by the
number of quadrants.

16This additional time is indirectly reduced in quadrants
that are both less insecure and less elastic, such that the
total patrolling time across the city remains constant.
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Results

Table 6: Counterfactual analysis of different types of
police patrol assignments

Violent Crimes Property Crimes Total Crimes

Benefited Q. Predicted # Benefited Q. Predicted # Benefited Q. Predicted #
N % Mean (SD) N % Mean (SD) N % Mean (SD)

A. Base scenario
Observed - - 12.31 - - 24.61 - - 36.92

- - (8.51) - - (17.89) - - (21.18)
Predicted - - 10.39 - - 21.33 - - 32.90

- - (4.12) - - (9.90) - - (9.44)
B. Counterfactual scenarios
Uniform 544 53.43 10.68 544 53.43 22.64 544 53.43 34.37

(4.12) (11.12) (10.22)
Proportional time 514 50.49 10.40 511 50.19 21.73 516 50.68 33.39

(4.15) (11.03) (11.03)
Reassignment 3

0% increase (Base case) 0 0.00 10.39 0 0.00 21.33 0 0.00 32.90
(4.12) (9.90) (9.44)

10% increase 809 79.47 10.36 776 76.23 21.23 742 72.89 32.89
(4.06) (9.70) (9.37)

20 % increase 664 65.23 10.36 621 61.00 21.20 585 57.47 32.93
(4.06) (9.63) (9.47)

30 % increase 565 55.50 10.36 514 50.49 21.20 475 46.66 33.01
(4.05) (9.64) (9.64)

40 % increase 475 46.66 10.38 427 41.94 21.25 400 39.29 33.08
(4.09) (9.71) (9.81)

50% increase 421 41.36 10.38 359 35.27 21.29 339 33.30 33.15
(4.09) (9.75) (9.99)

60 % increase 371 36.44 10.39 313 30.75 21.35 293 28.78 33.22
(4.12) (9.85) (10.12)

70% increase 329 32.32 10.41 277 27.21 21.40 259 25.44 33.29
(4.16) (9.94) (10.20)

80 % increase 294 28.88 10.44 252 24.75 21.44 232 22.79 33.41
(4.21) (10.01) (10.51)

90 % increase 272 26.72 10.44 221 21.71 21.53 214 21.02 33.46
(4.23) (10.13) (10.64)

100% increase 245 24.07 10.45 200 19.65 21.60 192 18.86 33.56
(4.26) (10.24) (10.83)

Reassignment 4 513 50.39 9.96 538 52.84 20.04 636 62.47 32.00
(2.80) (5.97) (5.43)

Notes: For each type of crime in each counterfactual scenario, three columns are reported. The first one reports the number
of quadrants that receive more police patrol time than in the base scenario (benefited quadrants from now on). The second
one reports the percentage of benefited quadrants. These two columns are mainly useful to assess reassignment 3, for the rest
are just informative of how many quadrants are better off in terms of time provided the new reassignment. The third column
reports the mean and standard deviation in parentheses of the predicted number of crimes that result from each police patrol
time allocation scenario (first row corresponds to the observed number of crimes). Panel A reports the observed and predicted
crimes for the base scenario (i.e., no reallocation). Panel B reports the predicted crimes for each of the four reassignment
scenarios: uniform police patrol time, proportional police patrol time, reassignment 3 (see Appendix B), and reassignment 4
(see Appendix B). Reassignment 3 corresponds to the predicted number of crimes when the police patrol time is redistributed
such that it is increased x% for quadrants that report both the highest police elasticity of crime and the highest share of crimes,
where x is set to be either 0, 10, 20, 30, 40, 50, 60, 70, 80, 90, or 100. Thus, for the third reassignment methodology, each
row reports a different percentage increase. The first row corresponds to a 0% increase, which is equivalent to the base scenario
prediction reported in Panel A. These rows of the third reassignment report the exact numerical values depicted in Figure 3.
Reassignment 4, on the other hand, corresponds to the predicted number of crimes when the police patrol time is redistributed
following a recursive algorithm of 1% increments in time for quadrants that report both the highest police elasticity of crime and
the highest share of crimes. The step-by-step of the third and fourth methodologies of redistribution are explained in Appendix
B.
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Figure 3: Relationship between the predicted average num-
ber of crimes and the percentage increase in police patrol
time that receive the most elastic and insecure quadrants.
Each of the graphs presents the results of implementing
the first reassignment methodology explained in Appendix
B. Black lines with dots report the predicted number of
crimes. Red lines with triangles report the percentage of
quadrants that received the x percentage increase in po-
lice patrol time. Vertical gray dotted lines indicate which
percentage increase results in the minimum of predicted
crimes. It seems that it is more effective to increase the
police patrol time by a 10-20% for about 70% of the quad-
rants than increase it by 100% for < 20% of the quadrants.
Source: Own elaboration.

erage location own-elasticity of total crime to po-
lice patrolling (measured in minutes of presence

at a particular quadrant) of −0.19. That is, 1%
more patrolling time reduces crime an average of
0.19%. This is in sharp contrast to the estima-
tion of Blattman et al. (2021) that hardly reports
any statistical significance of the effects of police
patrolling on crime. Also, cross-elasticities show
little support to spillover negative effects of po-
lice patrolling, another highly contested effect and
discussed in the literature.

Taking advantage of our estimation of a struc-
tural model, we evaluated four different patrolling
strategies: random, proportional (naive), a one-
time time reassignment (reassignment 3), and a
dynamic reassignment (reassignment 4) see 6 for
details. Results show that allocating police time
according to crime incidence and the elasticities of
each quadrant (e.g., reassignment 4), could poten-
tially reduce violent crime by 4.13% percent and
property crime by 6%.

Our results show the value of using even simple
models to allocate police in the city. These sug-
gests that there is considerable space to improve
the efficiency of police patrolling using state-of-
the-art machine learning prediction models. We
believe this is a promising extension of our paper
and we leave it for future work.
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Results

Table 6: Counterfactual analysis of different types of
police patrol assignments

Violent Crimes Property Crimes Total Crimes

Benefited Q. Predicted # Benefited Q. Predicted # Benefited Q. Predicted #
N % Mean (SD) N % Mean (SD) N % Mean (SD)

A. Base scenario
Observed - - 12.31 - - 24.61 - - 36.92

- - (8.51) - - (17.89) - - (21.18)
Predicted - - 10.39 - - 21.33 - - 32.90

- - (4.12) - - (9.90) - - (9.44)
B. Counterfactual scenarios
Uniform 544 53.43 10.68 544 53.43 22.64 544 53.43 34.37

(4.12) (11.12) (10.22)
Proportional time 514 50.49 10.40 511 50.19 21.73 516 50.68 33.39

(4.15) (11.03) (11.03)
Reassignment 3

0% increase (Base case) 0 0.00 10.39 0 0.00 21.33 0 0.00 32.90
(4.12) (9.90) (9.44)

10% increase 809 79.47 10.36 776 76.23 21.23 742 72.89 32.89
(4.06) (9.70) (9.37)

20 % increase 664 65.23 10.36 621 61.00 21.20 585 57.47 32.93
(4.06) (9.63) (9.47)

30 % increase 565 55.50 10.36 514 50.49 21.20 475 46.66 33.01
(4.05) (9.64) (9.64)

40 % increase 475 46.66 10.38 427 41.94 21.25 400 39.29 33.08
(4.09) (9.71) (9.81)

50% increase 421 41.36 10.38 359 35.27 21.29 339 33.30 33.15
(4.09) (9.75) (9.99)

60 % increase 371 36.44 10.39 313 30.75 21.35 293 28.78 33.22
(4.12) (9.85) (10.12)

70% increase 329 32.32 10.41 277 27.21 21.40 259 25.44 33.29
(4.16) (9.94) (10.20)

80 % increase 294 28.88 10.44 252 24.75 21.44 232 22.79 33.41
(4.21) (10.01) (10.51)

90 % increase 272 26.72 10.44 221 21.71 21.53 214 21.02 33.46
(4.23) (10.13) (10.64)

100% increase 245 24.07 10.45 200 19.65 21.60 192 18.86 33.56
(4.26) (10.24) (10.83)

Reassignment 4 513 50.39 9.96 538 52.84 20.04 636 62.47 32.00
(2.80) (5.97) (5.43)

Notes: For each type of crime in each counterfactual scenario, three columns are reported. The first one reports the number
of quadrants that receive more police patrol time than in the base scenario (benefited quadrants from now on). The second
one reports the percentage of benefited quadrants. These two columns are mainly useful to assess reassignment 3, for the rest
are just informative of how many quadrants are better off in terms of time provided the new reassignment. The third column
reports the mean and standard deviation in parentheses of the predicted number of crimes that result from each police patrol
time allocation scenario (first row corresponds to the observed number of crimes). Panel A reports the observed and predicted
crimes for the base scenario (i.e., no reallocation). Panel B reports the predicted crimes for each of the four reassignment
scenarios: uniform police patrol time, proportional police patrol time, reassignment 3 (see Appendix B), and reassignment 4
(see Appendix B). Reassignment 3 corresponds to the predicted number of crimes when the police patrol time is redistributed
such that it is increased x% for quadrants that report both the highest police elasticity of crime and the highest share of crimes,
where x is set to be either 0, 10, 20, 30, 40, 50, 60, 70, 80, 90, or 100. Thus, for the third reassignment methodology, each
row reports a different percentage increase. The first row corresponds to a 0% increase, which is equivalent to the base scenario
prediction reported in Panel A. These rows of the third reassignment report the exact numerical values depicted in Figure 3.
Reassignment 4, on the other hand, corresponds to the predicted number of crimes when the police patrol time is redistributed
following a recursive algorithm of 1% increments in time for quadrants that report both the highest police elasticity of crime and
the highest share of crimes. The step-by-step of the third and fourth methodologies of redistribution are explained in Appendix
B.

0 20 40 60 80 100

10
.3

6
10

.4
0

10
.4

4
Violent crimes

% increase in Police patrol time

A
ve

ra
ge

30
40

50
60

70
80

%
 o

f b
en

ef
ite

d 
qu

ad
ra

nt
s

0 20 40 60 80 100

21
.2

21
.4

21
.6

Property crimes

% increase in Police patrol time

A
ve

ra
ge

20
30

40
50

60
70

%
 o

f b
en

ef
ite

d 
qu

ad
ra

nt
s

0 20 40 60 80 100

32
.9

33
.1

33
.3

33
.5

Total crimes

% increase in Police patrol time

A
ve

ra
ge

20
30

40
50

60
70

%
 o

f b
en

ef
ite

d 
qu

ad
ra

nt
s

Predicted number of crimes
% of benefited quadrants
Minimum of predicted crimes

Figure 3: Relationship between the predicted average num-
ber of crimes and the percentage increase in police patrol
time that receive the most elastic and insecure quadrants.
Each of the graphs presents the results of implementing
the first reassignment methodology explained in Appendix
B. Black lines with dots report the predicted number of
crimes. Red lines with triangles report the percentage of
quadrants that received the x percentage increase in po-
lice patrol time. Vertical gray dotted lines indicate which
percentage increase results in the minimum of predicted
crimes. It seems that it is more effective to increase the
police patrol time by a 10-20% for about 70% of the quad-
rants than increase it by 100% for < 20% of the quadrants.
Source: Own elaboration.

erage location own-elasticity of total crime to po-
lice patrolling (measured in minutes of presence

at a particular quadrant) of −0.19. That is, 1%
more patrolling time reduces crime an average of
0.19%. This is in sharp contrast to the estima-
tion of Blattman et al. (2021) that hardly reports
any statistical significance of the effects of police
patrolling on crime. Also, cross-elasticities show
little support to spillover negative effects of po-
lice patrolling, another highly contested effect and
discussed in the literature.

Taking advantage of our estimation of a struc-
tural model, we evaluated four different patrolling
strategies: random, proportional (naive), a one-
time time reassignment (reassignment 3), and a
dynamic reassignment (reassignment 4) see 6 for
details. Results show that allocating police time
according to crime incidence and the elasticities of
each quadrant (e.g., reassignment 4), could poten-
tially reduce violent crime by 4.13% percent and
property crime by 6%.

Our results show the value of using even simple
models to allocate police in the city. These sug-
gests that there is considerable space to improve
the efficiency of police patrolling using state-of-
the-art machine learning prediction models. We
believe this is a promising extension of our paper
and we leave it for future work.
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Conclusions

Our estimates show that 1% more time patrolling reduces
crime an average of 0.19%.

Cross-price elasticities show little support to negative spillover
effects of police patrolling.

Allocating police time according to crime incidence and the
elasticities of each quadrant, could potentially reduce violent
crime by 4.13% and property crime by 6%.
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