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Abstract

Governments across the developing world rely on their armed forces for domestic policing
operations. Advocates of these “mano dura” (iron fist) policies view them as necessary to
control violent crime, while detractors claim they undermine human rights. We experimentally
evaluate a military policing intervention in Cali, Colombia, the country’s third largest city
and among its most violent. The intervention involved recurring, intensive military patrols
targeting crime hot spots, randomly assigned at the city block level. Using administrative
crime and human rights data, surveys of more than 10,000 Cali residents, and detailed firsthand
observations from civilian monitors, we find that military policing had weak (if any) effects
on crime while the intervention was ongoing, and adverse effects after it was complete. We
observe higher rates of crime, crime witnessing, and crime reporting in the weeks after the
intervention, combined with higher rates of arrests. We also find some suggestive evidence
of increased human rights abuses, though these appear to have been committed primarily by
police officers rather than soldiers. Our results suggest that the benefits of military policing are
small and not worth the costs, and that governments should seek other ways to control crime
in the world’s most violent cities.
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A strict separation between the military and the police has long been viewed as essential for

transitions to democracy and democratic consolidation [1–3]. Across the Global South, however,

democratically elected governments routinely rely on their armed forces for domestic policing

operations. This “mano dura” (iron fist) approach to law enforcement is especially pervasive in

Latin America, the world’s most violent region [4]. The governments of Bolivia, Brazil, Colom-

bia, Ecuador, El Salvador, Guatemala, Honduras, Mexico, Nicaragua, Paraguay, and Peru have all

“constabularized” their militaries to varying degrees [5]. Military policing is common outside of

Latin America as well, for example in Indonesia [6], the Philippines [7], and South Africa [8].

Even in the US, with its long history of opposition to military involvement in domestic polic-

ing operations, commentators have on occasion urged the deployment of troops to support police

departments in “high-crime, drug-infested urban areas” [9, p. 220].

We report results from an experimental evaluation of the Plan Fortaleza military policing

program in Cali, Colombia, the country’s third largest city and one of its most violent. In 2018, Cali

experienced a homicide rate of 46.7 per 100,000 residents, nearly double the rate of Colombia’s

second largest city (Medellı́n) and more than triple the rate of the capital (Bogotá). In response,

the government of Cali deployed recurring, intensive military patrols to two comunas (communes)

with some of the highest homicide rates in the city.1 Military policing programs like Plan Fortaleza

are a defining feature of mano dura policies in Latin America and beyond [10]. We partnered with

the Mayor’s Office, the Third Brigade of the Colombian Armed Forces, and Innovations for Poverty

Action (IPA) Colombia to experimentally evaluate the impact of these operations.

Advocates view military policing as a necessary temporary measure to reduce crime and

improve citizen perceptions of security [11]. Opponents view it as a threat to human rights [12].

Yet despite the increasing prevalence of military policing throughout the Global South, empirical

evidence of its efficacy remains scarce. There is a large and established literature on hot spots

policing, much of it conducted in the Global North, but these studies involve policing by actual

police forces rather than militaries, and typically do not address militarization (see [13, 14] for

1Comunas are the highest administrative unit in Cali. Comunas are divided into barrios (neighborhoods), which are
further divided into manzanas (blocks).
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reviews). Most studies of militarization focus on SWAT team deployments or transfers of military

hardware to police departments in the US, with mixed results [15–20]. Other studies explore

militarization of the police in Latin America, but do not address policing by the military per se

[21–23].

This is a subtle but crucial distinction. Militaries tend to differ dramatically from even the

most heavily militarized police forces in the type and intensity of training they receive; in their

more inflexible vertical command structures; in the legal frameworks within which they operate;

and, most important, in the expectation that they will use deadly force not to “serve and protect”

civilians, but rather to “overwhelm and defeat” enemies on the battlefield [24, p. 329]. Both sup-

porters and detractors of military policing cite these differences as justification for their respective

positions. As one prominent critic warns, “no one should suffer the illusion that military forces

could ever execute the laws with the same sensitivity to civil liberties as regular police forces,”

because to do so is “at odds with the central imperatives of military service” [9, p. 227].

To date, however, claims such as these remain almost entirely anecdotal and impressionistic.

Only a small handful of studies have tested the effects of constabularizing the military for purposes

of law enforcement, all using observational data [5, 25, 26]. These studies have been informative

and pathbreaking. But observational research on military policing must overcome enormous in-

ferential challenges. Soldiers are typically only deployed to conduct domestic policing operations

where crime and violence have become unmanageable for police departments [11]. This makes

it difficult to disentangle the effects of military policing from the effects of the conditions that

justified (or were believed to justify) military policing in the first place. Quasi-experimental evi-

dence on the efficacy of military policing is rare, and experimental evidence is, to our knowledge,

non-existent.

We evaluate Cali’s Plan Fortaleza program using a randomized controlled trial, with treat-

ment assigned at the level of the manzana (city block). Our sample consists of 1,255 blocks in

total, 214 of which were assigned to treatment. Another 765 blocks that were adjacent to at least

one treatment block were assigned to a spillover group; the remaining 275 blocks were assigned
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to control. (We model more complex spillover dynamics in Appendix E.) To test the effects of

the program, we combine timestamped, geolocated administrative data on crime and human rights

abuses with two waves of original surveys reaching over 10,000 respondents in total. Our first

wave of survey data was collected continuously throughout the intervention; the second was col-

lected roughly three months after the intervention was complete, allowing us to test effects both

during and after implementation. We complement these data with detailed firsthand observations

from civilian monitors hired to accompany the soldiers while on patrol.

We find that Plan Fortaleza had little (if any) impact on crime in the administrative data while

the intervention was ongoing. The effects are weak and sensitive to specification, and are confined

to days and times when soldiers were physically present on the streets. In contrast, we observe a

substantively large and statistically significant increase in crime in the weeks after the intervention

was complete, along with corresponding increases in citizens’ accounts of (1) witnessing and (2)

reporting crimes to the authorities, (3) the intensity of police presence, and (4) the rate of arrests

on treatment and spillover blocks. The adverse effects on crime do not appear to be artifacts of

changes in the distribution of police officers across blocks, or of heightened vigilance on the part

of civilians. Perhaps relatedly, we also find no evidence of improved perceptions of safety except

(possibly) among business owners.

Finally, we find some evidence of increased human rights abuses, but only in the survey

data. In most (but not all) cases these abuses appear to have been perpetrated by police officers

rather than soldiers, possibly in the course of effecting arrests. (Colombian soldiers can detain but

cannot arrest suspected criminals.) This suggests a potential adverse unintended consequence of

military policing that critics rarely mention: if soldiers and police officers “co-produce” security,

then military involvement in law enforcement may exacerbate abuses even if the military itself is

not responsible for committing them. But this interpretation is suggestive, as we find no evidence

of increased abuses in administrative data collected from the Office of the Attorney-General, nor

in the firsthand observations of civilian monitors.

Taken together, our results suggest that governments should seek other strategies for curbing
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Figure 1: The world’s most dangerous cities by homicide rate, 2019

Notes: Data on homicides is from the NGO Seguridad, Justicia, y Paz.

crime in the world’s most violent cities. As with any study focused on a single case, we cannot be

sure whether these results will generalize to other contexts. Cali does, however, share traits with

other urban settings in Latin America, and the intervention we study resembles existing military

policing programs elsewhere. Like other cities in Colombia (and cities in other Latin American

countries), Cali features extreme inequality across space: access to security and other services de-

pends on where one lives and the socioeconomic class to which one belongs. The police in Cali, as

in other Latin American cities, have a checkered past that has featured corruption, collusion with

armed groups, and human rights abuses, which helps explain widespread popular support for mil-

itary policing. The program we evaluate is place-based, analogous to hot spots policing interven-

tions commonly undertaken by police departments in the US and elsewhere, including Colombia

[27, 28]. Almost all existing studies of hot spots policing focus on particular neighborhoods within

particular cities [14]. Our study of military policing follows a similar design.

Cali is also an important test case for the efficacy of military policing. Many residents

arrived in Cali after fleeing violence in other areas of Colombia’s Pacific Coast, and while crime

has declined since the worst days of violence between the Cali and Medellı́n cartels in the 1990s—
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when the city’s homicide rate reached nearly 125 per 100,000 residents—Cali remains among the

most dangerous cities in the world, as Figure 1 illustrates. Gangs and other armed actors compete

for local extortion and money laundering opportunities, as well as access to drug trafficking routes

through the nearby port of Buenaventura. The quality of administrative crime data is also unusually

high in Cali, a result of close coordination among the National Police, the Office of the Attorney-

General, the Coroner’s Office, and other civilian authorities. Given ongoing struggles to reduce

crime, Cali is precisely the sort of setting where military policing might be—and has been—

expected to help. Lessons learned from Cali can and should inform debates in cities elsewhere

in Latin America (and potentially beyond) where military policing is routinely used but seldom

rigorously evaluated.

THE LOGIC OF MILITARY POLICING

Military policing is motivated by the belief that soldiers can deter and incapacitate criminals more

effectively than police officers. Soldiers typically have better communication, transportation, and

logistical capacity than police officers, and must undergo more (and more rigorous) training [3, 26].

They also have greater coercive capacity. This may be especially advantageous in Latin America,

where much crime can be traced to gangs, cartels, and other organized criminal syndicates, which

have proven to be “daunting foes” for the police [29, p. 104]. Many Latin American police forces

are “poorly trained, poorly funded, and even complicit with organized crime” [5, p. 5]. Advocates

cite these differences to argue that soldiers should be more effective at both deterrence (i.e. pre-

venting future criminals from committing crimes) and incapacitation (i.e. removing perpetrators of

past crimes from the streets), and that military policing should thus reduce the objective prevalence

of crime [30, 31].

Advocates also believe that military policing should improve subjective perceptions of safety

among citizens and business owners. In many developing countries, and in Latin America in

particular, citizens perceive the military to be more effective and better trained than the police
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[11]. They also tend to express greater trust in the military. For example, of the 25 North, South,

Central American, and Caribbean countries surveyed in the 2014 Americas Barometer survey,

respondents expressed greater trust in the military than the police in all but one country (Chile),

typically by double digit margins. Other than the Catholic Church, no other institution is as widely

trusted as the military in Latin America [29]. If citizens and business owners view the military as

more effective, better trained, and more trustworthy than the police, then they should feel safer in

the presence of military policing.

Finally, advocates argue that because soldiers are better trained and subject to more stringent

accountability mechanisms, they should be more respectful of human rights than police officers

[31]. Again, this distinction may be especially salient in Latin America, where indiscipline among

the region’s police forces has manifested in widespread illegality and extrajudicial violence [32].

Latin American citizens tend to perceive the military as more respectful of human rights than

the police [11], even in settings where soldiers are engaged in domestic law enforcement (and

where their actions are therefore more visible to civilians). Soldiers also typically operate under

stricter hierarchies of command and control [26], which may reduce the risk that misconduct goes

undetected and unpunished. This line of reasoning has led some to conclude that “maybe the police

aren’t militarized enough” [33].

In our pre-analysis plan (PAP)2 we hypothesized that military policing would reduce the

objective prevalence of crime and improve subjective perceptions of safety without exacerbating

human rights abuses. But all three of the arguments described above are hotly constested. Oppo-

nents of military policing counter that deterrence and incapacitation depend on swift and effective

criminal investigation [34], which soldiers are not trained to do. Gangs and other organized crim-

inal syndicates may respond strategically to the military’s threat of deadly force by engaging in

yet more violence themselves [35], thus exacerbating crime and diminishing citizen perceptions

of security [25, 26]. Perhaps most important, opponents warn that military policing replaces the

2Our PAP was filed with the Evidence in Governance and Politics (EGAP) network prior to endline data collection.
Anonymized copies of our PAP and associated updates are included as appendices. We document all deviations from
the PAP in Appendix F.
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“traditional police orientation of ‘protect and serve”’ with a “military orientation of ‘overwhelm

and defeat”’ [24, pp. 329–30]. Soldiers are “conditioned by years of rigorous training and indoc-

trination,” and may be “hard-wired” to use excessive force in ways that police officers are not [11,

p. 9], with potentially adverse consequences for human rights.

THE Plan Fortaleza PROGRAM

The evidence underlying these arguments is almost entirely anecdotal. Rigorously testing the

efficacy of military policing is of urgent theoretical and practical concern, especially given the

continued proliferation of mano dura policies across the Global South. We contribute to this debate

with an experimental evaluation of the Plan Fortaleza program in Cali, Colombia. The program

consisted of recurring, intensive vehicular and foot patrols by heavily armed soldiers from the

Military Forces of Colombia (FMC). Cali has 22 comunas in total; Plan Fortaleza focused on

comunas 18 and 20, both hot spots for crime, as we show in Figure A.5 in the appendix. The two

comunas comprise 30 barrios, or neighborhoods. Their combined population was approximately

215,000 at the time of our study.

Patrols were implemented by soldiers from two units of the FMC: the Military Police and the

Special Forces. While both units consist entirely of soldiers, Special Forces tend to be older, have

more field experience (including in combat with guerrilla groups), and use more advanced military

hardware. To minimize logistical problems, the two units never patrolled the same comuna on the

same day; instead, they alternated following a 12-day rotation schedule, illustrated in Table A.1

in the appendix. Each patrol consisted of six to eight soldiers from one of these two units, with

seven to eight teams patrolling more or less simultaneously every weekday night. While on patrol,

soldiers checked IDs and business licenses, searched residents for possession of drugs and weapons

(“requisas”), erected road blocks, detained suspected criminals, and conversed with residents. All

patrols occurred between the hours of 5:00pm and midnight, Monday to Friday. All blocks also

had some police presence.
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Our unit of randomization is the manzana (city block). Each treatment block was assigned

to receive 30 minutes of military patrols roughly every six days. In reality, the average time spent

patrolling was around 11 minutes per block per day, due in part to the small size of most blocks

and the large number of soldiers on patrol.3 Since all patrols originated from the same battalion,

and since we did not specify the routes the soldiers should take to reach each treatment block, we

recognized at the outset that the probability of spillover would be high. We discuss this in more

detail below, and model spillover in our analyses. Our evaluation began on September 30, 2019

and concluded on November 18, 2019, when massive nationwide protests required a redeployment

of the military to other sites around the city and country.

While the intervention was relatively short, it was not atypical of the way Latin Ameri-

can militaries often participate in law enforcement. Even in countries undergoing “generalized

constabularization of the military,” soldiers usually participate in temporally and geographically

delimited operations targeting particular areas characterized by high rates of violent crime and/or

drug trafficking [36, p. 526]. Permanent or semi-permanent military occupations are less com-

mon, though they do occur, as in Mexico following President Felipe Calderón’s declaration of war

against drug cartels in 2006 [5]. We cannot be certain whether our findings might generalize to

these latter situations, nor can we be sure how they might have differed if Plan Fortaleza had been

longer (or shorter) in duration.

Comunas 18 and 20 are densely populated and difficult to navigate. In some parts of comuna

20, for example, streets are unlit alleys that connect to roads via steep, concrete stairs. To help guide

the soldiers, local civilian monitors accompanied each patrol. Monitors used GPS devices and

smartphones equipped with a customized Google Maps interface to direct soldiers to their assigned

treatment blocks. We provide examples of this interface in Figures A.1 and A.2 in the appendix.

The monitors also used smartphones to collect data on soldiers’ operations during the patrols. To

track treatment compliance, we established geo-fences of 25 meters around each treatment block

and calculated the time that each patrol spent within its assigned geo-fence. We provide descriptive

3The average perimeter for blocks in our sample is 283 meters, with a standard deviation of 248 meters.
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statistics on the patrols in Table A.2 in the appendix, and discuss our safety protocols and the

possibility of Hawthorne effects induced by the monitors’ presence in further detail below.

RESEARCH DESIGN

RANDOMIZATION

The 30 neighborhoods in our sample consist of 1,255 city blocks, with an average of 42 blocks

per neighborhood. We stratified by neighborhood, then randomized such that approximately 1/6 of

all blocks in each neighborhood were assigned to treatment.4 We assigned to the spillover group

any block that (1) was adjacent to at least one treatment block but (2) was not itself assigned to

treatment, following the procedure described in Appendix B. We assigned all remaining blocks to

the control group. Our sample thus consists of 214 treatment blocks, 765 spillover blocks, and

275 control blocks. We provide power calculations in Appendix C and balance tests in Appendix

D. In Appendix E we explore different ways of modeling spillover effects, including linear and

exponential decay.

DATA

We collected data from four sources. First, we collected timestamped, geocoded administrative

data on crime, including homicides, robberies, illegal drug sales, and illegal possession of firearms.

These data span a period beginning nine months before the intervention (January 1, 2019) and end-

ing six weeks after (December 31, 2019). The quality of administrative crime data is unusually high

in Cali, where representatives of the Mayor’s Office meet weekly with the Colombian National Po-

lice, the Attorney-General’s Office, and the Coroner’s Office to approximate the “true” prevalence

of homicides and other violent crimes. We also collected timestamped, geocoded administrative

data on human rights abuses from the Office of the Attorney-General, which is responsible for

4We gain no additional statistical power for estimating treatment effects and only marginal statistical power for esti-
mating spillover effects when we increase the proportion of treated blocks above 1/6.

9



investigating and prosecuting police and military misconduct. The Attorney-General’s data consist

of alleged abuses reported by victims and witnesses, and again cover all of 2019.

Second, we conducted an original household survey of 2,096 randomly selected residents

of the two comunas in our sample between October 17 and December 19, 2019, beginning while

the intervention was ongoing and continuing for roughly a month after it ended. We surveyed

three residents and two business owners on each of 416 blocks: 202 from the treatment group,

109 from the spillover group, and 105 from the control group. We over-sampled treatment blocks

in order to monitor treatment compliance and document abuses while the soldiers were on patrol.

We refer to this as our monitoring survey. Third, we conducted another original household survey

of 7,921 randomly selected residents and business owners between January 17 and February 25,

2020, between two and three months after the end of the intervention. On average we surveyed six

residents and two business owners per block.5 We refer to this as our endline survey.6

Finally, we collected GPS data and detailed firsthand observations from the civilian monitors

hired to accompany the soldiers while on patrol. Because we only have these data for the treatment

group, we do not use them to estimate treatment effects; instead, we use them to measure the

duration of each patrol, the number of soldiers on each patrol, and the soldiers’ activities while on

patrol, including any acts of verbal or physical abuse. To minimize Hawthorne effects, monitors

were instructed to be as discreet as possible when documenting soldiers’ activities, and to remain

in the patrol vehicle at all times. To facilitate discretion and standardize data collection, monitors

used a smartphone app developed for this project to record their observations. The same monitors

accompanied the same patrols repeatedly for nearly two months, allowing the soldiers to acclimate

to their presence, thus further mitigating the risk of Hawthorne effects. Due to the density of these

neighborhoods and the relative novelty of military patrols, it is likely that residents would have

watched the soldiers’ actions—and that the soldiers would have known they were being watched—

5Because of differing sampling strategies across the two surveys, measurements were taken from distinct samples.
6In addition to crime victimization, crime witnessing, perceptions of safety, and experiences of abuse, the endline
survey included a variety of questions on perceptions of the police and military, political beliefs, and voting behavior.
For compactness we focus in this paper on crime, perceptions of safety, and abuses, as these are the outcomes of most
urgent concern to both proponents and detractors of military policing. We report treatment effects on perceptions,
political beliefs, and voting behavior in a separate paper.
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even without the monitors. Nonetheless, our results should be interpreted as capturing the effects

of military patrols in the presence of civilian monitors.

ESTIMATION

Our unit of randomization is the city block. Some outcomes are measured at the individual level

using survey data, others at the block level using administrative data. Following our PAP, we

estimate the intention-to-treat (ITT) effect of the Plan Fortaleza program using a weighted least

squares regression where observations are weighted by the inverse probability of assignment to

their realized treatment status. Because the probability of assignment to the spillover and control

groups depends on proximity to the nearest treatment block, we cannot calculate inverse probability

weights (IPWs) analytically. Instead, we bootstrap our randomization procedure and estimate

the probability that each block is assigned to the treatment, spillover, and control group across

1,500 replications. We use these estimates to generate IPWs. Because of the way blocks are

distributed across neighborhoods, some (though very few) have a 0 probability of assignment to

the spillover or control group.7 We exclude blocks with 0 probability of assignment to control when

estimating the ITT [37]. When estimating spillover effects, we exclude blocks with 0 probability

of assignment to control as well as blocks with 0 probability of assignment to spillover.

When testing treatment and spillover effects at the block level, we estimate

yjk = θtjk + λsjk + βXjk + αk + εjk

where yjk denotes the outcome for block j in neighborhood k; tjk denotes assignment to treatment;

sjk denotes assignment to spillover; Xjk denotes block-level covariates;8 αk denotes neighborhood

fixed effects; and εj is a block-level error term. When testing treatment and spillover effects at the

7Across the 30 neighborhoods, there is one block with 0 probability of assignment to spillover and another three blocks
with 0 probability of assignment to control.

8Following our PAP, we control for area, distance to the nearest police station, distance to the nearest military battalion,
and distance to the nearest public transportation hub based on administrative data. We also control for the average
age and average years of education of residents on each block, and the percentage of men on each block, aggregating
our individual-level survey data up to the block level.
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individual level, we instead estimate

yijk = θtjk + λsjk + βXjk + δZijk + αk + εijk

where yijk denotes the outcome for respondent i on block j in neighborhood k; tjk denotes as-

signment to treatment; sjk denotes assignment to spillover; Xjk denotes block-level covariates;

Zijk denotes individual-level covariates;9 αk denotes neighborhood fixed effects; and εijk is an

individual-level error term, clustered by block. There were five blocks (0.3% of the sample) where

it was impossible to administer our endline survey due to safety concerns. We drop these blocks

from our analysis.10 We report results with multiple comparisons corrections in Appendix G, and

heterogeneous treatment effects by gender and baseline crime rate in Appendix J.

SPILLOVER

Our research design allows us to estimate both direct and spillover effects of the Plan Fortaleza

program. Criminologists distinguish between two types of spillover: displacement (whereby in-

creased police presence displaces crime from one location to another nearby) and diffusion of

benefits (whereby increased police presence in one location reduces crime in nearby locations).

The literature on these possibilities is extensive; while results are mixed, the most recent research

suggests that displacement tends to be minimal, that it is usually offset by treatment effects, and

that diffusion of benefits is more common [38]. In Appendix E we test for the possibility of more

complex spillover dynamics, including linear decay, exponential decay, and saturation.11 We find

little evidence of these dynamics at work in our sample.

9Again following our PAP, we control for age, gender, years of education, and years living on the block.
10In our PAP we proposed computing Lee bounds around our treatment effect estimates in order to account for attrition.

Given that attrition was so minor, we omit this analysis here.
11In our PAP we also prespecified that we would model more complex spillover dynamics by estimating the “marginal-

ized individualistic response,” following ?. We decided not to do this because the procedure is new and untested.
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COMPLIANCE

Data collected by the civilian monitors suggest that treatment compliance was reasonably high,

especially given the difficulty of navigating these neighborhoods. On any given night, soldiers

correctly patrolled between 85% and 100% of treatment blocks on the randomization schedule. As

a manipulation check, in Table A.30 in the appendix we show that residents of treatment and (to a

lesser extent) spillover blocks were much more likely to report military presence (but no more or

less likely to report police presence) than residents of control blocks during the intervention. This

is as expected.

ETHICS

Given the increasing prevalence of military policing in Colombia and across the Global South, the

absence of evidence on its efficacy, and the arguments of advocates (including in the Colombian

government) that military policing is necessary to curb violent crime, we believed a rigorous im-

pact evaluation was essential to inform policymaking. The Plan Fortaleza program predated our

study, and would have continued with or without our evaluation of it. Colombian municipal au-

thorities and military officials had already selected the comunas and neighborhoods in which the

intervention would occur; we randomized only the specific blocks where soldiers would and would

not patrol.

Nonetheless, both the program and our evaluation of it posed several potential risks, which

we sought to anticipate and mitigate. First, there was a risk that military patrols would subject

residents to human rights abuses by soldiers. We sought to minimize this risk by using the firsthand

observations of civilian monitors to document any abuses they observed. We maintained a direct

line of communication with the Security and Justice Secretariat of Cali, which oversees military

operations in the city, in order to report abuses in real time. As discussed below, the monitors

recorded only one minor incident of verbal abuse and no incidents of physical abuse throughout

the duration of the study.
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Second, there was a risk that military patrols would subject civilians to violence by shifting

the equilibrium distribution of gang presence and activity in the two comunas in our sample. We

determined that this risk was minimal. Our conversations with the military and the Security and

Justice Secretariat strongly suggested that such an equilibrium did not exist in Cali, given the city’s

highly fragmented landscape of organized crime. We saw no reason to expect the intervention to

create a new, more violent equilibrium where none existed before. Prior to our study, the military

(non-randomly) varied its patrol routes from day to day to prevent criminals from adapting to its

presence; it continued this practice during the evaluation, for the same reason. This should have

further reduced the risk of a change in the equilibrium distribution of gang presence and activity.

Third, there was a risk that civilians would face reprisals for participating in our monitoring

or endline surveys, or that enumerators would face reprisals for administering the surveys. To min-

imize this risk, all surveys were conducted in private, and respondents were repeatedly informed

that their participation was voluntary and anonymous, that the survey could be halted at any time,

and that they could skip any question they did not want to answer. Both before and during data

collection, we consulted local IPA staff, field supervisors, and civil society representatives to diag-

nose whether particular blocks posed especially acute security concerns, and we adjusted our data

collection protocols accordingly. Enumerators received specialized training and followed strict se-

curity protocols on all blocks, including a requirement to complete data collection by noon each

day. There were no reports of threats or violence against respondents or enumerators at any time

during the evaluation.

Fourth, there was a risk that criminals would identify the civilian monitors, potentially sub-

jecting them to harassment or violence. To minimize this risk, recruitment focused on monitors

who did not live in the two comunas in our study, reducing the probability that they would be

identified. Monitors also had a direct line of communication to the military and the Security and

Justice Secretariat, which they could use to seek help if they suspected they were being watched

or followed. To increase discretion and mitigate other potential risks to their safety, monitors were

instructed to remain in the back of the patrol vehicle at all times. As additional precautions, moni-
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Table 1: Treatment effects on crime, crime victimization, and crime witnessing

Admin data Survey data

Crime incidence Crime victimization Crime witnessing

During
intervention

After
intervention

During
intervention

After
intervention

After
intervention

Treatment 0.003 0.110∗∗ 0.006 -0.007 0.153∗∗∗

(0.04) (0.05) (0.04) (0.05) (0.05)
Spillover -0.038 0.083∗ 0.026 0.013 0.186∗∗∗

(0.03) (0.04) (0.03) (0.04) (0.04)
Individual controls 7 7 X X X
Neighborhood FE X X X X X
Block-level controls X X X X X

Observations 1167 1167 7845 7845 7837
R2 0.33 0.48 0.03 0.03 0.12
Control mean 0.160 0.160 -0.021 -0.016 -0.119

Notes: ITT on crime during (column 1) and after (column 2) the intervention based on administrative data; crime
victimization during (column 3) and after (column 4) the intervention based on survey data; and crime witnessing after
the intervention (column 5) based on survey data. All specifications include neighborhood fixed effects and block-level
controls. Models 3-6 also include individual-level controls. Observations are weighted by the inverse probability of
assignment to their realized treatment status. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

tors were also provided with bulletproof vests and armbands clearly identifying them as civilians,

thus reducing the risk that they would be mistaken for soldiers and attacked. There were no reports

of threats or violence against monitors at any time during the evaluation.

RESULTS

CRIME, CRIME VICTIMIZATION, AND CRIME WITNESSING

Table 1 reports the ITT of the Plan Fortaleza program on additive indices of crimes committed

during (column 1) and after (column 2) the intervention using the administrative data. The index

comprises murders, robberies, illegal drug sales, and illegal possession of weapons.12 We find

12In our PAP we proposed to weight this index by the average prison sentence associated with each crime under
Colombian law, following an approach that appeared in an early draft of [27]. This approach is not standard in the
literature, yields results that are difficult to interpret substantively, and was abandoned in later drafts of [27]. We
focus on results using an unweighted additive index here, and report results using the weighted index in Appendix
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no evidence that Plan Fortaleza reduced the prevalence of these crimes while the intervention

was ongoing. We do, however, find evidence of a statistically significant increase in crime after

the intervention was complete. Relative to control blocks, on average we observe 0.110 more

crimes on treatment blocks and 0.083 more crimes on spillover blocks between November 19 and

December 31, 2019. The former effect is statistically significant at the 95% level, the latter very

nearly so (p = 0.059); together they are weakly jointly significant (F = 2.66). They constitute

substantively significant increases of 93% and 70%, respectively, relative to the control group

mean (0.118 crimes per block after the intervention was complete). Given the number of treatment,

spillover, and control blocks in the sample, in aggregate these point estimates imply 23 more crimes

in the treatment group (distributed across 214 blocks) and 63 more crimes in the spillover group

(distributed across 765 blocks) over the six week period between the end of the intervention and

the end of the year. As we show in Appendix H, these adverse effects are driven in particular by

an increase in robberies.

Table 1 also reports the effects of the program on standardized additive indices of crime

victimization in the endline survey (columns 3 and 4). Respondents were asked if they or anyone

in their household had been the victim of any of 10 crimes in the past six months: vandalism,

armed robbery, burglary, theft, motor vehicle theft, homicide, attempted homicide, gang activity,

domestic violence, and extortion. Respondents were also asked the month in which each crime

occurred, and, for crimes that occurred in November 2019, whether they occurred before or after

the massive nationwide protests that coincided with the end of the intervention. We code dummies

for each crime, then construct standardized indices of crime victimization. We find no evidence

that Plan Fortaleza reduced crime victimization either during or after the intervention. This is

inconsistent with the increase in crime in the administrative data, and may reflect the fact that any

given randomly selected survey respondent is relatively unlikely to have been a victim of crime

in the recent past.13 We consider this and other possible interpretations in further detail in the

H.
13The null effect on crime victimization does not appear to be an artifact of the timing of the endline survey, which

was conducted between two and eight weeks after the date of the last crime in the administrative data. Our results
are substantively similar if we focus on victims’ reports of crimes that occurred between the end of the intervention
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conclusion.

Finally, Table 1 reports the effects of the program on a standardized additive index of crime

witnessing in the endline survey (column 5). Respondents were asked how frequently they had

witnessed each of 15 crimes in the past month. In addition to the 10 crimes listed above, they were

asked about prostitution, illegal drug sales, illegal drug consumption, public alcohol consumption,

and illegal possession of a firearm. Because respondents were asked about crimes witnessed in the

past month, and because the endline survey was conducted in January and February of 2020, we

assume that any crimes they witnessed must have occurred after Plan Fortaleza ended in November

2019. Frequency was measured on a Likert scale from 1 to 4. We use these reports to construct a

standardized additive index of crimes witnessed after the intervention.

Consistent with the increase in crime in the administrative data, we find that Plan Fortaleza

increased reports of witnessing crimes by 0.15 standard deviations on treatment blocks and 0.19

standard deviations on spillover blocks. These are substantively large and highly statistically sig-

nificant effects, and, as we show in Appendix H, they hold across almost all categories of crime in

the index. Also consistent with the increase in crime in the administrative data and the increase in

crime witnessing in the endline survey, in exploratory analyses14 in Tables A.31 and A.32 in the

appendix we show that endline survey respondents on both treatment and spillover blocks were

more likely to report crimes to the police and more likely to observe police officers establishing

a physical presence and making arrests on their blocks. All of these results point to an increase

in crime after the intervention was complete. We explore several possible interpretations of this

finding in the conclusion.

CRIME DISAGGREGATED BY DAY AND TIME

In the aggregate we find no evidence that Plan Fortaleza reduced the prevalence of crime while the

intervention was ongoing. But these nulls may mask variation by day and time. All Plan Fortaleza

patrols occurred on weekday nights. Following our PAP, in Figure 2 we use administrative data

and the end of the year.
14These analyses were not pre-specified in our PAP, and so should be interpreted as exploratory.
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Figure 2: Treatment effects on crime by day and time

All crime

Weekend crime

Weekday crime

Daytime crime

Nighttime crime

-.1 -.05 0 .05 .1

Treatment
Spillover

Notes: ITT on crime during the intervention based on administrative data, disaggregated by day and time. All specifica-
tions include neighborhood fixed effects and block-level controls. Observations are weighted by the inverse probability
of assignment to their realized treatment status. Lines denote 95% confidence intervals.

to distinguish crimes committed when soldiers were physically present on the streets (during the

week and at night) from those committed when soldiers were physically absent (on the weekend

and during the day) while the intervention was ongoing. While we find some suggestive evidence

that the program reduced crime while soldiers were physically present on the streets, the effects are

relatively small and not statistically significant at conventional levels. Compared to control blocks,

we observe 0.038 fewer crimes on spillover blocks on weekdays and 0.017 fewer crimes at night,

though neither effect is statistically significant. These point estimates imply reductions of 36% and

23% relative to their respective control group means (0.107 crimes on weekdays and 0.075 crimes

at night during the intervention). We again find no evidence of reduced crime on treatment blocks

while the intervention was ongoing, even on days and times when soldiers were physically present

on the streets.
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Table 2: Treatment effects on perceptions of safety

Survey data

Perceptions of security

All
safety

Personal
safety

Business
safety

Treatment -0.050 -0.052 0.284∗∗

(0.05) (0.05) (0.12)
Spillover -0.066 -0.068∗ 0.094

(0.04) (0.04) (0.10)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7707 7708 1041
R2 0.09 0.09 0.13
Control mean 0.077 0.078 -0.065

Notes: ITT on perceptions of safety for all respondents (column 1), residents (column 2), and business owners (column
3) based on survey data. All specifications include neighborhood fixed effects and individual- and block-level controls.
Observations are weighted by the inverse probability of assignment to their realized treatment status. Standard errors,
clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

PERCEPTIONS OF SAFETY

Table 2 reports the effects of the intervention on perceptions of safety in our endline survey. We

report results for all respondents together (column 1) and for residents and business owners sepa-

rately (columns 2 and 3, respectively).15 Respondents were asked how safe they feel walking their

blocks during the day and at night; how safe they feel talking on a smartphone on the street; and

how worried they are about becoming victims of crime in the next two weeks. Residents were also

asked about any precautions they had taken for fear of crime in the past month, including avoiding

public transportation, staying home at night, or prohibiting children from playing in the streets or

attending school. Business owners were also asked if they had closed their businesses, changed

their hours, or hired private security guards for fear of crime. We construct standardized additive

indices based on responses to these questions.

15Given that we did not preregister hypotheses regarding business owners specifically, this analysis is more exploratory.
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Our results are mixed. On the one hand, we find no evidence that Plan Fortaleza improved

perceptions of safety among residents. If anything the opposite appears to be true: the treatment

and spillover effects are both negative and similar in magnitude, and the latter effect is (weakly)

statistically significant (column 2)—a reduction of 0.068 standard deviations relative to the con-

trol group.16 On the other hand, we find that the program improved perceptions of safety among

business owners by 0.284 standard deviations on treatment blocks. One possible explanation for

this discrepancy is that business owners were more likely to be physically present during the pa-

trols, and more likely to interact with the patrolling soldiers, who sometimes purchased goods like

food or water from local businesses. Another possible explanation is that business owners were

especially sensitive to threats posed by gangs (e.g. extortion), and thus particularly receptive to

military patrols. These explanations are speculative, however, and overall the effects on perceived

safety are weak.

ABUSES

Table 3 reports the effects of the intervention on physical and verbal abuses committed by the police

(columns 1 and 3) and military (columns 2 and 4) in the monitoring (columns 1 and 2) and endline

surveys (columns 3 and 4). Monitoring survey respondents were asked how many times they had

seen or heard about physical or verbal abuses committed by police officers or soldiers in the past

two weeks; endline survey respondents were asked if they had seen or heard about any abuses in

the past month. We construct counts of abuses using the monitoring survey, and dummies using the

endline survey. While we measured physical and verbal abuses separately, most respondents who

reported one type of abuse also reported the other, and we collapse them for purposes of analysis.

Because the endline survey was conducted in January and February of 2020, we assume

that any abuses reported by endline survey respondents must have occurred after the intervention.

While the monitoring survey continued for roughly a month after the intervention was complete, we

16We do, however, find some evidence of treatment effect heterogeneity among residents. As we show in Table A.24
in the appendix, the program was more likely to improve perceptions of security among residents of blocks with the
highest crime rights at baseline.
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Table 3: Treatment effects on abuses

Monitoring data Survey data

Police
abuse

Military
abuse

Police
abuse

Military
abuse

Treatment 0.034∗∗∗ 0.010∗ 0.011 -0.001
(0.01) (0.01) (0.01) (0.00)

Spillover 0.011 0.001 0.030∗∗ 0.002
(0.01) (0.00) (0.01) (0.00)

Individual-level controls X X X X
Block-level controls X X X X
Neighborhood FE X X X X

Observations 2085 2085 7908 7908
R2 0.05 0.04 0.05 0.01
Control mean 0.015 0.000 0.114 0.012

Notes: ITT on abuses by police (columns 1 and 3) and military (columns 2 and 4) based on monitoring (columns 1
and 2) and survey data (columns 3 and 4). All specifications include neighborhood fixed effects and individual- and
block-level controls. Observations are weighted by the inverse probability of assignment to their realized treatment
status. Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

allow for some degree of telescoping, and assume that any abuses reported by monitoring survey

respondents may have occurred during the intervention. In Appendix I we plot the distribution of

abuses across the two comunas in our sample and probe the robustness of our results to different

approaches to distinguishing abuses that occurred during the intervention from those that occurred

after.

We find some suggestive evidence that Plan Fortaleza increased the prevalence of abuses by

soldiers on treatment blocks during the intervention, though the effects are substantively small and

only weakly statistically significant. Monitoring survey respondents reported 0.01 more incidents

of abuse by soldiers on treatment blocks; this effect is only statistically significant at the 90% level.

We find no evidence of increased abuses by soldiers on spillover blocks. Importantly, reports of

military abuse are exceedingly rare: just 10 out of 2,085 monitoring survey respondents (0.48% of

the sample) reported either verbal or physical abuse by soldiers. In almost all cases, physical and

verbal abuses seem to have occurred in the context of the same incidents.17 Equally importantly,

17One respondent reported physical abuse by soldiers but not verbal abuse, and one reported verbal abuse but not
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none of the 10 monitoring survey respondents who reported an incident of military abuse was

surveyed while the intervention was actually ongoing.18

We find more robust evidence of increased physical and verbal abuses by the police. Com-

pared to control blocks, monitoring survey respondents on treatment blocks reported 0.034 more

incidents of physical or verbal abuse by police officers. Police abuse was more common than mil-

itary abuse, with 72 monitoring survey respondents (3.45% of the sample) reporting at least one

incident of physical or verbal abuse by a police officer. Again, in most of these cases, physical and

verbal abuses appear to have occurred in the context of the same incidents.19 Roughly half of the

monitoring survey respondents who reported police abuse were surveyed while the intervention

was ongoing, and roughly half were surveyed after. With just one exception, all monitoring survey

respondents who reported military abuse reported police abuse as well.

We also find some suggestive evidence that this increase in police abuse persisted over time.

Residents of spillover blocks were 0.03 percentage points more likely to report physical or verbal

abuse by police officers in the endline survey. We find no evidence of increased police abuse

on treatment blocks in the endline survey, and no evidence of increased military abuse on either

treatment or spillover blocks. As in the monitoring survey, military abuse is exceedingly rare in the

endline survey: only 65 out of 7,913 endline survey respondents (0.82% of the sample) reported

an incident of physical abuse by soldiers, and only 58 (0.73% of the sample) reported an incident

of verbal abuse.20 Police abuse is again much more common: 822 endline survey respondents

(10.39% of the sample) reported an incident of physical abuse by police officers, and 740 (9.35%

of the sample) reported an incident of verbal abuse.21

physical abuse. Eight respondents reported both.
18One was surveyed on November 29, 11 days after the end of the intervention; one was surveyed on November 30,

one on December 2, six on December 9, and one on December 10. It is unclear if these abuses were related to Plan
Fortaleza.

1915 respondents reported physical abuse by police officers but not verbal abuse, and 15 reported verbal abuse but not
physical abuse. 42 respondents reported both.

20There is less overlap between these two groups of respondents in the endline survey. 38 endline survey respondents
reported physical abuse but not verbal abuse by soldiers, and 29 reported verbal abuse but not physical abuse. 32
respondents reported both.

21Again, there is less overlap between these two groups of respondents in the endline survey. 301 endline survey
respondents reported physical abuse but not verbal abuse by police officers, and 216 reported verbal abuse but not
physical abuse. 528 respondents reported both.
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In contrast, we find little to no evidence of increased abuses in the Attorney-General’s data

or the detailed firsthand observations of civilian monitors. The monitors recorded only one minor

incident of verbal abuse and no incidents of physical abuse at any time during the intervention.

Only one allegation in the Attorney-General’s data occurred within either of our two study comunas

during the intervention.22 This incident occurred on October 29, at the intersection of two spillover

blocks and approximately 38 meters from the nearest treatment block in comuna 18. The incident

involved a transit police officer who was accused of unfairly restricting a citizen’s freedom of

movement, probably in relation to existing regulations on car and motorcycle traffic in Cali. It

seems unlikely that this incident was related to Plan Fortaleza in any direct way.

Another two allegations of abuse occurred within our two study comunas after the interven-

tion was complete, both involving police officers. Given the nature and timing of the incidents,

it seems similarly unlikely that either was related to Plan Fortaleza.23 Taken together, our results

suggest that the program increased the prevalence of abuses by police officers, though this finding

is somewhat sensitive to data source and specification. To the extent that Plan Fortaleza increased

the prevalence of military abuses, the effect is very small and also sensitive to data source and

specification. We discuss the apparent increase in police abuse in the conclusion.

CONCLUSION

Governments across the developing world increasingly rely on their armed forces for domestic

policing operations. These mano dura interventions are motivated in part by (legitimate) concerns

about persistently high crime rates, and about the ability and willingness of the police to effectively
22Two more allegations occurred near but outside of comuna 20. They were sufficiently far away from the nearest

treatment block—236 meters and 170 meters, respectively—that we believe they were likely unrelated to Plan
Fortaleza.

23The first allegation occurred in comuna 18 on the afternoon of November 21 on a spillover block, 173 meters from
the nearest treatment block. The witness who reported the incident was walking with her husband when two men
ran by. A group of police officers caught the men and—according to the witness—began to beat them, likely in
the process of effecting an arrest. When the witness began filming the incident, the officers allegedly attacked her
and her husband and seized both of their cell phones, presumably to destroy the evidence. The second allegation
occurred on December 6 on a control block in comuna 20, 79 meters from the nearest treatment block, and 33 meters
from the nearest spillover block. This is one of a series of allegations between the same victim and police officer; in
this case the police officer (allegedly) pepper sprayed the victim after the victim (also allegedly) threw rocks at him.
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combat crime. Soldiers may be better equipped to credibly threaten and use overwhelming force

against organized criminal groups. They may also be less susceptible to corruption and abuse. In

much of the Global South, and in Latin America in particular, the public overwhelmingly supports

military involvement in law enforcement [11, 39]. Yet these measures have been adopted with

little to no evidence regarding their efficacy. We evaluate the effects of an especially common

form of military policing—recurring, intensive military patrols targeting crime hot spots—in Cali,

Colombia, one of the world’s most dangerous cities.

Advocates of military policing argue that soldiers are more effective than police officers at

deterring and incapacitating criminals. Our results do not support this claim. To the contrary, we

find that military policing exacerbated crime in Cali after the intervention ended. We observe a

substantively large and statistically significant increase in crime in the six week period following

the end of the intervention. We also observe an increase in respondents’ accounts of witnessing and

reporting crimes to the police in our endline survey, and of observing police officers making arrests

on their blocks. Perhaps relatedly, we find little to no evidence that military policing improved

subjective perceptions of safety among residents.

While we do not observe a corresponding increase in crime victimization in the endline sur-

vey, the probability that any given respondent was a victim of crime is relatively low.24 It is possible

that crime victimization at endline was not sufficiently common, regardless of treatment assign-

ment, for us to detect a statistically significant treatment effect in either direction. This explanation

is speculative, however, and ultimately we cannot be sure. Nonetheless, the preponderance of the

evidence from multiple data sources is consistent with an increase in crime in the months after the

intervention.

What explains these apparently adverse effects of the Plan Fortaleza program? There are

several possible explanations. One is that police officers abandoned treatment and spillover blocks

after the intervention, perhaps because they assumed (incorrectly) that soldiers would take their

place on a more permanent basis. In this case, the adverse effects on crime would not be a result

2412% of endline survey respondents reported being victims of at least one crime in the two to three month period
between the end of the intervention and the endline survey.
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of military policing per se, but rather of police officers’ reactions to the presence of soldiers on

their beats. Our results, however, are not consistent with this explanation. If anything we observe

greater police presence and activity on treatment and spillover blocks after the intervention was

complete. Negligence by police officers cannot explain these patterns in the data.

A second possible explanation is that increased crime in the administrative data is an artifact

of increased crime witnessing and reporting in the endline survey. In Cali, as in most cities, many

crimes go unreported; it is possible that military policing induced heightened vigilance among

civilians (perhaps because they interpreted the military’s presence as a signal that their blocks

were less safe than they previously believed), and that the crimes they witnessed and reported were

subsequently entered into the city’s administrative records when police officers responded to their

complaints. This would help explain why we observe an increase in crime in the administrative

data without a corresponding increase in crime victimization in the endline survey. It would also

suggest that the increase in crime in the administrative data is an illusion, and masks a more

benign—perhaps even beneficial—increase in cooperation between civilians and the police.

While we cannot rule out this explanation conclusively, it is inconsistent with some of our

other results. If increased crime witnessing and reporting in the endline survey explained increased

crime in the administrative data, we would expect to find a close correspondence between the types

of crimes that respondents witnessed in the endline survey and the types of crimes that appeared

in the city’s administrative records. But we do not. Relative to control blocks, endline survey

respondents were much more likely to witness homicides, drug dealing, and illegal possession of

firearms on treatment and spillover blocks. But we find no evidence of an increase in homicides or

drug dealing in the administrative data, and only weak (and not statistically significant) evidence

of an increase in illegal possession of firearms. Heightened vigilance might explain the positive

effect on witnessing these crimes in the survey, but it cannot explain the null effect on these same

crimes in the administrative data.

A third possible explanation is that criminals were not (or were only slightly) deterred by

the military’s presence during the intervention, but were nonetheless emboldened by the military’s
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absence after the intervention was complete. In other words, there may be negligible benefits

to deploying soldiers to crime hot spots, but serious consequences to withdrawing them. This

would distinguish military policing from hot spots policing, which generally deters crime both

during and after implementation, with minimal crime displacement and some diffusion of crime

control benefits [13, 14]. Few studies directly assess the consequences of withdrawing police

presence; the existing evidence is limited and contradictory [40, 41]. While analogies to war

zones and insurgencies should be drawn cautiously, recent research suggests that the withdrawal

of US armed forces from Afghanistan precipitated a rise in violence [42], though evidence on the

effects of drawing down military presence is again limited. Whatever the explanation, the apparent

increase in crime after Plan Fortaleza was complete belies one of the most significant purported

benefits of military policing.

Critics of military involvement in domestic policing operations often argue that soldiers

are more likely than police officers to abuse civilians. Our results suggest this dynamic may be

more complex than critics contend. On the one hand, we find no evidence of increased abuses in

administrative data from the Attorney-General’s Office, or in the firsthand observations of civilian

monitors. On the other hand, we do find evidence of increased abuses in surveys administered to

residents both during and (weakly) after the intervention. But in most cases these abuses appear to

have been perpetrated by police officers rather than soldiers. Under Colombian law, the military

can interrogate and detain suspects, but only the police can make arrests. As we show in Table

A.31 in the appendix, residents were more likely to observe police officers making arrests on both

treatment and spillover blocks, both during and after the intervention, suggesting some degree of

“co-production” of security between the military and the police. In this way, military policing in

Cali may have created additional opportunities for police officers to commit abuse.

Taken together, our findings suggest that the costs of military policing outweigh the benefits.

While Cali’s Plan Fortaleza program had complex and in some cases counterintuitive effects on

both objective and subjective measures of security, on balance our results do not support the claims

of proponents that military policing is necessary to deter crime and mitigate abuses by predatory
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police forces. Military policing interventions like Plan Fortaleza have become increasingly per-

vasive and increasingly popular in recent years, especially in Latin America. Our evaluation,

combined with the similarly disappointing results of several recent observational analyses [5, 25,

26], suggest that this trend is unlikely to improve security in the world’s most dangerous cities.

Policymakers should consider alternative crime reduction strategies that are less likely to produce

unintended adverse effects.
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APPENDIX

A SETTING AND IMPLEMENTATION

Table A.1 illustrates the 12-day rotation schedule used by the Special Forces and Military Police

during the intervention. The purpose of the schedule was to avoid logistical problems by ensuring

that the two units never patrolled the same comuna on the same day. Figures A.1 and A.2 show

screenshots from the Google Maps platform used by civilian monitors to help the soldiers navigate

to treatment blocks and record the soldiers’ activities. Table A.2 provides descriptive statistics

on the soldiers’ activities while on patrol based on the monitors’ reports. Figure A.5 plots the

distribution of homicides across the 22 comunas in Cali based on administrative data for 2019.

B RANDOMIZATION

We stratified by neighborhood, then randomized such that approximately 1/6 of all blocks in each

neighborhood were assigned to treatment. We assigned to the spillover group any block that was

adjacent to at least one treatment block, but was not itself assigned to treatment. To classify

spillover blocks, we first geocoded all points on all blocks in the sample. We then identified all

blocks with at least one point that fell within 25 meters of at least one point on another block. We

defined these as adjacent blocks. If one block was assigned to treatment, then all adjacent blocks

that were not also assigned to treatment were assigned to spillover. This approach excludes from

the spillover group any blocks separated from an adjacent treatment block by a park, highway, or

some other barrier. Figures A.3 and A.4 map the blocks in our sample by treatment assignment.

C POWER CALCULATIONS

We used administrative crime data from the first six months of 2019 to simulate minimum de-

tectable effects (MDEs). We first bootstraped different randomization procedures 1,500 times
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each. Within each replication we simulated the intention-to-treat effect (ITT), knowing that the

true ITT was 0. For simplicity we focused on estimating the ITT on an unweighted additive index

of homicides and robberies on each block in our sample. We focused on these two crimes because

they were the only ones for which we had complete, georeferenced administrative data before reg-

istering our pre-analysis plan. We also simulated spillover effects, knowing that the true spillover

effect was 0 as well.

We estimated the ITT using a weighted least squares regression given by

yjk = θtjk + λsjk + βXjk + αk + εjk

where yjk denotes crime on block j in neighborhood k; tjk denotes assignment to treatment; sjk

denotes assignment to spillover; αk denotes neighborhood fixed effects; and εj is a block-level

error term. Observations were weighted by the inverse probability of assignment to their realized

treatment status in each replication.

We then calculated the standard deviation of these simulated ITTs. To estimate our MDEs,

we simply multiplied the standard deviation of the simulated effects by 2.49 for a two-tailed test.

We did not adjust for covariates when simulating MDEs. We repeated this exercise for different

ratios of treatment to control and treatment to spillover blocks. When assigning 1/6 of all blocks

in each neighborhood to treatment, we are powered to detect ITTs of approximately 0.25 standard

deviations relative to the control group. We are powered to detect spillover effects of approximately

0.20 standard deviations when comparing our spillover group to control. We would have gained

little to no power for estimating treatment or spillover effects by increasing the proportion of blocks

assigned to treatment above 1/6.

D BALANCE TESTS

Tables A.3 and A.4 report balance tests using our administrative crime data and endline survey

data, respectively.
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E SPILLOVER

In the paper we assume that spillover can only occur from treated blocks to adjacent untreated

blocks. Here we relax this assumption in three ways. First, we assume that treatment effects

become weaker as a linear function of distance to the nearest treated block. We estimate

yijk = θtjk + λ
∑J

j=1 f(djk) + βXjk + δZijk + αk + εijk

where f(djk) is a linear decay function with a standardized distribution and f(djk) =
1

djk
. This

function is a weighted sum of distances to all treated blocks, where t indicates treated blocks. We

calculate the distance, d, to all treated blocks;
1

d
for each block; sum the distances to all treated

blocks for each block; and standardize the resulting variable. The quantity of interest represents

the expected increase (or decrease) in crime as a given block is closer by one standard deviation to

the nearest treated block.

Second, we instead assume that treatment effects become weaker as an exponential function

of distance to the nearest treated block. We estimate

yijk = θtjk + λ
∑J

j=1 g(djk) + βXjk + δZijk + αk + εijk,

where g(djk) is a spatial decay function with a standardized distribution and g(djk) =
1

edjk
. We

calculate the distance, d, to all treated blocks;
1

ed
for each block; sum the distances to all treated

blocks for each block; and then standardize the resulting variable. The quantity of interest repre-

sents the expected increase (or decrease) in crime as a given block is closer by one exponentiated

standard deviation to the nearest treated block.

Finally, we assume that the strength of the treatment effect on any given treated block is a

function of the proportion of adjacent blocks that are also treated. We then reestimate our models

using this proportion as the independent variable of interest, restricting our sample to the treatment

group only. All analyses include block-level controls and neighborhood fixed effects; all estimates

are weighted by the inverse probability of assignment to each block’s realized treatment status.
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As we show in Table A.5, we find little evidence of these more complex spillover dynamics at

work. The coefficients on the linear and exponential decay variables are negative when we focus

on crimes committed after the intervention was complete, but they are only weakly statistically

significant at conventional levels.

F DEVIATIONS FROM PAP

In our PAP we proposed to test the ITT of the Plan Fortaleza program on both weighted and

unweighted indices of crime in the administrative data, with weights corresponding to the average

prison sentence associated with each crime under Colombian law. In our PAP we proposed to use

the weighted index in our main specifications; in the paper we instead use the unweighted index in

our main specifications, and report results using the weighted index in Section H below. Based on

feedback from criminologists, we determined that our approach to weighting is not standard in the

literature, and yields results that are difficult to interpret substantively.

In our PAP we proposed to collect administrative crime data on homicide, assault, theft, car

theft, and motorcycle theft. We were in fact able to collect administrative crime data on homicide,

robbery (including armed robbery and all types of theft), illegal drug sales, and illegal possession

of weapons. To avoid discarding potentially useful data, we include all of these crimes in our index.

In our PAP we also proposed to test the ITT of the program on arrests based on administrative data.

Unfortunately we were unable to obtain data on arrests from the government of Cali, so we drop

this analysis here.

In our PAP we proposed to compute Lee bounds to estimate the sensitivity of our results to

attrition in the endline survey. Because attrition was so minimal, the Lee bounds are not infor-

mative, and we omit them here. We also proposed to estimate more complex spillover dynamics

using a marginalized individualistic response function, following ?. We decided to drop this anal-

ysis because the procedure is relatively new and untested. Finally, in our PAP we posited several

additional hypotheses related to perceptions of the police and military, political beliefs, and voting
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behavior. For compactness we focus in this paper on crime, perceptions of safety, and abuses, as

these are the outcomes of most urgent concern to both proponents and detractors of military polic-

ing. We report treatment effects on perceptions, political beliefs, and voting behavior in a separate

paper.

G MULTIPLE COMPARISONS

In the paper we use indexing to reduce the number of hypotheses we test. Here we replicate

all analyses and report the Benjamini-Hochberg q-value and Holm-Bonferroni threshold for our

treatment and spillover indicators. Following [43], the Benjamini-Hochberg q-value is the smallest

false discovery rate at which the null hypothesis will be rejected. The Holm-Bonferroni threshold

is the adjusted p-value threshold below which the null hypothesis will be rejected at significance

level α = 0.05.

We apply each correction within (but not across) “families” of outcome. Tables A.6 and A.7,

for example, amount to a test of the hypothesis that Plan Fortaleza affected crime at all, across all

of our various proxies for crime. For each table we produce a “stringent” and “lenient” version

of the multiple comparisons correction: the “stringent” version assumes that for each model we

test two hypotheses—one corresponding to treatment effects and the other to spillover effects—

while the “lenient” version assumes that for each model we test one combined hypothesis that the

program had any effect on the outcome.

H CRIME

H.1 WEIGHTED STANDARDIZED CRIME INDICES

Table A.12 reports the ITT of the Plan Fortaleza program on weighted standardized indices of

crimes committed during (column 1) and after (column 2) the intervention using administrative

data. Crimes are weighted by the average prison sentence under Colombian law. Figure A.6

6



distinguishes crimes committed when soldiers were physically present on the streets (during the

week and at night) from those committed when soldiers were physically absent (on the weekend

and during the day) during the months when the intervention was ongoing.

H.2 VIOLENT AND NON-VIOLENT CRIME INDICES

Table A.13 reports the ITT of the Plan Fortaleza program on indices of violent and non-violent

crimes committed during (columns 1 and 2) and after (columns 3 and 4) the intervention using ad-

ministrative data. Table A.14 reports the ITT on standardized indices of violent crime victimization

and witnessing in the survey; Table A.15 reports the ITT on standardized indices of non-violent

crime victimization and witnessing.

H.3 CRIME DISAGGREGATED BY TYPE

Tables A.16 reports the ITT of the Plan Fortaleza program on specific categories of crime in

the administrative data. Tables A.17 and A.18 report the ITT on specific catetogries of crime

victimization and witnessing, respectively, in the survey.

I ABUSES

I.1 ABUSES IN ADMINISTRATIVE DATA

Figure A.7 shows the distribution of alleged abuses committed by soldiers and police officers

across the city of Cali, as reported by victims and witnesses to the Office of the Attorney-General.

Red markers denote allegations from the period during the intervention, and blue markers denote

allegations from the period after. In some cases complaints were lodged days or weeks after the

alleged abuse occurred. In these cases we distinguish the period during the intervention from the

period after using the date the abuse was alleged to have occurred, rather than the date the report

was filed. Figures A.8 and A.9 focus on the two comunas in our sample. Green denotes treatment
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blocks, yellow spillover blocks, and red control blocks.

I.2 ABUSES IN MONITORING SURVEY DATA

Figures A.10 through A.17 plot the distribution of abuses committed by soldiers and police officers

across the two comunas in our sample, as reported by monitoring survey respondents. While

the monitoring survey continued for roughly one month after the intervention was complete, we

allow for some degree of telescoping, and assume that any abuses reported by monitoring survey

respondents may have occurred during the intervention, regardless of when those respondents were

surveyed.

I.3 ABUSES IN MONITORING SURVEY DISAGGREGATED BY PERIOD

Tables A.19 and A.20 replicate our results in columns 1 and 2 of Table 3 using two different

approaches to defining the period during and after the intervention. In Table A.19 we assume that

any abuses reported by respondents who were surveyed before November 19, 2019 (the day the

intervention ended) occurred during the intervention, and that any abuses reported by respondents

who were surveyed after November 19 occurred after the intervention. This may be misleading,

however, because respondents were asked to report on abuses that they witnessed or heard about

in the two weeks prior to being surveyed. As an additional robustness check, in Table A.20 we

assume that any abuses reported by respondents who were surveyed before December 2 (two weeks

after the end of the intervention) occurred during the intervention, and that any abuses reported by

respondents who were surveyed after December 2 occurred after the intervention.

J HETEROGENEOUS TREATMENT EFFECTS

Table A.21 reports heterogeneous treatment effects on crime in the administrative data and crime

victimization and witnessing in the endline survey by prior crime rate. To operationalize prior

crime rate, we construct an additive index of crimes committed on each block between January 1,
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2019 and the start of the intervention on September 30, 2019 based on administrative data. Table

A.23 reports heterogeneous treatment effects on crime victimization and witnessing by gender.

(Since crime is operationalized at the block level and gender is operationalized at the individual

level, we do not test for heterogeneous treatment effects on crime in the administrative data by

gender in the survey.) Tables A.24 and A.26 report heterogeneous treatment effects on perceptions

of security by prior crime rate in the administrative data and gender, respectively. Tables A.27 and

A.29 report heterogeneous treatment effects on abuses by prior crime rate and gender, respectively.

Table A.22 reports heterogeneous treatment effects on crime victimization and witnessing

by prior crime victimization. To operationalize prior crime victimization, we create a standard-

ized additive index of respondents’ reports of any crimes committed against them or their family

members in August or September 2019 based on the endline survey. Unfortunately we did not ask

about crimes committed prior to August 2019. (Since crime is operationalized at the block level

and prior crime victimization is operationalized at the individual level, we do not test for hetero-

geneous treatment effects on crime in the administrative data by prior crime victimization in the

survey.)

Table A.25 reports heterogeneous treatment effects on perceptions of safety by prior crime

victimization, while Table A.28 reports heterogeneous treatment effects on abuses by prior crime

victimization. We use the same operationalization for crime victimization described above.

K ANCILLARY AND EXPLORATORY ANALYSES

K.1 EXPOSURE TO POLICE AND MILITARY

Table A.30 reports the effect of the Plan Fortaleza program on exposure to the military and the

police in the monitoring and endline surveys. We asked monitoring survey respondents how often

they had seen or heard about the police or military on their block in the prior two weeks (columns

1 and 2). Frequency was measured on a Likert scale from 1 to 4, then standardized. We asked

the same question at endline, although we extended the temporal window from two weeks to one
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month (columns 3 and 4). This question does not measure treatment compliance per se, since

endline survey respondents were surveyed a month or more after the program ended. Testing

the ITT on this measure helps us assess whether soldiers continued patrolling the same treatment

blocks even after the intervention.

K.2 POLICE AND MILITARY ACTIVITIES

Table A.31 reports the ITT of the program on military and police activities. Respondents were

asked how often they had seen or heard about the police or military making arrests on their block

during (columns 1 and 2) and after (columns 7 and 8) the intervention; how often they had seen or

heard about the police (columns 3 and 4) or military (column 9 and 10) checking IDs on their block;

and how often they had seen or heard about the police or military talking with citizens on their

block during (columns 5 and 6) and after (columns 11 and 12) the intervention. The monitoring

survey (columns 1-6) asked respondents whether they had seen or heard about these activities in

the prior two weeks, while the endline survey (columns 7-12) asked respondents whether they had

seen or heard about these activities in the prior month. Frequency was measured on a Likert scale

from 1 to 4.

K.3 COOPERATION WITH POLICE AND MILITARY

Table A.32 reports the effect of the program on cooperation with the authorities in general (column

1), and the police (column 2) and military (column 3) specifically, based on the endline survey. To

measure cooperation, respondents were asked if they had seen or heard of someone contacting the

police or military to alert them to suspicious or criminal activity on the block in the last month,

and if they had seen or heard of someone on the block providing information to the police or

military to assist with a criminal investigation in the last month. We construct standardized indices

of cooperation using responses to these questions.
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Table A.1: 12-day rotation schedule for Special Forces and Military Police

Comuna 18 Comuna 20
Day 1 Special Forces Military Police
Day 2 Military Police Special Forces
Day 3 Special Forces Military Police
Day 4 Military Police Special Forces
Day 5 Special Forces Military Police
Day 6 Military Police Special Forces
Day 7 Military Police Special Forces
Day 8 Special Forces Military Police
Day 9 Military Police Special Forces

Day 10 Special Forces Military Police
Day 11 Military Police Special Forces
Day 12 Special Forces Military Police
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Figure A.1: Screenshot of smartphone user interface with locations of treatment blocks in
comuna 20

Notes: Colors indicate which day a treatment block was assigned to be patrolled.
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Figure A.2: Screenshot of smartphone user interface with information on a single treatment
block

Notes: Information provided to soldiers included latitude and longitude, patrol day, and cross streets for each treatment
block.
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Table A.2: Descriptive statistics on patrols

All blocks

Avg. # of patrols per block 5.06
(5.13)

Avg. length of patrol (min.) 11.14
(4.21)

Avg. # of soldiers per patrol 7.46
(0.54)

Avg. % of patrols on correct block per night 80.26
(0.17)

% of patrols with at least 1 stop and frisk 44.739
% of patrols with at least 1 ID check 7.685
% of patrols with at least 1 drug seizure 7.960
% of patrols with at least 1 arrest 0.183
% of patrols with at least 1 detention 0.091

Notes: Standard deviations in parentheses.
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Figure A.3: Assignment to treatment in comuna 18

Notes: Green denotes treatment blocks, yellow denotes spillover blocks, and red denotes control blocks.
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Figure A.4: Assignment to treatment in comuna 20

Notes: Green denotes treatment blocks, yellow denotes spillover blocks, and red denotes control blocks.
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Figure A.5: Homicides in Cali by comuna using administrative data
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Table A.3: Balance using administrative data

Control Treatment Spillover

Panel A: Index without controls

Crime index 0.002 0.000 -0.002
(0.007) (0.010) (0.004)

Panel B: Components without controls

Homicides -0.019 -0.002 0.021
(0.057) (0.066) (0.042)

Robberies 0.004 -0.001 -0.003
(0.009) (0.011) (0.004)

Drug dealing -0.027 0.077 -0.049
(0.084) (0.100) (0.061)

llegal possession of a firearm -0.086 0.024 0.062
(0.073) (0.126) (0.095)

Panel C: Index with controls

Crime index 0.002 0.001 -0.004
(0.008) (0.010) (0.004)

Number of buildings on block 0.001 -0.000 -0.001
(0.001) (0.001) (0.001)

Area of block -0.000 -0.000 0.000**
(0.000) (0.000) (0.000)

Distance to nearest army battalion (meters) 0.000** -0.000* -0.000
(0.000) (0.000) (0.000)

Distance to nearest police station (meters) 0.000 -0.000 -0.000
(0.000) (0.000) (0.000)

Distance to nearest public transportation hub (meters) -0.000 0.000 -0.000
(0.000) (0.000) (0.000)

Panel D: Components with controls

Homicides -0.023 0.022 0.001
(0.059) (0.068) (0.044)

Robberies 0.004 -0.000 -0.004
(0.009) (0.012) (0.004)

Drug dealing -0.009 0.060 -0.051
(0.088) (0.104) (0.066)

llegal possession of a firearm -0.089 0.022 0.067
(0.070) (0.122) (0.098)

Number of buildings on block 0.001 -0.000 -0.001
(0.001) (0.001) (0.001)

Area of block -0.000 -0.000 0.000**
(0.000) (0.000) (0.000)

Distance to nearest army battalion (meters) 0.000** -0.000* -0.000
(0.000) (0.000) (0.000)

Distance to nearest police station (meters) 0.000 -0.000 -0.000
(0.000) (0.000) (0.000)

Distance to nearest public transportation hub (meters) -0.000 0.000 -0.000
(0.000) (0.000) (0.000)

Observations 1,254 1,254 1,254
Panel A: F-stat on index without controls 0.097 0.000 0.276
Panel B: F-stat on components without controls 0.517 0.164 0.433
Panel C: F-stat on index 0.088 0.014 0.756
Panel C: F-stat on index with controls 1.941* 1.218 1.561
Panel D: F-stat on components 0.545 0.128 0.468
Panel D: F-stat on components with controls 1.633 0.868 1.152

Notes: Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.4: Balance using endline survey data

Control Treatment Spillover

Panel A: Demographic controls

Age -0.00056 0.00092 -0.00035
(0.00052) (0.00066) (0.00041)

Gender 0.00739 -0.00711 -0.00028
(0.01256) (0.01590) (0.00980)

Education (years) 0.00118 -0.00122 0.00003
(0.00200) (0.00273) (0.00170)

Panel B: Demographic and geo controls

Age -0.00010 0.00069 -0.00059
(0.00047) (0.00059) (0.00038)

Gender 0.00602 -0.00648 0.00046
(0.01244) (0.01581) (0.00983)

Education (years) 0.00329* -0.00202 -0.00127
(0.00181) (0.00241) (0.00149)

Number of buildings on block -0.00007 0.00048 -0.00041
(0.00082) (0.00119) (0.00085)

Area of block -0.00000 -0.00001** 0.00001**
(0.00000) (0.00001) (0.00000)

Distance to nearest army battalion (meters) 0.00004** -0.00002 -0.00002
(0.00002) (0.00002) (0.00002)

Distance to nearest police station (meters) -0.00004 0.00001 0.00003
(0.00003) (0.00004) (0.00002)

Distance to nearest public transportation hub (meters) 0.00007** -0.00005 -0.00002
(0.00004) (0.00005) (0.00003)

Observations 7,918 7,918 7,918
Panel A: F -stat on individual-level controls 1.484 1.708 0.462
Panel B: F -stat on block-level controls 2.060 1.680 0.824
Panel B: F -stat on individual- and block-level controls 1.609 1.321 1.867*

Notes: Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.6: Treatment effects on crime, crime victimization, and witnessing crime using le-
nient correction for multiple comparisons

Admin data Survey data

Crime incidence Crime victimization Crime witnessing

During
intervention

After
intervention

During
intervention

After
intervention

After
intervention

Treatment 0.003 0.110∗∗ 0.006 -0.007 0.153∗∗∗

(0.04) (0.05) (0.04) (0.05) (0.05)
Spillover -0.038 0.083∗ 0.026 0.013 0.186∗∗∗

(0.03) (0.04) (0.03) (0.04) (0.04)
Individual controls 7 7 X X X
Neighborhood FE X X X X X
Block-level controls X X X X X

Observations 1167 1167 7845 7845 7837
R2 0.33 0.48 0.03 0.03 0.12
Control mean 0.160 0.160 -0.021 -0.016 -0.119
qval-treatment 0.935 0.073 0.935 0.935 0.017
qval-spillover 0.355 0.147 0.487 0.729 0.001
BH-treatment X X
BH-spillover X
Holm-treatment X
Holm-spillover X

Notes: ITT on crime during (column 1) and after (column 2) the intervention based on administrative data; crime
victimization during (column 3) and after (column 4) the intervention based on survey data; and crime witnessing
after the intervention (column 5) based on survey data. Check marks indicate whether the corresponding coefficient
remains statistically significant after applying the Benjamini-Hochberg or Holm-Bonferroni correction under the le-
nient assumption that each regression tests one hypothesis. All specifications include neighborhood fixed effects and
block-level controls. Models 3-6 also include individual controls. Observations are weighted by the inverse probability
of assignment to their realized treatment status. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.7: Treatment effects on crime, crime victimization, and witnessing crime using strin-
gent correction for multiple comparisons

Admin data Survey data

Crime incidence Crime victimization Crime witnessing

During
intervention

After
intervention

During
intervention

After
intervention

After
intervention

Treatment 0.003 0.110∗∗ 0.006 -0.007 0.153∗∗∗

(0.04) (0.05) (0.04) (0.05) (0.05)
Spillover -0.038 0.083∗ 0.026 0.013 0.186∗∗∗

(0.03) (0.04) (0.03) (0.04) (0.04)
Individual controls 7 7 X X X
Neighborhood FE X X X X X
Block-level controls X X X X X

Observations 1167 1167 7845 7845 7837
R2 0.33 0.48 0.03 0.03 0.12
Control mean 0.160 0.160 -0.021 -0.016 -0.119
qval-treatment 0.935 0.098 0.935 0.935 0.017
qval-spillover 0.425 0.147 0.649 0.935 0.001
BH-treatment X X
BH-spillover X
Holm-treatment X
Holm-spillover X

Notes: ITT on crime during (column 1) and after (column 2) the intervention based on administrative data; crime
victimization during (column 3) and after (column 4) the intervention based on survey data; crime witnessing after the
intervention (column 5) based on survey data. Check marks indicate whether the corresponding coefficient remains
statistically significant after applying the Benjamini-Hochberg or Holm-Bonferroni correction under the stringent
assumption that each regression tests two hypotheses. All specifications include neighborhood fixed effects and block-
level controls. Models 3-6 also include individual controls. Observations are weighted by the inverse probability of
assignment to their realized treatment status. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.8: Treatment effects on perceptions of security using lenient correction for multiple
comparisons

Survey data

Perceptions of security

All
safety

Personal
safety

Business
safety

Treatment -0.050 -0.052 0.284∗∗

(0.05) (0.05) (0.12)
Spillover -0.066 -0.068∗ 0.094

(0.04) (0.04) (0.10)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7707 7708 1041
R2 0.09 0.09 0.13
Control mean 0.077 0.078 -0.065
qval-treatment 0.292 0.292 0.045
qval-spillover 0.151 0.151 0.368
BH-treatment X
BH-spillover
Holm-treatment X
Holm-spillover

Notes: ITT on perceptions of safety for all respondents (column 1), residents (column 2), and business owners (column
3) based on survey data. Check marks indicate whether the corresponding coefficient remains statistically significant
after applying the Benjamini-Hochberg or Holm-Bonferroni correction under the lenient assumption that each regres-
sion tests one hypothesis. All specifications include neighborhood fixed effects and individual- and block-level con-
trols. Observations are weighted by the inverse probability of assignment to their realized treatment status. Standard
errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.9: Treatment effects on perceptions of security using stringent correction for multiple
comparisons

Survey data

Perceptions of security

All
safety

Personal
safety

Business
safety

Treatment -0.050 -0.052 0.284∗∗

(0.05) (0.05) (0.12)
Spillover -0.066 -0.068∗ 0.094

(0.04) (0.04) (0.10)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7707 7708 1041
R2 0.09 0.09 0.13
Control mean 0.077 0.078 -0.065
qval-treatment 0.351 0.351 0.089
qval-spillover 0.201 0.201 0.368
BH-treatment X
BH-spillover
Holm-treatment X
Holm-spillover

Notes: ITT on perceptions of safety for all respondents (column 1), residents (column 2), and business owners (column
3) based on survey data. Check marks indicate whether the corresponding coefficient remains statistically significant
after applying the Benjamini-Hochberg or Holm-Bonferroni correction under the stringent assumption that each re-
gression tests two hypotheses. All specifications include neighborhood fixed effects and individual- and block-level
controls. Observations are weighted by the inverse probability of assignment to their realized treatment status. Stan-
dard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.10: Treatment effects on abuses using lenient correction for multiple comparisons

Monitoring data Survey data

Police
abuse

Military
abuse

Police
abuse

Military
abuse

Treatment 0.034∗∗∗ 0.010∗ 0.011 -0.001
(0.01) (0.01) (0.01) (0.00)

Spillover 0.011 0.001 0.030∗∗ 0.002
(0.01) (0.00) (0.01) (0.00)

Individual-level controls X X X X
Block-level controls X X X X
Neighborhood FE X X X X

Observations 2085 2085 7908 7908
R2 0.05 0.04 0.05 0.01
Control mean 0.015 0.000 0.114 0.012
qval-treatment 0.007 0.128 0.556 0.716
qval-spillover 0.584 0.650 0.044 0.650
BH-treatment X
BH-spillover X
Holm-treatment X
Holm-spillover X

Notes: ITT on abuses by police (columns 1 and 3) and military (columns 2 and 4) based on monitoring (columns 1 and
2) and survey data (columns 3 and 4). Check marks indicate whether the corresponding coefficient remains statistically
significant after applying the Benjamini-Hochberg or Holm-Bonferroni correction under the lenient assumption that
each regression tests one hypothesis. All specifications include neighborhood fixed effects and individual- and block-
level controls. Observations are weighted by the inverse probability of assignment to their realized treatment status.
Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.11: Treatment effects on abuses using stringent correction for multiple comparisons

Monitoring data Survey data

Police
abuse

Military
abuse

Police
abuse

Military
abuse

Treatment 0.034∗∗∗ 0.010∗ 0.011 -0.001
(0.01) (0.01) (0.01) (0.00)

Spillover 0.011 0.001 0.030∗∗ 0.002
(0.01) (0.00) (0.01) (0.00)

Individual-level controls X X X X
Block-level controls X X X X
Neighborhood FE X X X X

Observations 2085 2085 7908 7908
R2 0.05 0.04 0.05 0.01
Control mean 0.015 0.000 0.114 0.012
qval-treatment 0.014 0.170 0.668 0.716
qval-spillover 0.584 0.716 0.044 0.716
BH-treatment X
BH-spillover X
Holm-treatment X
Holm-spillover X

Notes: ITT on abuses by police (columns 1 and 3) and military (columns 2 and 4) based on monitoring (columns 1 and
2) and survey data (columns 3 and 4). Check marks indicate whether the corresponding coefficient remains statistically
significant after applying the Benjamini-Hochberg or Holm-Bonferroni correction under the stringent assumption that
each regression tests two hypotheses. All specifications include neighborhood fixed effects and individual- and block-
level controls. Observations are weighted by the inverse probability of assignment to their realized treatment status.
Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.12: Treatment effects on crime using weighted standardized index

Admin data

Crime index

During
intervention

After
intervention

Treatment -0.028 0.118
(0.08) (0.08)

Spillover -0.080 0.073
(0.07) (0.07)

Individual controls 7 7

Neighborhood FE X X
Block-level controls X X

Observations 1167 1167
R2 0.21 0.26
Control mean 0.089 -0.036

Notes: ITT on weighted standardized indices of crime during (column 1) and after (column 2)
the intervention based on administrative data. Crimes are weighted by the average prison sentence
under Colombian law. All specifications include neighborhood fixed effects and block-level controls.
Observations are weighted by the inverse probability of assignment to their realized treatment status.
Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure A.6: Treatment effects on crime by day and time using weighted standardized index

All crime

Weekend crime

Weekday crime

Daytime crime

Nighttime crime

-.4 -.2 0 .2 .4

Treatment
Spillover

Notes: ITT on weighted standardized indices of crime during the intervention based on administrative data, disaggre-
gated by day and time. Crimes are weighted by the average prison sentence under Colombian law. All specifications
include neighborhood fixed effects and block-level controls. Observations are weighted by the inverse probability of
assignment to their realized treatment status. Lines denote 95% confidence intervals.
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Table A.13: Treatment effects on violent and non-violent crime in admin data

Admin data

During intervention After intervention

Violent
crime

Non-violent
crime

Violent
crime

Non-violent
crime

Treatment 0.043∗ -0.034 0.081∗ 0.032
(0.02) (0.03) (0.05) (0.03)

Spillover 0.004 -0.036 0.042 0.040∗

(0.02) (0.02) (0.04) (0.02)
Individual controls 7 7 7 7

Neighborhood FE X X X X
Block-level controls X X X X

Observations 1167 1167 1167 1167
R2 0.30 0.16 0.30 0.32
Control mean 0.080 0.080 0.102 0.058

Notes: ITT on violent and non-violent crime during (columns 1 and 2) and after (columns 3 and 4)
the intervention based on administrative data. All specifications include neighborhood fixed effects
and block-level controls. Observations are weighted by the inverse probability of assignment to their
realized treatment status. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.14: Treatment effects on violent crime victimization and witnessing in survey data

Survey data

Victim Witness

During
intervention

After
intervention

After
intervention

Treatment -0.016 -0.008 0.146∗∗∗

(0.05) (0.05) (0.05)
Spillover -0.011 0.019 0.172∗∗∗

(0.04) (0.04) (0.04)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7883 7883 7898
R2 0.01 0.02 0.10
Control mean -0.005 -0.009 -0.102

Notes: ITT on violent crime victimization during (columns 1 and 2) and after (columns 3 and 4)
the intervention based on survey data and violent crime witnessing after the intervention (column
5) based on survey data. All specifications include neighborhood fixed effects and individual- and
block-level controls. Observations are weighted by the inverse probability of assignment to their
realized treatment status. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.15: Treatment effects on non-violent crime victimization and witnessing in survey
data

Survey data

Victim Witness

During
intervention

After
intervention

After
intervention

Treatment 0.014 -0.008 0.148∗∗∗

(0.04) (0.04) (0.05)
Spillover 0.041 0.006 0.180∗∗∗

(0.03) (0.04) (0.04)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7865 7865 7840
R2 0.03 0.03 0.11
Control mean -0.024 -0.015 -0.118

Notes: ITT on non-violent crime victimization during (columns 1 and 2) and after (columns 3 and
4) the intervention based on survey data non-violent crime witnessing after the intervention (column
5) based on survey data. All specifications include neighborhood fixed effects and individual- and
block-level controls. Observations are weighted by the inverse probability of assignment to their
realized treatment status. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure A.7: Alleged abuses by state security forces in Cali as reported to Attorney-General’s
Office, September 30, 2019–December 31, 2019
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Figure A.8: Alleged abuses by state security forces in comuna 18 as reported to Attorney-
General’s Office, September 30–November 18, 2019
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Figure A.9: Alleged abuses by state security forces in comuna 20 as reported to Attorney
General’s Office, September 30–November 18, 2019)
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Figure A.10: Military physical abuses in comuna 18 in monitoring survey
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Figure A.11: Military physical abuses in comuna 20 in monitoring survey
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Figure A.12: Military verbal abuses in comuna 18 in monitoring survey
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Figure A.13: Military physical abuses in comuna 20 in monitoring survey
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Figure A.14: Police physical abuses in comuna 18 in monitoring survey
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Figure A.15: Police physical abuses in comuna 20 in monitoring survey
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Figure A.16: Police verbal abuses in comuna 18 in monitoring survey
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Figure A.17: Police verbal abuses in comuna 20 in monitoring survey
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Table A.22: Heterogeneous treatment effects on crime victimization and crime witnessing by
prior crime victimization

Survey data

Crime victimization Crime witnessing

During
intervention

After
intervention

During
intervention

Treatment 0.004 -0.008 0.146∗∗∗

(0.04) (0.05) (0.05)
Spillover 0.025 0.013 0.182∗∗∗

(0.03) (0.04) (0.04)
Prior crime victimization 0.145∗∗∗ 0.057 0.177∗∗∗

(0.04) (0.04) (0.02)
Treatment × Prior crime victimization 0.042 0.078 0.046

(0.08) (0.07) (0.04)
Spillover × Prior crime victimization -0.005 -0.004 -0.052∗

(0.05) (0.05) (0.03)
Individual controls X X X
Neighborhood FE X X X
Block-level controls X X X

Observations 7845 7845 7800
R2 0.05 0.04 0.15
Control mean -0.021 -0.016 -0.119

Notes: HTE by prior crime victimization on crime victimization during (column 1) and after (column 2) the inter-
vention based on survey data; and crime witnessing after the intervention (column 3) based on survey data. All
specifications include neighborhood fixed effects and individual- and block-level controls. Observations are weighted
by the inverse probability of assignment to their realized treatment status. Standard errors are in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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Table A.23: Heterogeneous treatment effects on crime victimization and crime witnessing by
gender

Survey data

Crime victimization Crime witnessing

During
intervention

After
intervention

During
intervention

Treatment -0.045 -0.068 0.144∗

(0.07) (0.08) (0.08)
Spillover 0.029 -0.042 0.134∗∗

(0.06) (0.06) (0.06)
Female -0.042 -0.066 -0.041

(0.06) (0.06) (0.05)
Treatment × Female 0.076 0.092 0.014

(0.08) (0.08) (0.08)
Spillover × Female -0.005 0.082 0.077

(0.07) (0.06) (0.06)
Individual controls X X X
Neighborhood FE X X X
Block-level controls X X X

Observations 7845 7845 7837
R2 0.03 0.03 0.12
Control mean -0.021 -0.016 -0.119

Notes: HTE by gender on crime victimization during (column 1) and after (column 2) the intervention based on survey
data; and crime witnessing after the intervention (column 3) based on survey data. All specifications include neigh-
borhood fixed effects and individual- and block-level controls. Observations are weighted by the inverse probability
of assignment to their realized treatment status. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.24: Heterogeneous treatment effects on perceptions of safety by prior crime rate

Survey data

All
safety

Personal
safety

Business
safety

Treatment -0.112∗∗ -0.114∗∗ 0.217
(0.05) (0.05) (0.14)

Spillover -0.130∗∗∗ -0.133∗∗∗ 0.017
(0.04) (0.04) (0.13)

Prior crime -0.083∗∗∗ -0.083∗∗∗ -0.065
(0.02) (0.02) (0.05)

Treatment × prior crime 0.088∗∗∗ 0.087∗∗∗ 0.061
(0.02) (0.02) (0.05)

Spillover × prior crime 0.092∗∗∗ 0.093∗∗∗ 0.068
(0.03) (0.03) (0.06)

Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7707 7708 1041
R2 0.09 0.09 0.13
Control mean 0.077 0.078 -0.065

Notes: HTE by prior crime rate on perceptions of safety for all respondents (column 1), residents (column 2), and
business owners (column 3) based on survey data. All specifications include neighborhood fixed effects and individual-
and block-level controls. Observations are weighted by the inverse probability of assignment to their realized treatment
status. Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.25: Heterogeneous treatment effects on perceptions of safety by prior crime victim-
ization

Survey data

All
safety

Personal
safety

Business
safety

Treatment -0.040 -0.042 0.308∗∗∗

(0.05) (0.05) (0.11)
Spillover -0.063 -0.065∗ 0.083

(0.04) (0.04) (0.10)
Prior crime victimization -0.144∗∗∗ -0.142∗∗∗ -0.177∗∗∗

(0.03) (0.03) (0.07)
Treatment × Prior crime victimization 0.008 0.004 0.060

(0.04) (0.04) (0.11)
Spillover × Prior crime victimization 0.027 0.025 0.096

(0.04) (0.03) (0.08)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7671 7672 1031
R2 0.11 0.11 0.15
Control mean 0.077 0.078 -0.065

Notes: HTE by prior crime victimization on perceptions of safety for all respondents (column 1), residents (column
2), and business owners (column 3) based on survey data. All specifications include neighborhood fixed effects and
individual- and block-level controls. Observations are weighted by the inverse probability of assignment to their
realized treatment status. Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.26: Heterogeneous treatment effects on perceptions of safety by gender

Survey data

All
safety

Personal
safety

Business
safety

Treatment -0.023 -0.027 0.340∗∗

(0.07) (0.07) (0.17)
Spillover -0.004 -0.006 0.066

(0.06) (0.06) (0.15)
Female -0.166∗∗∗ -0.166∗∗∗ -0.078

(0.06) (0.06) (0.18)
Treatment × female -0.041 -0.038 -0.096

(0.08) (0.08) (0.21)
Spillover × female -0.092 -0.093 0.043

(0.06) (0.06) (0.20)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7707 7708 1041
R2 0.09 0.09 0.13
Control mean 0.077 0.078 -0.065

Notes: HTE by gender on perceptions of safety for all respondents (column 1), residents (column 2), and business
owners (column 3) based on survey data. All specifications include neighborhood fixed effects and individual- and
block-level controls. Observations are weighted by the inverse probability of assignment to their realized treatment
status. Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.27: Heterogeneous treatment effects on abuses by prior crime rate

Monitoring data Survey data

Police
abuse

Military
abuse

Police
abuse

Military
abuse

Treatment 0.032∗∗∗ 0.005 0.013 -0.001
(0.01) (0.00) (0.01) (0.00)

Spillover 0.001 0.001 0.033∗∗ 0.002
(0.01) (0.00) (0.01) (0.00)

Prior crime -0.000 -0.000 -0.000 -0.000
(0.00) (0.00) (0.01) (0.00)

Treatment × prior crime 0.003 0.010 -0.003 -0.000
(0.01) (0.01) (0.01) (0.00)

Spillover × prior crime 0.024∗ 0.001 -0.005 -0.001
(0.01) (0.00) (0.01) (0.00)

Individual-level controls X X X X
Block-level controls X X X X
Neighborhood FE X X X X

Observations 2085 2085 7908 7908
R2 0.05 0.05 0.05 0.01
Control mean 0.015 0.000 0.114 0.012

Notes: HTE by prior crime rate on abuses by police (columns 1 and 3) and military (columns 2 and 4) based on
monitoring (columns 1 and 2) and survey data (columns 3 and 4). All specifications include neighborhood fixed
effects and individual- and block-level controls. Observations are weighted by the inverse probability of assignment
to their realized treatment status. Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, *
p<0.1.
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Table A.28: Heterogeneous treatment effects on abuses by prior crime victimization

Survey data

Police
abuse

Military
abuse

Treatment 0.009 -0.003
(0.01) (0.00)

Spillover 0.030∗∗ 0.002
(0.01) (0.00)

Prior crime victimization 0.025∗∗ 0.006
(0.01) (0.01)

Treatment × Prior crime victimization 0.005 0.004
(0.02) (0.01)

Spillover × Prior crime victimization 0.004 -0.002
(0.01) (0.01)

Individual-level controls X X
Block-level controls X X
Neighborhood FE X X

Observations 7870 7870
R2 0.05 0.02
Control mean 0.114 0.012

Notes: HTE by prior crime victimization on abuses by police (column 1) and military (column 2) based on survey
data. All specifications include neighborhood fixed effects and individual- and block-level controls. Observations
are weighted by the inverse probability of assignment to their realized treatment status. Standard errors, clustered by
block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

57



Table A.29: Heterogeneous treatment effects on abuses by gender

Monitoring data Survey data

Police
abuse

Military
abuse

Police
abuse

Military
abuse

Treatment 0.034∗∗ 0.008 0.009 0.002
(0.02) (0.01) (0.02) (0.01)

Spillover 0.011 0.006 0.035∗ 0.008∗

(0.02) (0.01) (0.02) (0.00)
Female 0.002 0.000 -0.012 0.007

(0.01) (0.00) (0.02) (0.01)
Treatment × Female -0.000 0.003 0.003 -0.006

(0.02) (0.01) (0.03) (0.01)
Spillover × Female 0.000 -0.007 -0.008 -0.009

(0.02) (0.01) (0.02) (0.01)
Individual-level controls X X X X
Block-level controls X X X X
Neighborhood FE X X X X

Observations 2085 2085 7908 7908
R2 0.05 0.04 0.05 0.01
Control mean 0.015 0.000 0.114 0.012

Notes: HTE by gender on abuses by police (columns 1 and 3) and military (columns 2 and 4) based on monitoring
(columns 1 and 2) and survey data (columns 3 and 4). All specifications include neighborhood fixed effects and
individual- and block-level controls. Observations are weighted by the inverse probability of assignment to their
realized treatment status. Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.30: Treatment effects on exposure to police and military

Monitoring data Survey data

During intervention After intervention

Seen on block Seen on block

Police Military Police Military

Treatment 0.025 0.098∗∗∗ 0.044∗∗ 0.023
(0.04) (0.03) (0.02) (0.02)

Spillover 0.027 0.075∗ 0.034∗∗ 0.005
(0.05) (0.04) (0.02) (0.02)

Individual-level controls X X X X
Block-level controls X X X X
Neighborhood FE X X X X

Observations 2085 2085 7908 7908
R2 0.06 0.10 0.04 0.13
Control Mean 0.612 0.257 0.788 0.387

Notes: ITT on exposure to police and military during (columns 1 and 2) and after (columns 3 and 4) the intervention
based on survey data. All specifications include neighborhood fixed effects and individual- and block-level controls.
Observations are weighted by the inverse probability of assignment to their realized treatment status. Standard errors,
clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table A.32: Treatment effects on cooperation with police and military

Survey data

Cooperation with authorities

All Police Military

Treatment 0.086∗∗ 0.080∗ 0.069∗

(0.04) (0.04) (0.04)
Spillover 0.087∗∗ 0.091∗∗ 0.034

(0.03) (0.04) (0.03)
Individual-level controls X X X
Block-level controls X X X
Neighborhood FE X X X

Observations 7824 7847 7866
R2 0.04 0.04 0.02
Control mean -0.052 -0.051 -0.030

Notes: ITT on cooperation with the authorities in general (column 1) and with the police
(column 2) and military (column 3) separately based on survey data. All specifications
include neighborhood fixed effects and individual- and block-level controls. Observations
are weighted by the inverse probability of assignment to their realized treatment status.
Standard errors, clustered by block, are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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