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Abstract

Many communities across the United States have elected reform-minded, progres-

sive prosecutors who seek to reduce the reach and burden of the criminal justice sys-

tem. Such prosecutors have implemented reforms such as scaling back the prosecution

of nonviolent misdemeanors, diverting defendants to treatment programs instead of

punishment, and recommending against cash bail for defendants who might otherwise

be detained pretrial. Such policies are controversial, and many worry that they could

increase crime by reducing deterrent and incapacitation effects. In this paper we use

variation in the timing of when these prosecutors took office, across 35 jurisdictions,

to measure the effect of their policies on reported crime rates. While our estimates

are imprecisely estimated, we find no significant effects of these reforms on local crime

rates.
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1 Introduction

Across the United States, communities are electing reform-minded, progressive prosecutors

to handle criminal cases in their jurisdictions. These prosecutors pledge to enact reforms

such as reducing the use of pretrial detention and limiting prosecution of relatively minor

offenses. The reformers’ argument is that such heavy-handed intervention by the criminal

justice system is unnecessarily disruptive to people’s lives and can actually increase future

criminal activity rather than reduce it. Opponents of such reforms worry that they could

increase crime, by reducing incapacitation and deterrence effects. The net impact is an

empirical question on which we have little evidence so far.

In this paper, we use variation in the timing of when 35 reform-minded prosecutors were

inaugurated in cities and counties across the country as a natural experiment to measure the

effects of their reforms on local crime rates. Overall, we find no significant effects on local

crime rates.

2 Background

The reforms implemented by reform-minded prosecutors are wide-ranging, but typically

include one or more of the following changes:

• Reducing the use of cash bail and/or pretrial detention.

• Declining to prosecute a larger share of misdemeanor offenses.

• Diverting more offenses to probation or treatment instead of prosecution.

There are several ways in which such reforms might affect crime rates. The first is by

reducing current incapacitation effects. Crime could increase if reducing pretrial detention

allows would-be offenders to return to their neighborhoods and commit additional offenses.

Reducing the consequences for committing crime (by reducing the likelihood of pretrial

detention, prosecution, or conviction), might also reduce specific and general deterrence.

This could lead to an increase in criminal activity among those who had previously been

deterred by the threat of sanctions. On the other hand, if the previous consequences for

crime were criminogenic – for instance, if pretrial detention or prosecution or conviction

pushed people toward committing more crime due to financial hardship or other collateral

consequences of criminal justice contact – then reducing those consequences could reduce

crime.1

1Agan, Doleac and Harvey (2021) used the as-if-random assignment of nonviolent misdemeanor cases
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These reforms primarily targeted lower-level offenders – those charged with misdemeanor

and nonviolent offenses. We would therefore expect to see the most direct effects of these

reforms on misdemeanor and nonviolent crime rates. However, it is possible that prosecutor

reforms have broader effects – either because low-level offenders also commit some more

serious crimes, or because the reforms enable prosecutors to devote more time and energy

to convicting and incapacitating serious offenders.

There are thus several channels through which these prosecutors’ reforms might affect

criminal behavior, and these effects could go in opposite directions. In this analysis, we

consider the net effect of these reforms.

Two other papers consider the effects of prosecutor-led reforms, both focusing on specific

prosecutors and specific reforms.

Upon his election, Philadelphia District Attorney (DA) Larry Krasner announced that

his office would no longer seek cash bail for a set of 25 eligible offenses. Ouss and Stevenson

(2020) note that this policy change applied to two-thirds of all cases filed in the city. In

an analysis of this policy’s effects, Ouss and Stevenson (2020) found that moving away

from cash bail for these cases increased the likelihood that defendants were released on

recognizance, but this change had no effect on the likelihood that defendants were detained

pretrial (implying that those who were released would have been able to make bail before

the policy change). They also find that the removal of the monetary incentive to show up

in court had no effect on failure-to-appear rates. So, the primary effect of the policy change

appears to be the reduction in the financial cost of bail to the defendants.

DA Krasner further instructed his office to decline to prosecute most marijuana posses-

sion, retail theft, and prostitution arrests. Ouss and Stevenson (2020) showed that charges

filed for retail theft, in particular, appeared to drop after this policy change.

Suffolk County DA Rachael Rollins implemented a presumption of nonprosecution for

a list of 15 nonviolent misdemeanor offenses. Agan, Doleac and Harvey (2021) found that

after DA Rollins’ inauguration, nonprosecution of nonviolent misdemeanors (on and off the

Rollins list) increased by 15-20% relative to the previous year. They also found that this

change reduced the likelihood that defendants were arrested for another offense in the future

(consistent with the hypothesis that prosecution had a criminogenic effect in marginal cases).

There appeared to be no net effect on reported crime rates.

We build upon this previous work to consider a broader set of reform-minded prosecutors,

across a broad range of jurisdictions. We consider their reforms as a package, and measure

to arraigning prosecutors in Suffolk County, MA, and found that nonprosecution actually reduced future
criminal justice contact, in line with the latter hypothesis that the prosecution of low-level offenses has a
net-criminogenic effect.
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the average effects of these prosecutors on local crime rates.

3 Data

We obtained a list of relevant prosecutors from Fair and Just Prosecution (FJP), a nonprofit

organization that coordinates a network of recently-elected reform-minded prosecutors. We

then requested data on reported crime from each jurisdiction (or the major city in that

jurisdiction), for the years before and after the prosecutor’s inauguration. Our current

analysis sample includes those places from which we were able to obtain the relevant data:

35 of the original 60 prosecutors on FJP’s list.

The 35 jurisdictions and date ranges included in the current analysis are listed in Table

1. The prosecutors’ inauguration dates range from January 2, 2015, through January 12,

2021.

We aggregate the number of crimes reported in each jurisdiction to the month level, for

each of the following categories: homicide, assault, robbery, burglary, theft, vandalism, and

drug crimes. We then divide by the local population and multiply by 10,000 to generate

reported crimes per 10,000 residents. In our analysis, we use the natural log of the crime

rate as the outcome measure of interest, as effects of prosecutors’ policies are likely nonlinear

in crime rates themselves. We add one to the number of crimes before dividing by the

population, to avoid dropping months in which 0 crimes were reported. With the log of the

crime rate on the left hand side, we interpret effects as percent (rather than level) changes

in the crime rates.

The final analysis dataset is an unbalanced panel that includes 35 places (cities or coun-

ties) from January 2014 through August 2021. Observations are at the place-month level,

and our analysis sample contains 1,992 observations for most crime types. (Some places did

not provide data on all crime categories.2)

Summary statistics are reported in Table 2. Places range from small (Costilla County,

CO; Pittsfield, MA; Golden, CO; and Charlottesville, VA) to medium (Denver, CO; Westch-

ester County, NY; DeKalb County, GA; and Baltimore, MD) to large (Chicago, IL; Dallas,

TX; Fort Lauderdale, FL; and Los Angeles, CA). They are located in 15 states (including

the District of Columbia).

On average, places in our sample record 0.1 homicide per 10,000 residents in a month,

5.72 assaults, 1.19 robberies, 2.58 burglaries, 10.1 thefts, 3.25 incidents of vandalism, and

2Robbery rates are not available for Tucson. Burglary rates are not available for Upper Marlboro.
Vandalism rates are not available for Augusta, Baltimore, Chatham, DeKalb, Fort Bend, Golden, St. Louis
County, St. Louis City, and Tucson. Drug crime rates are not available for Augusta, Baltimore, Fort Bend,
Golden, St. Louis County, Tucson, and Upper Marlboro.
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2.61 drug offenses. However, baseline crime rates range quite a bit across this diverse set of

jurisdictions.

4 Empirical Strategy

We use elected prosecutors’ inauguration dates as shocks to local prosecution policies. If

those prosecutors’ reforms affect local crime rates, then we should see a change in crime

trends relative to trends in other places, beginning soon after the prosecutors took office.

Because the types of places that elect reform-minded prosecutors are likely different from

those that do not, we restrict attention to the sample of counties that elect a reform-minded

prosecutor at some point during the sample period.

In recent years there has been substantial econometric innovation in this space, noting

that traditional two-way-fixed-effect estimators (simply using place and time fixed effects to

isolate the effect of policy changes) can generate misleading estimates. Intuitively, this is

because such estimates are a weighted average of comparisons of treated places with places

that were treated in the past, places that are treated in the future, and places that are

never treated. Comparing treated places with places that were treated in the past can be

particularly problematic.

We use the procedure developed by Callaway and Sant’Anna (2021) to compare groups

of treated places with other places that are not yet treated. Specifically, we use the csdid

package in Stata to generate group-time average treatment effect estimates for each set of

places where a reform-minded prosecutor took office in the same month. We then aggregate

those estimates using a simple average to estimate the Average Treatment effect on the

Treated (ATT).

This procedure estimates the following event study equations, for each group of treated

places:

yj,t =
i=n∑
i=−n

βtI(t− t∗m = i) + γt + δj + εj,t (1)

where j is a jurisdiction and t is month-of-sample. The outcome measure, yj,t, is the natural

log of the local crime rate (reported crimes per 10,000 residents). γt are month-of-sample

fixed effects, and δj are place fixed effects. These absorb baseline variation in crime rates

across places, and crime-rate shocks that are common across places over time.

The identifying assumption underlying this approach is that crime rates in treated places

and not-yet treated places would have evolved similarly, in the absence of the treatment.

If a prosecutor’s inauguration (and their policy changes) coincided with other local events

that independently affect criminal behavior (such as a change in police activity), this would
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confound our estimates.

5 Results

Figures A1-A7 are event-study graphs showing estimated effects for 12 months before and

24 months after a reform-minded prosecutor took office. The graphs show estimates for all

places combined (with the inauguration months centered at zero). In general, pre-trends

look flat relative to places that are treated later, giving confidence that the inauguration

of these prosecutors did not follow local increases or decreases in reported crime. After the

inauguration month, trends continue to look flat, with two exceptions: it appears that rates

of vandalism and drug crimes (both misdemeanor offenses) begin to increase about one year

after inauguration.

Regression results are in Table 3. We do not find statistically significant effects on any

type of crime, and results are imprecisely estimated. While the plots described above suggest

little change in serious offense types, we cannot rule out large increases or decreases in any

particular type of crime.

6 Robustness

Tables A1-A7 show the results for each crime type, dropping places from one state at a time.

This is intended to show the sensitivity of our main results to the inclusion of particular

places. It can also be interpreted as a purely exploratory analysis that may reveal useful

heterogeneity in policy effects. Note that particular places should not be dropped from the

analysis unless there is a principled reason to do so.

Unless otherwise noted, all estimates remain statistically insignificant.

For homicide, dropping CA, CO or TX makes the coefficient a bit larger and negative,

implying that effects in these states were more positive than average, thus pulling the main

estimate upward. Dropping IL, MO, NC, or VA makes the coefficient larger and more

positive, implying that effects in those states were more negative than average, thus pulling

the main estimate downward. Estimated effects on homicide range from a 6.2% decrease

(dropping CO) to a 5.1% increase (dropping IL).

For assault, dropping GA or VA flips the sign of our estimate, making it negative. The

estimate without VA is marginally significant. Dropping CA, FL, or TX makes the estimate

larger and more positive. Estimated effects on assault range from a 9.0% decrease (p < 0.10,

dropping VA) to an 8.3% increase (dropping TX).
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For robbery, dropping CO, GA, MD, MI, or TX, flips the sign of our estimate, making it

negative. Dropping MA, NC, or VA makes the estimate larger and more positive. Estimated

effects on robbery range from a 1.0% decrease (dropping TX) to a 6.2% increase (dropping

MA or VA).

For burglary, dropping CO, MO, or VA makes the estimate smaller but still positive.

Dropping MA or TX makes the estimate larger and more positive. Estimated effects on

burglary range from a 3.9% increase (dropping VA) to a 15.4% increase (dropping MA).

For theft, dropping CO or FL makes the estimate larger and more negative. Dropping

CA, TX, or VA pushes the estimate meaningfully upward, flipping the sign. Estimated

effects on theft range from a 3.7% decrease (dropping CO) to a 2.1% increase (dropping

VA).

For vandalism, dropping CA or MA flips the sign, making the estimate negative. Drop-

ping TX or VA makes the estimate substantially larger and more positive. Estimated effects

on vandalism range from a 3.5% decrease (dropping CA) to a 10.0% increase (dropping TX).

For drug crimes, dropping CO or IL makes the estimate smaller but still positive. Drop-

ping CA, FL, or VA makes the estimate larger. Estimated effects on drug offenses range

from a 7.7% increase (dropping IL) to a 24.2% increase (dropping CA).

7 Discussion

In this paper we present early evidence on the effect of prosecutor-led reforms on local crime

rates. We include 35 jurisdictions that elected a progressive prosecutor over the past decade,

and find no significant effects of these prosecutors on serious crimes, including homicide. We

find some suggestive evidence of recent increases in minor offenses such as vandalism and

drug offenses. However, those offenses may be particularly sensitive to changes in reporting

(they are often reported “on view” by police, rather than by local residents). We hope that

these results inform ongoing conversations about how recent prosecutor-led reforms have

affected public safety.
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Table 1: Analysis Sample

Elected Prosecutor Data
Name Jurisdiction State Inauguration date Source Date range

Karl Racine Washington DC January 2, 2015 Washington, DC Jan 2014 - Dec 2020
Tori Verber Salazar San Joaquin County CA January 5, 2015 San Joaquin County, CA Jan 2014 - Jun 2021

Marilyn Mosby Baltimore City MD January 8, 2015 Baltimore, MD Jan 2014 - Mar 2021
Kim Foxx Cook County IL December 1, 2016 Chicago, IL Jan 2014 - Mar 2021

Sherry Boston DeKalb County GA December 19, 2016 DeKalb County, GA Jan 2016 - Jun 2021
Kim Gardner City of St Louis MO January 6, 2017 St Louis, MO Jan 2015 - Dec 2020
Beth McCann Second Judicial District CO January 10, 2017 Denver, CO Jan 2016 - Mar 2021
Mark Gonzalez Nueces County TX January 12, 2017 Nueces County, TX Jan 2015 - Jun 2021
Sarah George Chittenden County VA January 20, 2017 Chittenden County, VT Jan 2014 - Feb 2021
Diana Becton Contra Costa County CA September 17, 2017 Contra Costa County, CA Jan 2016 - Apr 2021
Larry Krasner Philadelphia PA January 2, 2018 Philadelphia, PA Jan 2016 - Mar 2021

Michael Dougherty 20th Judicial District CO March 1, 2018 Boulder County, CO Mar 2016 - Jun 2020
Joe Gonzales Bexar County TX January 1, 2019 Bexar County, TX Jan 2017 - Jun 2021

Satana Deberry Durham County NC January 1, 2019 Durham County, NC Oct 2018 - Dec 2020
John Creuzot Dallas County TX January 1, 2019 Dallas, TX Jun 2014 - Mar 2021

Brian Middleton Fort Bend County TX January 1, 2019 Fort Bend County, TX May 2017 - Mar 2021
Wesley Ball St Louis County MO January 1, 2019 St Louis County, MO Dec 2017 - Dec 2020

Rachael Rollins Suffolk County MA January 2, 2019 Boston, MA Jul 2015 - Oct 2020
Andrea Harrington Berkshire County MA January 2, 2019 Pittsfield, MA Jan 2017 - Mar 2021

Aisha Braveboy Prince George’s County MD January 7, 2019 Upper Marlboro, MD Feb 2017 - Mar 2021
Parisa Dehghani-Tafti Arlington County & City of Falls Church VA December 16, 2019 Arlington, VA Jan 2015 - Jun 2021

Steve Descano Fairfax County VA December 16, 2019 Fairfax County, VA Jan 2018 - May 2021
Jim Hingeley Albemarle County VA December 17, 2019 Charlottesville, VA May 2016 - Mar 2021

Laura Conover Pima County AZ January 2, 2020 Tucson, AZ Jan 2018 - Mar 2021
Chesa Boudin City & County of San Francisco CA January 8, 2020 San Francisco, CA Jan 2018 - Jun 2021
George Gascon Los Angeles County CA December 7, 2020 Los Angeles, CA Jan 2018 - May 2021
Jared Williams Augusta GA December 28, 2020 Richmond County, GA Jan 2019 - Jun 2021

Jose Garza Travis County TX January 1, 2021 Travis County, TX Jan 2018 - Jun 2021
Karen McDonald Oakland County MI January 1, 2021 Oakland County, MI Jan 2019 - Jul 2021

Shalena Cook Jones Chatham County GA January 4, 2021 Chatham County, GA Feb 2018 - Jun 2021
Mimi Rocah Westchester County NY January 4, 2021 Westchester County, NY Jan 2019 - Jul 2021
Harold Pryor 17th Judicial Circuit FL January 5, 2021 Fort Lauderdale, FL Jan 2015 - Feb 2021

Monique Worrell 9th Judicial Circuit FL January 10, 2021 Orlando, FL Jan 2019 - Aug 2021
Alexis King First Judicial District CO January 12, 2021 Golden, CO Oct 2019 - Apr 2021

Alonzo Payne 12th Judicial District CO January 12, 2021 Costilla County, CO Sep 2020 - Jul 2021
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Table 2: Summary statistics

N Mean SD Min Max
Population 1,992 1,250,223 1,792,309 671 10,073,906
Offenses reported per 10,000 residents
Homicide rate 1,922 0.107 0.241 0 5.607
Assault rate 1,922 5.716 6.561 0 29.24
Robbery rate 1,883 1.193 1.770 0 9.789
Burglary rate 1,872 2.577 3.141 0 29.24
Theft rate 1,922 10.12 12.62 0 234.8
Vandalism rate 1,485 3.249 3.870 0 43.17
Drug crime rate 1,615 2.609 3.633 0 53.74

Notes: Sample is an unbalanced panel from January 2014 through August 2021. Data on
reported crime were obtained directly from local jurisdictions. Robbery rates are not

available for Tucson. Burglary rates are not available for Upper Marlboro. Vandalism rates
are not available for Augusta, Baltimore, Chatham, DeKalb, Fort Bend, Golden, St. Louis

County, St. Louis City, and Tucson. Drug crime rates are not available for Augusta,
Baltimore, Fort Bend, Golden, St. Louis County, Tucson, and Upper Marlboro.
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Table 3: Effect of reform-minded prosecutors on reported crime

Homicide Assault Robbery Burglary Theft Vandalism Drugs

Outcome: Ln(crime rate)
Prosecutor 0.007 0.025 0.016 0.117 -0.008 0.028 0.124

(0.084) (0.107) (0.104) (0.085) (0.050) (0.092) (0.148)
Observations 1,923 1,923 1,884 1,873 1,923 1,485 1,614

Notes: Coefficients show the percent change in local reported crime rates after a reform-minded prosecutor takes office. We us
the csdid Stata package to compute a Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per 10,000 residents (where 1 is added

to the number of crimes to avoid dropping zeros). Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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A Additional results

Figure A1: Homicide

Notes: Event study of the effect of prosecutors’ inauguration on homicide rates, by month.
Time 0 is the inauguration month. Figure generated by the csdid Stata package, using the

event option.
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Figure A2: Assault

Notes: Event study of the effect of prosecutors’ inauguration on assault rates, by month.
Time 0 is the inauguration month. Figure generated by the csdid Stata package, using the

event option.
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Figure A3: Robbery

Notes: Event study of the effect of prosecutors’ inauguration on robbery rates, by month.
Time 0 is the inauguration month. Figure generated by the csdid Stata package, using the

event option.
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Figure A4: Burglary

Notes: Event study of the effect of prosecutors’ inauguration on burglary rates, by month.
Time 0 is the inauguration month. Figure generated by the csdid Stata package, using the

event option.
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Figure A5: Theft

Notes: Event study of the effect of prosecutors’ inauguration on theft rates, by month.
Time 0 is the inauguration month. Figure generated by the csdid Stata package, using the

event option.
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Figure A6: Vandalism

Notes: Event study of the effect of prosecutors’ inauguration on vandalism rates, by month.
Time 0 is the inauguration month. Figure generated by the csdid Stata package, using the

event option.
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Figure A7: Drug crimes

Notes: Event study of the effect of prosecutors’ inauguration on drug offense rates, by
month. Time 0 is the inauguration month. Figure generated by the csdid Stata package,

using the event option.
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Table A1: Effect on homicide rates, dropping one state at a time

Drop Drop Drop Drop Drop
AZ CA CO DC FL

Prosecutor 0.000 -0.011 -0.062 0.007 0.008
(0.086) (0.093) (0.080) (0.084) (0.077)

Observations 1,884 1,686 1,767 1,923 1,817

Drop Drop Drop Drop Drop
GA IL MA MD MI

Prosecutor 0.010 0.051 0.003 -0.001 0.006
(0.091) (0.077) (0.090) (0.089) (0.084)

Observations 1,786 1,836 1,808 1,786 1,892

Drop Drop Drop Drop Drop
MO NC PA TX VA

Prosecutor 0.035 0.011 0.007 -0.022 0.029
(0.085) (0.086) (0.088) (0.098) (0.093)

Observations 1,814 1,896 1,863 1,620 1,659

Notes: Coefficients show the percent change in local reported crime rates after a
reform-minded prosecutor takes office. We use the csdid Stata package to compute a

Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per

10,000 residents (where 1 is added to the number of crimes to avoid dropping zeros).
Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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Table A2: Effect on assault rates, dropping one state at a time

Drop Drop Drop Drop Drop
AZ CA CO DC FL

Prosecutor 0.021 0.052 0.037 0.025 0.061
(0.108) (0.118) (0.115) (0.107) (0.104)

Observations 1,884 1,686 1,767 1,923 1,817

Drop Drop Drop Drop Drop
GA IL MA MD MI

Prosecutor -0.049 0.016 0.042 0.025 0.028
(0.079) (0.112) (0.116) (0.115) (0.107)

Observations 1,786 1,836 1,808 1,786 1,892

Drop Drop Drop Drop Drop
MO NC PA TX VA

Prosecutor 0.016 0.025 0.026 0.083 -0.090*
(0.115) (0.111) (0.112) (0.112) (0.055)

Observations 1,814 1,896 1,863 1,620 1,659

Notes: Coefficients show the percent change in local reported crime rates after a
reform-minded prosecutor takes office. We use the csdid Stata package to compute a

Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per

10,000 residents (where 1 is added to the number of crimes to avoid dropping zeros).
Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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Table A3: Effect on robbery rates, dropping one state at a time

Drop Drop Drop Drop Drop
AZ CA CO DC FL

Prosecutor 0.016 0.020 -0.003 0.016 0.003
(0.104) (0.121) (0113) (0.104) (0.111)

Observations 1,884 1,647 1,728 1,884 1,778

Drop Drop Drop Drop Drop
GA IL MA MD MI

Prosecutor -0.008 0.017 0.062 -0.009 0.014
(0.110) (0.110) (0.098) (0.111) (0.103)

Observations 1,747 1,797 1,769 1,747 1,853

Drop Drop Drop Drop Drop
MO NC PA TX VA

Prosecutor -0.001 0.030 0.014 -0.010 0.062
(0.111) (0.105) (0.107) (0.098) (0.111)

Observations 1,775 1,857 1,824 1,581 1,620

Notes: Coefficients show the percent change in local reported crime rates after a
reform-minded prosecutor takes office. We use the csdid Stata package to compute a

Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per

10,000 residents (where 1 is added to the number of crimes to avoid dropping zeros).
Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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Table A4: Effect on burglary rates, dropping one state at a time

Drop Drop Drop Drop Drop
AZ CA CO DC FL

Prosecutor 0.117 0.122 0.094 0.117 0.114
(0.087) (0.096) (0.094) (0.085) (0.092)

Observations 1,834 1,636 1,717 1,873 1,767

Drop Drop Drop Drop Drop
GA IL MA MD MI

Prosecutor 0.128 0.124 0.154 0.122 0.117
(0.085) (0.086) (0.091) (0.089) (0.085)

Observations 1,736 1,786 1,758 1,786 1,842

Drop Drop Drop Drop Drop
MO NC PA TX VA

Prosecutor 0.089 0.127 0.113 0.143 0.039
(0.088) (0.088) (0.089) (0.088) (0.073)

Observations 1,764 1,846 1,813 1,570 1,609

Notes: Coefficients show the percent change in local reported crime rates after a
reform-minded prosecutor takes office. We use the csdid Stata package to compute a

Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per

10,000 residents (where 1 is added to the number of crimes to avoid dropping zeros).
Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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Table A5: Effect on theft rates, dropping one state at a time

Drop Drop Drop Drop Drop
AZ CA CO DC FL

Prosecutor -0.006 0.020 -0.037 -0.008 -0.025
(0.050) (0.044) (0.046) (0.050) (0.049)

Observations 1,884 1,686 1,767 1,923 1,817

Drop Drop Drop Drop Drop
GA IL MA MD MI

Prosecutor 0.004 -0.010 -0.008 -0.014 -0.010
(0.052) (0.052) (0.056) (0.053) (0.050)

Observations 1,786 1,836 1,808 1,786 1,892

Drop Drop Drop Drop Drop
MO NC PA TX VA

Prosecutor -0.016 -0.013 -0.009 0.013 0.021
(0.054) (0.051) (0.051) (0.050) (0.044)

Observations 1,814 1,896 1,863 1,620 1,659

Notes: Coefficients show the percent change in local reported crime rates after a
reform-minded prosecutor takes office. We use the csdid Stata package to compute a

Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per

10,000 residents (where 1 is added to the number of crimes to avoid dropping zeros).
Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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Table A6: Effect on vandalism rates, dropping one state at a time

Drop Drop Drop Drop Drop
AZ CA CO DC FL

Prosecutor 0.028 -0.035 0.036 0.028 0.022
(0.092) (0.098) (0.109) (0.092) (0.096)

Observations 1,485 1,248 1,348 1,485 1,379

Drop Drop Drop Drop Drop
GA IL MA MD MI

Prosecutor 0.028 0.029 -0.001 0.038 0.024
(0.092) (0.101) (0.095) (0.095) (0.094)

Observations 1,485 1,398 1,370 1,435 1,454

Drop Drop Drop Drop Drop
MO NC PA TX VA

Prosecutor 0.028 0.032 0.022 0.100 0.066
(0.092) (0.097) (0.096) (0.075) (0.066)

Observations 1,485 1,458 1,425 1,229 1,221

Notes: Coefficients show the percent change in local reported crime rates after a
reform-minded prosecutor takes office. We use the csdid Stata package to compute a

Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per

10,000 residents (where 1 is added to the number of crimes to avoid dropping zeros).
Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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Table A7: Effect on drug crime rates, dropping one state at a time

Drop Drop Drop Drop Drop
AZ CA CO DC FL

Prosecutor 0.124 0.242 0.097 0.124 0.156
(0.147) (0.156) (0.153) (0.147) (0.170)

Observations 1,614 1,377 1,477 1,614 1,508

Drop Drop Drop Drop Drop
GA IL MA MD MI

Prosecutor 0.127 0.077 0.105 0.124 0.129
(0.160) (0.148) (0.152) (0.147) (0.149)

Observations 1,507 1,527 1,499 1,614 1,583

Drop Drop Drop Drop Drop
MO NC PA TX VA

Prosecutor 0.137 0.103 0.126 0.133 0.154
(0.150) (0.149) (0.149) (0.134) (0.168)

Observations 1,542 1,587 1,554 1,358 1,350

Notes: Coefficients show the percent change in local reported crime rates after a
reform-minded prosecutor takes office. We use the csdid Stata package to compute a

Difference-in-Difference with Multiple Periods estimator (Callaway and Sant’Anna, 2021;
Sant’Anna and Zhao, 2020). Outcome variables are the natural log of reported offenses per

10,000 residents (where 1 is added to the number of crimes to avoid dropping zeros).
Standard errors are in parentheses. * p<0.10, ** p<0.05, *** p<0.01.
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