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Abstract

Public debates over the death penalty in the U.S. have long focused on the punishment’s
putative deterrent effect. Unsurprisingly, numerous scholars have sought to determine
(a) whether the penalty in fact prevents murders, and (b) how many murders it prevents.
However, these efforts have deployed a fairly homogeneous set of methodological
techniques—primarily OLS and two-stage least squares with instrumental variables.
This article breaks from that tradition by using synthetic controls to assess the deterrent
capacity of capital punishment. Applying this technique using seven states that recently
abolished the death penalty and twenty-nine states that retained the punishment during
the same period, I find no evidence that the presence of a capital punishment statute in
a state is sufficient to deter murders. These results are robust to numerous alternative
specifications; they also persist when I use stranger homicides—which are theoretically
more susceptible to deterrence—as the dependent variable.
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Introduction

For decades, social scientists have produced a vast literature on the deterrent effect of

capital punishment (just a handful of the well-known studies include Sellin 1959; Ehrlich

(1975 and 1977); Bowers & Pierce 1975; Ehrlich & Liu 1999; Lott & Landes 2000; Dezhbakhsh

et al. 2003; Mocan & Gittings 2003; Liu 2004; Shepherd 2004; Donohue & Wolfers 2005;

Zimmerman 2006; and Donohue & Wolfers 2009). This research has proved enormously

influential, surfacing in court cases, congressional testimony, and state-level debates over the

death penalty. Yet despite the number and prominence of these studies, scholars remain

sharply divided. Some find that executions deter a sizable number of homicides (e.g.,

Dezhbakhsh & Shepherd 2006; Zimmerman 2006; Shepherd 2004; Dezhbakhsh et al. 2003;

Mocan & Gittings 2003) while others conclude that there is no solid evidence of a deterrent

effect (e.g., National Research Council 2012; Donohue & Wolfers 2009; Kovandzic et al. 2009;

Fagan 2006; Donohue & Wolfers 2005).

Given the amount of ink already spilled over the question, one might naturally be

skeptical of the ability of additional research to contribute to the already robust literature.

However, while the existing work is admirably rigorous and contains numerous useful insights,

methodologically it remains somewhat homogeneous. Researchers typically use traditional

panel data methods (e.g., Kovandzic et al. 2009; Dezhbakhsh & Shepherd 2006; Shepherd

2004; Katz et al. 2003), with some of the older studies engaging in cross-sectional analysis

(Ehrlich 1977). While such techniques are undoubtedly valuable, it would be a mistake not

to apply newer causal inference strategies to this important problem.

This paper exploits one such method, the synthetic control design. Developed in

Abadie & Gardeazabal (2003) and expanded upon in Abadie et al. (2015; 2010), synthetic

controls help solve the non-parallel trends problem that sometimes occurs in difference-in-

differences studies. Rather than using a single control unit, the synthetic control method

uses a weighted combination of multiple untreated observations in order to construct a
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counterfactual that closely resembles the treated unit on a set of outcome variable predictors

(Abadie & Gardeazabal 2003). Since their introduction to the econometrics toolkit, synthetic

controls have been successfully used to evaluate health care policies (Kreif et al. 2016), the

economic impact of German reunification (Abadie et al. 2015), state right-to-work laws (Eren

& Ozbeklik 2015), and the effect of permissive concealed handgun laws on violent crime

(Donohue et al. 2019).

In this case, I leverage seven states (Connecticut, Delaware, Illinois, Maryland, New

Jersey, New Mexico, and New York) that abolished capital punishment between 1995 and

2018, and twenty-nine states that retained the death penalty throughout that period.1 I

run a synthetic control analysis for each abolitionist state, using placebo tests to perform

statistical inference (Abadie et al. 2011). I find no evidence that having the death penalty

on the books decreases murder rates; indeed, for three states, the sign of the effect is in

the opposite direction. To fortify my conclusion, I conduct a number of robustness checks.

These include testing for anticipation effects, running alternative variable specifications, using

a non-transformed version of the outcome variable, repeating my analyses using rates of

stranger homicide (the type of murder most likely to be deterred by capital punishment) as

the dependent variable, ruling out spillover effects, and utilizing the generalized synthetic

control method suggested by Xu (2017).

At the outset, the scope of my analyses should be made clear. I am investigating whether

having the death penalty on the books (the “de jure” death penalty) deters murder by

itself—my primary analyses do not consider whether executions prevent homicides. While

I provide some suggestive evidence in the discussion section that my null result occurs

because executions themselves do not deter, definitively establishing this claim is beyond the

purview of this paper. However, the question of whether merely having a capital punishment
1I do not include Nebraska in this analysis, which repealed the death penalty in 2015 but reinstated it via
referendum in 2016. I also exclude Washington, which abolished capital punishment in 2018, the last year of
my study. Finally, the twelve states that had already eliminated capital punishment prior to 1995 play no
role in this study.
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statute in place save lives is nonetheless extremely important. “Symbolic” death penalty

states—those with the death penalty but few executions—still often spend millions of dollars

on the punishment (see, e.g., Steiker & Steiker 2016) and it is undoubtedly important to

policymakers to understand whether they are receiving any increment of deterrence for this

investment.

The remainder of this paper proceeds as follows. In the next section, I provide a brief

overview of the debate surrounding the death penalty’s deterrent effect. I then turn to the

existing empirical literature and consider previous attempts to measure the impact of capital

punishment on homicide rates. Next, I discuss my methodological approach and present the

results of my analyses. Finally, I conclude with a discussion of the public policy implications

of this research.

1. Background

Capital punishment has long been a divisive subject in the United States. In 1846,

Michigan became the first state to eliminate the death penalty for ordinary crimes, and today

twenty-three states have discarded the practice. Support for capital punishment appears to

have declined substantially in the U.S. in the first half of the twentieth century—in 1966,

Gallup reported that more Americans opposed the punishment than favored it. Perhaps

influenced by the apparent shift in popular opinion, the Supreme Court struck down all

state death penalty statutes in the 1972 case of Furman v. Georgia [408 U.S. 238 (1972)],

temporarily outlawing the punishment in the U.S. However, pro-death penalty sentiment

surged in the aftermath of that decision, and capital punishment has since enjoyed comfortable

majority support nationally.2 The Supreme Court approved a new generation of death penalty

laws in its 1976 Gregg v. Georgia [428 U.S. 153 (1976)] opinion, and the basic constitutional

status of the institution has not changed in the years since (though the Supreme Court

has limited the circumstances under which the punishment can be legally applied—see, for
2For Gallup’s annual assessment of the death penalty’s popularity, see https://news.gallup.com/poll/1606/
death-penalty.aspx.
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example, Kennedy v. Louisiana [554 U.S. 207 (2008)]; Atkins v. Virginia [536 U.S. 304

(2002)]; Corker v. Georgia [433 U.S. 584 (1977)]).

The deterrent effect of capital punishment was—and continues to be—of interest to the

courts when considering the status of the death penalty. When the Supreme Court affirmed

the constitutionality of the death penalty in Gregg, the Court’s controlling opinion identified

deterrence as one of the main justifications for the punishment. Likewise, in providing the

decisive fifth vote against capital punishment in Furman, Justice White argued that the death

penalty was too infrequently imposed in the U.S. to act as a deterrent, and invalided existing

statutes partially on that basis. More recently, Supreme Court Justices like John Paul Stevens

and Antonin Scalia have identified the potential deterrent effect of capital punishment as a

major factor in determining its constitutionality. In Atkins v. Virginia [536 U.S. 304 (2002)],

Justice Stevens observed that capital punishment can only be constitutionally applied if

it contributes measurably to either deterrence or retribution. In striking down the death

penalty for individuals with serious intellectual disabilities, his opinion for the Court in Atkins

concluded that capital punishment did not contribute measurably to deterring murders when

applied to that group. Concurring in Baze v. Rees [553 U.S. 35 (2008)], Justice Stevens

went one step further. He argued that “[d]espite 30 years of empirical research in the area,

there remains no reliable statistical evidence that capital punishment in fact deters potential

offenders. In the absence of such evidence, deterrence cannot serve as a sufficient penological

justification for this uniquely severe and irrevocable punishment.” In part because of this

perceived lack of deterrence capacity, Justice Stevens indicated that he thought capital

punishment violated the constitution (though he upheld the punishment on stare decisis

grounds). Responding to Justice Stevens, Justice Scalia pointed to research that showed

capital punishment to be a substantial deterrent, and argued that it was the perogative of

state legislators to consider this evidence in the context of their own local conditions.

State judges are similarly concerned with the question—the Washington Supreme Court
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determined in 2018 that the death penalty violated the state constitution because it failed to

contribute measurably to the goals of deterrence and retribution. Consequently, new evidence

concerning the deterrence question could affect judicial analysis at both the federal and state

levels.

Given the undeniable importance of the question, it is unsurprising that scholars have

repeatedly attempted to discern the deterrent effect of capital punishment. Isaac Ehrlich’s

1975 article The Deterrent Effect of Capital Punishment: A Question of Life and Death was

an early rigorous attempt to do so. Using national time-series data, Ehrlich attempted to

model the “supply” of murders as a function of the risk of execution (among other factors).

While this approach was apparently influential at the time (earning Ehrlich a citation in

Gregg), scholars have since dismissed it as incapable of identifying a causal relationship

between capital punishment and murder (e.g., Donohue & Wolfers 2009; Fagan 2006).

Work on the deterrent capacity of capital punishment continued through the 1980s and

1990s. Papers by Layson (1985), Chressanthis (1989), Brumm and Cloninger (1996), and

Ehrlich and Liu (1999) all found deterrent effects; work by Hoenack and Weiler (1980), Leamer

(1983), McManus (1985), Cover and Thistel (1988), McAleer and Veal (1989), Grogger (1990),

Bailey (1998), Albert (1999), Sorenson et al. (1999) did not.

In the mid-to-late 2000s, however, a particularly influential series of studies emerged.

This research uses modern causal inference techniques and is widely seen as more credible

than some of the earlier work. Within this literature, there is a split with regard to the

independent variable of interest; some studies take executions as their unit of analysis (e.g.,

Shepherd 2004; Dezhbakhsh et al. 2003), while others focus on the existence of death penalty

statutes (e.g., Kovandzic et al. 2009; Dezhbakhsh & Shepherd 2006; Liu 2004). Both are of

independent theoretical interest—one might imagine that each execution itself contributes

some increment of deterrence; that the mere existence of a death penalty statute prevents

murder; both; or neither. Another point of divergence is between studies that use instrumental
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variables (e.g., Zimmerman 2004; Dezhbakhsh et al. 2003) and those that rely on OLS with

panel data (e.g., Katz et al. 2003). The clearest divide, however, is between research that

finds a deterrent effect and that which does not.

Particularly prominent within the first set of articles are several studies by researchers

Joanna Shepherd and Hashem Dezhbakhsh (working together and separately), starting

with Dezhbakhsh et al. (2003). That paper exploits county-level panel data running from

1977-2000 and takes a two-stage least squares approach. Using variables like police payroll

expenditures, expenditures on the judicial system, and prison admissions, the authors estimate

the probability of arrest conditional on committing murder, the probability of conviction

given arrest, and the probability of execution given conviction. They then regress county-level

murder rates on these estimates (plus standard demographic variables). In each equation

they estimate, the conditional probability of execution is negatively associated with murder

rate—the authors interpret these results to mean that each execution deters an average of

eighteen murders. In an article published the next year on the same subject, Shepherd (2004)

examines monthly state-level homicide data. Deploying both OLS and negative binominal

models, Shepherd determines that each execution prevents approximately three murders, and

uncovers weaker evidence that death sentences deter murder independently of executions. In

later work, Shepherd (2005) argues that executions only deter murder if they are sufficiently

numerous in the state—otherwise, she asserts, they have a “brutalizing” effect on society,

leading to increasing rates of homicide. The last paper in the Dezbakhsh/Shepherd series

was Dezhbakhsh & Shepherd (2006), which seeks to estimate the impact of death penalty

moratoriums on murder rates. This article is particularly relevant to my current inquiry, as it

suggests that the mere existence of the death penalty—rather than executions themselves—is

associated with fewer murders.

Several other researchers have used analogous methodologies to arrive at similar conclu-

sions about the deterrent effect of capital punishment. For example, Zimmerman (2004) uses
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a two-stage least squares technique reminiscent of Dezhbakhsh et al. (2003), and calculates

that each execution prevents approximately fourteen murders. Mocan & Gittings (2003)

follow the same general approach, but consider commutations as well as executions; they find

that commutations and executions have similar effects, spurring (or deterring) about five

murders apiece. In yet another two-stage least squares analysis, Liu (2004) finds that the

mere existence of the death penalty in a state is sufficient to provide deterrence.

On the other side of the ledger is an equally impressive battery of studies asserting either

(1) that capital punishment does not lower murder rates or (2) that the studies demonstrating

deterrence are flawed. Donohue & Wolfers have two studies in the latter category (2009;

2005), which sharply criticize much of the existing death penalty literature. Their 2009

paper revisits the analyses from Dezhbakhsh et al. (2003), Mocan & Gittings (2003), and

Zimmerman (2004)—they conclude that the instruments deployed in each of these articles

were either invalid or weak. Donohue & Wolfers’ 2005 Stanford Law Review article also

takes these studies to task, and additionally raises questions about Dezhbakhsh & Shepherd

(2006) and Shepherd (2004). Regarding the former, they criticize the decision to use the

pure number of executions (rather than executions per 100,000 residents) as the independent

variable; in the case of the latter, they present evidence of a positive correlation between

coefficient estimates and their standard errors (which they interpret as evidence of publication

bias). The 2012 National Research Council review of the literature considers the same articles

discussed by Donohue & Wolfers and repeats much of the criticism those authors put forth.

Notably, however, many of the authors Donohue and Wolfers critique have since issued

responses (see, e.g., Dezhbakhsh & Rubin 2011; Zimmerman 2010; Mocan & Gittings 2010;

Zimmerman 2009). For example, Dezhabkhsh and Rubin (2011, p.3668) charge that Donohue

& Wolfers (2005) “is based on a selective sample, flawed analysis, biased reporting and

violation of guidelines for objective sensitivity analysis.” Commenting on the debate between

these scholars, Chalfin and coauthors dubbed the evidence on deterrence “inconclusive,” and

suggested using synthetic controls (Chalfin et al. 2013, p.41).
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Other studies finding no deterrent effect include Kovandzic et al. (2009), Berk (2005),

and Katz et al. (2003). Using panel data running from 1977 to 2006, Kovandzic et al. find no

evidence that the existence of death penalty statutes lowers murder rates, nor any support

for the conclusion that executions prevent murder. Katz et al. arrive at similar results using

state-level data running from 1950-1990, finding that “the execution coefficient is extremely

sensitive to the choice of specification and takes on a positive sign as frequently as a negative

sign” (Katz et al. 2003, p.331). Revisiting the work of scholars like Mocan & Gittings (2003),

Berk (2005) concludes that a handful of “influence points” in the data (such as the large

number of executions that occur annually in Texas) drive much of the evidence for death

penalty deterrence. One final study of note on this side of the debate is Fagan (2006), who

finds that the results of Mocan & Gittings (2003) are extremely sensitive to alternative

specifications and criticizes the deterrence literature more broadly.3

While this review of previous research is necessarily partial, a few trends are already

apparent. First, the deterrent effect of capital punishment is hotly contested, with no clear

scholarly consensus having yet emerged. As such, despite the dozens of papers written on the

subject, room remains for additional contributions to the literature. Second—and perhaps

more importantly for my purposes—existing papers tend to cluster around a small number of

methodological techniques. One of the most popular approaches appears to be two-stage least

squares, with authors first estimating conditional probabilities for arrest, conviction, and

execution, then modeling the murder supply using these probabilities and other demographic

variables (e.g., Liu 2004; Zimmerman 2004; Dezhbakhsh et al. 2003). A number of other

studies use OLS (e.g., Kovandzic et al. 2009; Shepherd 2004; Katz et al. 2003), and only a

handful of recent articles use more exotic methodologies (e.g., Land et al. 2009; Dezhbakhsh

& Shepherd 2006; Stolzenberg & D’Alessio 2004). Accordingly, applying a newer econometric

technique should provide novel insight into this important question.4

3Additional studies questioning the deterrent capacity of the death penalty include Bailey (1998), Albert
(1999), Sorenson et al. (1999), and Stolzenberg and D’Alessio (2004)

4While this paper was being revised, Mark Gius published a 10-page paper titled “Using the Synthetic
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2. Methods and Data

The synthetic control technique first appeared in Alberto Abadie and Javier Gardeazabal’s

2003 paper The Economic Costs of Conflict: A Case Study of the Basque Country. In

that article, the onset of terrorism in Spain’s Basque Country served as the treatment,

with economic performance used as the outcome variable. Seeking to improve on the

standard difference-in-differences analysis, the authors assigned the sixteen untreated Spanish

regions weights bounded between zero and one (and summing to one) to create a synthetic

counterfactual—that is, a combination of control regions that closely resembled the Basque

Country on twelve predictors of economic growth.5 Comparing this synthetic control unit to

the Basque Country in terms of real GDP per capita, Abadie & Gardeazabal present strong

evidence that terrorism hindered the latter’s economic success.

To implement the synthetic control method, researchers must seek a set of weights W

that minimizes ∑k
m=1vm(X1m −X0mW ) (Abadie et. al 2015). In this equation, X1m is a vector

of pre-intervention characteristics for the treated unit, and X0m is a matrix of pre-intervention

characteristics for the control units. The variable m represents the m-th predictor, and

v is a vector of weights that represent how well a pre-intervention characteristic predicts

the outcome variable. In practice, researchers can choose v using automated optimization.

Fortunately for applied researchers, statistical software packages like “synth” in R can now

use optimization to select W and v in relatively short periods of time (see, e.g., Abadie et

al. 2011).

One substantial advantage of the synthetic control model over the traditional difference-in-

Control Method to Determine the Effects of the Death Penalty on State-Level Murder Rates.” Gius applies
the synthetic control technique to one of the seven states I consider here, New Jersey. Unfortunately, the
analysis in that article is haphazardly performed, and provides little-to-no insight into the deterrence debate.
The author does not provide the results of any placebo tests, uses an incomplete donor pool, constructs a
poorly fitting synthetic control, appears to provide an inaccurate test for statistical significance, and does not
conduct any serious robustness checks. Unsurprisingly, the conclusions of the article deviate substantially
from the results I present below.

5As it happens, the optimal weights in this example were only non-zero for two control regions (Catalonia
and Madrid).
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differences model concerns time-varying unobserved confounders (that is, variables that affect

the outcome variable, change over time, and are not included in a difference-in-differences

regression). While the standard panel difference-in-differences approach is robust to time-

invariant unobserved confounders, it fails in the case of uncontrolled varying confounders.

Synthetic controls eliminate this shortcoming (Abadie et al. 2011; Abadie et al. 2010), thus

removing a substantial obstacle to causal inference. This advantage stems from the inclusion

of lagged outcome variables in the set of predictors used to create the synthetic control. Unlike

regression—where including lagged outcome variables in models is generally inadvisable—

synthetic controls can and should account for these variables when generating counterfactuals

(see, e.g., Renberg 2020; Botosaru & Ferman 2019; Bifulco et al. 2017; Abadie et al. 2015).

Since the synthetic control model is able to include these lagged dependent variables in

generating counterfactuals, it can account for the influence of time-varying confounders on

outcomes in a way that standard multivariate regression cannot.

This advantage of the synthetic control method is part of why the SCM—rather than the

workhorse panel data—is the centerpiece of my analysis in this paper. In Appendix D I present

the results of running a generalized difference-in-differences model using my data. It shows

no evidence of deterrence; in fact, the coefficient for the variable “Death Penalty Statute” is

large and positive, suggesting that having a capital punishment statute is associated with

higher murder rates (β = 0.055 log murders). This result seems unlikely in light of the more

sophisticated panel models from Dezhbakhsh & Shepherd (2006), and militates in favor of an

empirical strategy that can avoid the problem of time-varying confounders.

Though the SCM has some advantages over other causal inference strategies, several

problems can still arise. First, the method relies on the assumption that the value of the

dependent variable in untreated units is unaffected by the treatment—that is, there are no

spillover effects (Eren & Ozbeklik 2015). This assumption might be violated, for example, if

one individual in a household received an intervention (such as a campaign mailer) but another
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did not. Since the untreated individual might still be impacted by the treatment (e.g., if the

other household member discussed the mailer with them), the no-spillover assumption would

be violated. In the case of capital punishment statutes, however, this issue initially appears

to be of limited concern. It is unlikely that a potential murderer in North Carolina will care

about the elimination of capital punishment in Maryland; she would not substantially alter

her beliefs about the potential consequences of the in-state homicide she is contemplating.

Nevertheless, in order to address any residual concerns that abolishing capital punishment in

one state could have an impact on murder rates in neighboring states, I conduct a robustness

check later in the article in which border states are excluded from the pool of donor states

(see Figure 9 and Table 9).

Another potential concern is the lack of sufficient pre or post-intervention data. In a

recent synthetic control primer, Abadie noted that “when designing a synthetic control study,

it is of crucial importance to collect information on the affected unit and the donor pool

for a large pre-treatment window” in order to limit estimator bias (Abadie, forthcoming).

Likewise, if the post-treatment period is too short, it may be impossible to observe the

impact of the intervention despite the efficacy of the treatment. In this study, inadequate

pre-intervention data is not an issue; in every state I examine, data exists for at least nine

years prior to the elimination of capital punishment. In some of the seven abolitionist states

I study, the post-treatment period is admittedly only a few years. Some might think this

concern is mitigated by the immediacy of the effect—the repeal of capital punishment in a

state is often a major media event, and one might expect most potential murders to quickly

become aware of the punishment’s demise. However, others could reasonably disagree with

this assumption, and maintain that a death penalty repeal would take longer to affect murder

rates. If the reader falls into that camp, I recommend focusing on states like New York and

New Jersey—which do have sufficient post-intervention data—and treating the other analyses

as merely suggestive, reported in this article for the sake of completeness.
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A third issue with the use of synthetic controls is “anticipation.” If individuals affected

by treatment can anticipate its occurrence, they might alter their behavior during the pre-

intervention period in ways that bias pre-period estimates of the outcome variable. For

instance, if would-be killers foresee the elimination of the death penalty in a state, they might

not wait for formal legislative change before committing their crime. As such, the effects of

the treatment might be felt in the pre-intervention period, downward biasing estimates of a

deterrent effect. While this anticipation bias may seem implausible, it is important to account

for this possibility. Accordingly, I retest my results later in the paper with the date of abolition

backdated two years. Fortunately, when using synthetic controls, “backdating the intervention

in the data does not mechanically bias the estimator of the effect of the intervention even if

some periods before the intervention are mistakenly recorded as post-intervention periods”

(Abadie, forthcoming).

One final concern with the use of synthetic controls is that they inherently only measure

the effect of an intervention in a single case, limiting the external validity of the results. To

understand this drawback, consider Abadie & Gardeazabal’s original 2003 paper. While that

article convincingly demonstrated the effect of terrorism on economic success in Spain, one

might question whether its conclusions are applicable in other countries (such as France). The

treatment effect of terrorism might be heterogeneous or inconsistent depending on location.

Accordingly, while Abadie & Gardeazabal (2003) might provide our best estimate of how

terrorism affects political subdivisions economically, we could reduce our uncertainty further

if we drew from additional examples. Happily, in the case under consideration here, we

have seven treated units, allowing for multiple evaluations of the deterrent effect of capital

punishment.

Having discussed the theory behind synthetic controls, I now turn to their application

to the problem under study here. To implement the technique, I collected data on a number

of state-level variables mentioned in the literature as important predictors of murder (e.g.,
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Kovadzic et al. 2009; Shepherd 2004; Zimmerman 2004). These include the following:

property crime rates (crimes/resident); unemployment rates; robbery rates (crimes/resident);

population density; proportion of residents aged 15-29; real GDP per capita (2012 dollars);

percentage of income held by the top 1% of earners (a measure of inequality); poverty rate

(percentage in poverty); and direct police expenditures per capita. Appendix A lists sources

for each of these datasets. The independent variable of interest in this study is, as mentioned,

whether or not a state has a death penalty statute; the primary dependent variable of interest

is log murders per 100,000 residents.6

In addition to the predictors mentioned above, I also follow Abadie et al. (2010) by

including three lagged years of the dependent variable as predictors.7 As suggested in

Appendix K of Donohue et al. (2019, NBER version), I selected (1) the year immediately

prior to the abolition of the death penalty in treated states; (2) 1995 (the first year of the

data); and (3) the midway point (or year closest to the midway point) between (1) and (2).

Some readers might be surprised to see pretreatment values of the outcome variable used as

predictors—typically, methodologists caution against employing lagged dependent variables

in empirical models. However, when it comes to synthetic controls, it is actually standard

practice to include such variables to improve model fit (e.g. Renberg 2020; Bifulco et al. 2017).

Experts in synthetic control methodology—including Abadie et. al (2015, p.497)—generally

endorse using pretreatment outcome variables, and there is even scholarly discussion about

which specific lags should be included (e.g., Botosaru & Ferman 2019; Kaul et al. 2016;

Ferman & Pinto 2016). Indeed, as mentioned above, inclusion of pre-treatment outcomes

helps make the synthetic control robust to time-varying confounders (Abadie et al. 2015).

Accordingly, my primary specifications follow this practice.
6I chose log murders per 100,000 residents rather than simply using murders per 100,000 residents in order to
smooth the murder rate trends in smaller states (which can vary considerably from year-to-year).

7In this article, I often refer to “predictors” instead of variables. Like a variable in the regression context,
a predictor is a vector of observed values for a particular characteristic. However, the term “predictor”
highlights the role that the vectors play in constructing synthetic controls, and accordingly seems to be more
common in synthetic control literature (see, e.g., Abadie et al. 2015; Abadie et al. 2010).
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Nevertheless, as robustness checks later in this work, I also test a version of the synthetic

control analysis that uses no lags (see Figure 5 and Table 5). In addition, I consider models

that use (a) the dependent variable average in the pre-treatment period as a predictor and (b)

only the year prior to the treatment period as a predictor (again, see Donohue et al. 2019).

However, as discussed in more detail below, none of these alternative specifications change

my substantive conclusions (see Figure 5 and Table 5).

Table 1 contains summary statistics for my predictor variables in the treated states

(column 1). For comparative purposes, I also provide summary statistics for the associated

synthetic control (column 2), and the entire sample (i.e., the treated state and all the donor

states) (column 3). Unsurprisingly, the synthetic controls match each treated state far better

than a simple unweighted average of the sample. Most of the predictors contained in Table

1 run from 1995-2018—however, a few are only available for shorter periods (1995-2015 in

the case of “Percentage of Income Held By Top 1%” and 1995-2017 in the case of “Direct

Police Expenditures Per Capita”).8 Since every variable runs at least through 2015, I perform

the analyses using the years 1995-2015 for states eliminating the death penalty prior to

2010, which allows for a minimum of six post-treatment years in each case. For states that

abolished the death penalty after 2010 but before 2015, I perform the tests using the years

1995-2017, and forgo the inclusion of the “Percentage of Income Held By Top 1%” variable.

Finally, for states that jettisoned capital punishment after 2015, I run the analyses on the

years 1995-2018, and include neither “Percentage of Income Held By Top 1%” nor “Direct

Police Expenditures Per Capita.” To carry out the empirical tests discussed in this paper,

I use the “Synth” package in R developed by Alberto Abadie, Alexis Diamond, and Jens

Hainmueller (see Abadie et al. 2011 for details).

8New York reinstated its death penalty in 1995, which is why my dataset begins in that year.
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Table 1: Summary Statistics
Predictor Treated Synthetic Sample Mean

New York (1995-2015)
Property crimes rates (crimes per resident) 0.028 0.035 0.04

Unemployment rate (percentage) 5.8 5.705 4.801
Robbery rate (crimes per resident) 0.003 0.002 0.001

Population density 395.163 183.812 101.416
Proportion aged 15 to 29 0.208 0.211 0.215

Real GDP per capita (2012 dollars) 54928.796 46745.33 41261.222
Percentage of income held by top 1% 24.116 19.661 15.816
Poverty rate (percentage in poverty) 15.2 12.622 12.688
Direct police expenditures per capita 33.3 42.593 40.003

Log murders per 100,000 residents (2003) 1.581 1.64 1.565
Log murders per 100,000 residents (1999) 1.601 1.582 1.599
Log murders per 100,000 residents (1995) 2.146 2.081 1.922

New Mexico (1995-2015)
Property crimes rates (crimes per resident) 0.046 0.041 0.038

Unemployment rate (percentage) 5.527 5.171 4.937
Robbery rate (crimes per resident) 0.001 0.001 0.001

Population density 15.201 74.897 104.533
Proportion aged 15 to 29 0.215 0.222 0.214

Real GDP per capita (2012 dollars) 40273.367 50324.15 43099.019
Percentage of income held by top 1% 13.566 17.213 16.557
Poverty rate (percentage in poverty) 19.247 15.726 12.876
Direct police expenditures per capita 63.8 56.079 41.308

Log murders per 100,000 residents (2008) 2.093 2.103 1.552
Log murders per 100,000 residents (2002) 2.105 2.082 1.515
Log murders per 100,000 residents (1995) 2.172 2.225 1.922

Illinois (1995-2017)
Property crimes rates (crimes per resident) 0.034 0.039 0.037

Unemployment rate (percentage) 6.029 6.042 5.429
Robbery rate (crimes per resident) 0.002 0.002 0.001

Population density 224.81 158.183 105.683
Proportion aged 15 to 29 0.212 0.212 0.213

Real GDP per capita (2012 dollars) 51759.091 44760.459 43413.93
Poverty rate (percentage in poverty) 11.771 14.298 13.159
Direct police expenditures per capita 36.353 36.523 41.623

Log murders per 100,000 residents (2010) 1.701 1.704 1.39
Log murders per 100,000 residents (2003) 1.957 1.952 1.565
Log murders per 100,000 residents (1995) 2.334 2.332 1.922

Connecticut (1995-2017)
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(continued)
Predictor Treated Synthetic Sample Mean

Property crimes rates (crimes per resident) 0.028 0.037 0.037
Unemployment rate (percentage) 5.267 5.147 5.563
Robbery rate (crimes per resident) 0.001 0.001 0.001

Population density 708.89 252.371 106.23
Proportion aged 15 to 29 0.188 0.191 0.213

Real GDP per capita (2012 dollars) 64786.808 43083.427 43559.779
Poverty rate (percentage in poverty) 8.883 10.886 13.286
Direct police expenditures per capita 61.056 37.844 41.692

Log murders per 100,000 residents (2011) 1.281 1.145 1.441
Log murders per 100,000 residents (2003) 1.166 1.208 1.565
Log murders per 100,000 residents (1995) 1.522 1.506 1.922

New Jersey (1995-2015)
Property crimes rates (crimes per resident) 0.029 0.035 0.039

Unemployment rate (percentage) 5.046 4.982 4.772
Robbery rate (crimes per resident) 0.002 0.001 0.001

Population density 1128.432 269.007 103.314
Proportion aged 15 to 29 0.188 0.201 0.214

Real GDP per capita (2012 dollars) 55701.855 44240.361 42609.768
Percentage of income held by top 1% 18.979 14.87 16.558
Poverty rate (percentage in poverty) 8.223 11 12.706
Direct police expenditures per capita 57.769 36.394 40.772

Log murders per 100,000 residents (2006) 1.587 1.534 1.617
Log murders per 100,000 residents (2001) 1.374 1.371 1.551
Log murders per 100,000 residents (1995) 1.639 1.651 1.922

Delaware (1995-2018)
Property crimes rates (crimes per resident) 0.036 0.03 0.035

Unemployment rate (percentage) 4.968 4.713 5.624
Robbery rate (crimes per resident) 0.002 0.001 0.001

Population density 430.248 52.593 108.307
Proportion aged 15 to 29 0.206 0.208 0.212

Real GDP per capita (2012 dollars) 67774.688 44240.318 44246.082
Poverty rate (percentage in poverty) 10.295 12.03 13.466

Log murders per 100,000 residents (2015) 1.883 1.787 1.533
Log murders per 100,000 residents (2005) 1.482 1.469 1.573
Log murders per 100,000 residents (1995) 1.25 1.494 1.922

Maryland (1995-2017)
Property crimes rates (crimes per resident) 0.038 0.038 0.036

Unemployment rate (percentage) 4.963 6.286 5.652
Robbery rate (crimes per resident) 0.003 0.002 0.001

Population density 561.464 113.405 106.76
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(continued)
Predictor Treated Synthetic Sample Mean

Proportion aged 15 to 29 0.2 0.213 0.213
Real GDP per capita (2012 dollars) 50902.115 49649.852 43706.068
Poverty Rate (percentage in poverty) 8.916 14.45 13.368
Direct police expenditures per capita 69.368 54.368 41.797

Log murders per 100,000 residents (2012) 1.847 1.905 1.436
Log murders per 100,000 residents (2004) 2.238 2.16 1.552
Log murders per 100,000 residents (1995) 2.47 2.474 1.922

I will return to some of the points raised in this discussion as I walk through my findings.

For now, however, I will move on to examining the primary results of my analyses.

3. Primary Results

Table 2 contains the weight each donor state received when constructing the synthetic

controls used in the coming analyses. The reader may note that relatively few states contribute

to each synthetic control—the average was 3.9 donor states per analysis.9 For one state,

Illinois, the optimal synthetic control drew from nine donor states; for another, Delaware,

it drew from only two. It is not surprising that most of the synthetic controls draw from a

small number of donor states. In principle, of course, there is no reason why the number of

donor states need be small—in Abadie et al. (2010), 37 states contribute some weight to a

synthetic California. In practice, though, the marginal returns of adding additional donor

units often decrease quickly (Abadie et al. 2015), as some donor units simply tend to resemble

the treated unit much more closely than others (see, e,g., Abadie & Gardeazabal 2003).

9The numbers in Table 2 are rounded to the hundredths place—accordingly, states that contributed less than
0.005 to a synthetic control appear as zeros, and I do not include them in my calculation of the average
number of donor states per synthetic control.
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Table 2: Composition of Synthetic Controls
Donor State Synthetic

New
York

Synthetic
New

Mexico

Synthetic
Illinois

Synthetic
Connecti-

cut

Synthetic
New
Jersey

Synthetic
Delaware

Synthetic
Maryland

Alabama 0 0 0 0 0 0 0
Arizona 0 0 0 0 0 0 0
Arkansas 0 0 0 0 0 0 0
California 0.73 0 0.25 0 0 0 0.07
Colorado 0 0 0 0 0 0 0
Florida 0 0 0.09 0.58 0 0 0
Georgia 0 0 0.05 0 0 0 0
Idaho 0 0 0 0 0 0 0
Indiana 0 0 0 0 0 0 0
Kansas 0 0 0 0 0 0 0

Kentucky 0 0 0 0 0 0 0
Louisiana 0 0.71 0.02 0 0 0 0.42
Mississippi 0 0 0.11 0 0 0 0
Missouri 0 0 0 0 0 0.57 0
Montana 0 0 0 0 0 0 0
Nevada 0.09 0 0.11 0 0 0 0.34

New Hampshire 0.18 0 0 0.34 0.05 0 0
North Carolina 0 0 0 0 0 0 0

Ohio 0 0 0.01 0 0.77 0 0
Oklahoma 0 0 0 0 0 0 0
Oregon 0 0 0 0 0 0 0

Pennsylvania 0 0 0 0.08 0.18 0 0.17
South Carolina 0 0 0 0 0 0 0
South Dakota 0 0.1 0 0 0 0.43 0
Tennessee 0 0 0.29 0 0 0 0
Texas 0 0 0 0 0 0 0
Utah 0 0 0 0 0 0 0

Virginia 0 0 0.06 0 0 0 0
Wyoming 0 0.17 0 0 0 0 0

The dotted lines in Figure 1 plot the value of the dependent variable (log murders per

100,000 residents) for each synthetic control over time; the solid lines plot the actual log

murder rate for the state under study. Reassuringly, the synthetic control closely approximates

each treated unit in the years preceding the abolition of capital punishment. The fits are
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particularly tight in more populated states with relatively smooth murder rates (New York,

Illinois, and New Jersey). Nevertheless, the control reasonably approximates the log murder

rate even in small states with more year-to-year variance (New Mexico, Connecticut, and

Delaware).
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Figure 1: Synthetic Control Plots for States That Eliminated Capital Punishment (y = Log Murders Per 100,000 Residents)
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The most interesting aspect of Figure 1, of course, is not what happened in the pre-

treatment period, but rather how murder rates change after the elimination of capital

punishment. The answer seems to be that they do not change, at least not in a direction

indicating that capital punishment deters murder. In two states, New Mexico and Connecticut,

the log murder rate actually appears to drop compared to the synthetic control. In four

others, the treated unit hugs the synthetic control almost as tightly in the post-treatment

period as it did before treatment was implemented. In only one state, Illinois, is there any

hint that the murder rate may have increased relative to the synthetic control after capital

punishment was eliminated. Even so, the difference between the treated and control units is
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small, and only appears for two of the six post-treatment years.

Figure 2 reinforces the inference Figure 1 suggests. It plots the gap between the treated

state and the synthetic control for each of the seven abolitionist states. Before treatment, the

difference between the two units hovers around zero (the dotted line). Accordingly, if death

penalty statutes prevent murder, we would expect to see consistent positive values in years to

the right of the red line in each panel of the figure. Unsurprisingly given Figure 1, nothing of

the sort occurs. For the graphs of New Mexico and Connecticut, we see consistent negative

values—however, that trend indicates that eliminating the death penalty is associated with

fewer murders.
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Figure 2: Gap Plots for States That Eliminated Capital Punishment (Y = Log Murder Rate Treated State − Log Murder Rate Synthetic Control)
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This series of graphs does not provide much evidence favoring the deterrence hypothesis

(and least not in the types of states under study here—I return to this caveat in more detail in

the Discussion section). While there are individual points where the treated unit log murder

rate exceeds the synthetic control, the average effect appears to be approximately zero in
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most cases. Certainly nothing like the sustained deviations witnessed in Abadie et al. (2015,

2010) appears in any of these figures. Simply put, when interpreted in the context of the

synthetic control literature, these graphs do not justify deviating from the null hypothesis of

no deterrent effect.

Nevertheless, mere visuals do not provide the more precise test of statistical significance

one becomes used to seeing in empirical work. Fortunately, the synthetic control literature

has developed a substitute for this sort of analysis. The solution put forth in Abadie et al.

(2011; 2010) is iterative placebo tests. For each of these placebo tests, a different potential

donor state is analyzed as if treated; that is, I construct a synthetic control for each state

that did not eliminate the death penalty, acting as though it did in fact abolish the death

penalty in the same year the treated state did. Performing this procedure provides me with 29

counterfactual estimates of the treatment effect for each state under study. Figure 3 presents

the results of this endeavor.
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Figure 3: Placebo Gap Plots for States That Eliminated Capital Punishment (Y = Log Murder Rate Treated State − Log Murder Rate Synthetic Control)
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In each of the seven panels, it appears that the “treatment effect” of eliminating capital

punishment is small relative to some of the placebo estimates. As was the case with the gaps

plotted in Figure 2, the difference between the log murder rate in most placebo states and

their respective synthetic controls clustered around zero in the pre-period; post “treatment,”

however, the differences often grew to be substantially greater than zero. This trend indicates

that large, positive “treatment” effects often occur by random chance when running placebo

tests. As such, the smaller (and sometimes negative) effects observed in the seven states

under study can be appropriately read as evidence disfavoring a deterrent effect.

One might take this analysis even one step further by developing point estimates for

the treatment effects presented in Figure 3. To construct such a point estimate, I subtract

the average difference between the treated and synthetic control units in the pre-period from

their average in the post-period. Mathematically,

Estimated Deterrence Effect= 1
n1

∑n1
i (Treated1i − Synthetic1i)− 1

n0

∑n0
i (Treated0i − Synthetic0i)

In this equation, the subscript 1 represents the post-treatment period, the subscript 0

represents the pre-treatment period, n1 is the number of post-treatment years, and n0 is the

number of pre-treatment years. By calculating this quantity for all the estimates displayed in

Figure 3, I can determine what fraction of placebo treatment effects exceed the true treatment

effect in each state.

Table 3 contains this information. In column 1, I report estimated deterrent effects for

each of the seven states that eliminated the death penalty; column 4 reports the fraction of

placebo tests resulting in a larger estimated deterrent effect.
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Table 3: Permutation Tests of Effect Size
State Estimated

Deter-
rence
Effect

Placebos
With
Larger
Deter-
rence
Effects

Placebos
With

Smaller
Deter-
rence
Effects

Proportion
of

Placebos
With
Larger
Deter-
rence
Effect

New York -0.04 15 14 0.52
New Mexico -0.2 29 0 1

Illinois 0.09 4 25 0.14
Connecticut -0.17 27 2 0.93
New Jersey 0.02 12 17 0.41
Delaware 0.01 12 17 0.41
Maryland 0.03 17 12 0.59

As observed previously, some of the estimated deterrent effects are negative. Here, a

sigificant negative deterrent effect would indicate that removing the death penalty decreased

the logged murder rate. Table 3 does contain one such significant, negative deterrent rate:

New Mexico, where the 0.20 unit decrease exceeds even the most negative estimates generated

by the placebo tests. That -0.20 unit effect requires some translation—it cannot be understood

without also knowing the mean log murder rate in the pre-period. In New Mexico, the average

murder rate before the abolition of capital punishment was about 8.4 murders per 100,000

residents (or about 2.13 log murders). As such, the estimated deterrent effect of -0.20 log

murders per 100,000 residents decreases the log murder rate to about 1.93 log murders,

or about 6.9 murders per 100,000. Accordingly, Table 3 suggests that eliminating capital

punishment in New Mexico was associated with about 1.5 fewer murders per year per 100,000

residents.10

Some might interpret the negative deterrent effect in New Mexico as a “brutalization
10For reference, the average pre-period murder rates in the other states were as follows: New York: 5.6,
Illinois: 7.2, Connecticut: 3.5, New Jersey: 4.3, Delaware: 6.1, Maryland: 6.5.
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effect.” The term “brutalization effect” has a specific meaning in the death penalty literature.

As Shepherd (2005, p.206) describes, “execution[s] [can] create[] a brutalization effect: [they]

contribute[] to creating a climate of brutal violence. The execution sets an example of killing

to avenge grievances, an example that some private individuals then follow.” In short, some

might think that executions teach people to commit violent acts. In this article, I am agnostic

as to whether negative deterrence effects in fact provide evidence of brutalization—making

that argument would require a theory of criminal psychology that goes beyond the scope of

what is feasible here. Instead, I treat negative deterrent effects merely as particularly strong

evidence that the de jure death penalty does not prevent murder.

In some states listed in Table 3, the estimated deterrent effect was positive. However,

even in those states, a substantial fraction of the placebo estimates were larger. For every

state aside from Illinois, New Jersey, and Delaware, more than half the placebo estimates

were greater than the estimated deterrent effect. In no state did the estimated deterrent

effect exceed 90 percent of the placebo estimates, let alone the 95 percent that conventional

definitions of statistical significance demand. As such, my primary specifications do not

provide any significant evidence of deterrence.

One alternative way of conducting causal inference with synthetic controls is to calculate

root mean squared prediction errors (RMSPE)—defined as the square root of the mean

squared difference between the log murder rates for the synthetic control and actual data—for

pre and post-treatment periods for each of the placebo states and for the actual abolitionist

state. If eliminating the death penalty were to cause an increase in the murder rate, we would

expect the ratio of post-period RMSPE to pre-period RMSPE to be higher in the abolitionist

states than in the placebo states (Abadie et al. 2015). This test is somewhat more difficult

to interpret than the placebo tests in Table 3, because it does not specify the direction of the

effect; if eliminating the death penalty decreased murder rates, we would also expect to see a

high post-period RMSPE to the pre-period RMSPE ratio. However, it is still useful check,
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particular if the results are interpreted in the context of the information from Table 3.

Figure 4 presents the results of calculating post-period RMSPE/pre-period RMSPE. In

none of the seven panels does the treated state ratio stand out as particularly high when

compared to the placebo ratios. Maryland has the highest relative ratio, finishing 7th out

of 30 states—however, that means a randomly selected placebo ratio would still be larger

about 21 percent of the time. Figure 4 thus suggests the same conclusion as Table 3—striking

capital punishment from the statute books in these seven states did not increase the murder

rate.
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Figure 4: Ratios of Post−Treatment RMSPE to Pre−Treatment RMSPE
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4. Robustness

To this point, none of the analyses performed in this article provide any evidence that

the mere existence of capital punishment is sufficient to deter murder. To solidify those

findings, this section tests a wide variety of alternative specifications. First, I consider the

possibility that potential murderers anticipate the abolition of the death penalty, and commit
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their crimes without waiting for the formal elimination of the punishment (which would bias

my results). Second, I test alternative choices of lagged dependent variables, including models

with no lags. Next, I try different sets of predictors, before moving to models that include (1)

a non-logged version of the dependent variable and (2) stranger homicides as the outcome

variable. After doing so, I examine potential violations of the no-spillover assumption, and

present models that guard against this possibility. Finally, I analyze the data using Xu’s

generalized synthetic control method (GSCM), which allows for simultaneous consideration

of multiple treated units (see Xu 2017).

I start by considering the possibility that the above tests do not adequately account

for the possibility of anticipation. That is, potential murderers might be aware that an

elimination of the death penalty is on the horizon; for instance, they might read about the

legislative debate on the subject in the newspaper, or hear politicians discuss the potential

change during election season. Anticipating the abolition of the punishment, these individuals

might kill while the death penalty is still technically on the books. This phenomenon would

increase the pre-treatment murder rate, reducing the probability of finding a deterrent effect

in the aftermath of the official change. As mentioned in the accompanying footnote, it seems

unlikely that would-be killers actually behave in this manner; nevertheless, conducting this

robustness check can help address any residual doubts.11

To account for this risk, I repeat the analyses performed above with the death penalty’s

elimination backdated two years.12 As discussed in Abadie (forthcoming), this tactic accounts

for the possibility of anticipation without mechanically biasing the effect estimator. Below, I
11As my colleagues have pointed out, it seems intuitively more probable that murderers who are planning
their crimes well in advance would wait until the death penalty was off the books, rather than run the risk
of execution. However, if this were true, we would expect the murder rate to be artifically lower in the
years preceding abolition and substantially higher in the years following it. Such a phenomenon would
bias my analyses in favor of finding a deterrent effect. Since I find no evidence that capital punishment
prevents murders, this potential source of bias only makes my conclusions more robust.

12In constructing synthetic controls for these analyses, I used the following lagged dependent variables: the
year immediately prior to the new, backdated date of abolition (i.e., three years prior to the actual abolition
date); (2) 1995 (the first year of the data); and (3) the midway point (or year closest to the midway point)
between (1) and (2).
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reproduce Figure 1 and Table 3 (now Figure 5 and Table 4) with this change implemented.

Doing so affects none of my substantive conclusions.

1995 2000 2005 2010 2015

0
1

2
3

4
5

New York

Year

1995 2000 2005 2010 2015

0
1

2
3

4
5

New Mexico

Year

M
ur

de
r 

R
at

e

Figure 5: Testing for Anticipation Effects (y = Log Murders Per 100,000 Residents)
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Table 4: Discontinuity Set 2 Years Prior to DP Elimination
State Estimated

Deter-
rence
Effect

Placebos
With
Larger
Deter-
rence
Effects

Placebos
With

Smaller
Deter-
rence
Effects

Proportion
of

Placebos
With
Larger
Deter-
rence
Effect

New York -0.07 19 10 0.66
New Mexico -0.04 17 12 0.59

Illinois 0.11 3 26 0.1
Connecticut -0.1 26 3 0.9
New Jersey 0.04 10 19 0.34
Delaware 0.16 4 25 0.14
Maryland -0.04 21 8 0.72
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Next, I retest my results using different choices of lagged dependent variables. I run

specifications with (a) no lags; (b) the dependent variable average in the pre-treatment

period as a predictor; and (c) the year prior to the treatment period as a predictor. Table 5

provides the outcome of each analysis in the same format Table 3 utilizes. Meanwhile, Figure

6 presents the results of the no lags model graphically (additional robustness checks for this

model can be found in Appendix E). Once again, none of these specifications reveal any

statistically significant deterrent effect (if anything, some of the estimated deterrent effects

become significant and negative in alternative specifications). Appendix C calculates the

root mean squared prediction error (RMSPE)—again, the square root of the mean squared

difference between the log murder rate for the synthetic control and actual data—during

the pre-abolition period for each state under all three alternative specifications, as well as

for my first model. By this metric, the original model substantially outperforms each of the

alternatives in terms of accuracy, which is part of why I use it as the primary specification (it

also comports with standard practice in the field—see, e.g., Abadie et al. 2010).
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Figure 6: Constructing Synthetic Controls Without Lagged DVs (y = Log Murders Per 100,000 Residents)
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Table 5: Testing Alternative Specifications
State Estimated

Deter-
rence
Effect

Placebos
With
Larger
Deter-
rence
Effects

Placebos
With

Smaller
Deter-
rence
Effects

Proportion
of

Placebos
With
Larger
Deter-
rence
Effect

No Lagged Dependent Variable as Predictor
New York -0.28 28 1 0.97

New Mexico -0.15 27 2 0.93
Illinois 0.13 3 26 0.1

Connecticut -0.17 27 2 0.93
New Jersey 0.05 10 19 0.34
Delaware 0.21 6 23 0.21
Maryland 0.01 18 11 0.62

Mean Pre-Period Log Murder Rate as Predictor
New York -0.05 16 13 0.55

New Mexico -0.16 27 2 0.93
Illinois 0.12 4 25 0.14

Connecticut -0.2 27 2 0.93
New Jersey 0.02 10 19 0.34
Delaware -0.01 18 11 0.62
Maryland 0.01 17 12 0.59

Year Prior to Abolition Log Murder Rate as Predictor
New York -0.05 16 13 0.55

New Mexico -0.15 28 1 0.97
Illinois 0.11 4 25 0.14

Connecticut -0.17 28 1 0.97
New Jersey 0.05 9 20 0.31
Delaware 0.09 10 19 0.34
Maryland 0.01 18 11 0.62

I also consider models with alternative specifications for some of my primary predictor

variables. Using data from the FBI’s Uniform Crime Reporting system, I replace the variable

“Direct Police Expenditures Per Capita” with “Police Officers Per 1,000 Residents”; with

data from the Prison Policy Initiative, I replace the “Robbery Rate” and “Property Crime
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Rate” variables with “Prisoners Per 100,000 Residents.”13 Table 6 contains the results of

running placebo tests using these replacement predictors; Appendix F has the associated

graphs. Choosing alternative predictors does not seem to have any substantial effect on the

analysis; the statistics in Table 6 are similar to those in Table 3.

Table 6: Permutation Tests of Effect Size, Alternative Predictor Variables
State Estimated

Deterrence
Effect

Placebos
With
Larger

Deterrence
Effects

Placebos
With

Smaller
Deterrence
Effects

Proportion
of Placebos

With
Larger

Deterrence
Effect

New York -0.05 19 10 0.66
New Mexico -0.18 27 2 0.93

Illinois 0.05 10 19 0.34
Connecticut -0.17 28 1 0.97
New Jersey 0.02 12 17 0.41
Delaware 0.01 14 15 0.48
Maryland 0.03 13 16 0.45

In addition to considering alternative predictor variables, it also makes sense to examine

alternative dependent variable specifications. As a first step in this direction, I re-run the

models from Figure 1 and Table 3 using a non-logged version of the dependent variable.

In most of my analyses I use “log murders per 100,000 residents” as my outcome variable

in order to smooth out considerable year-to-year variability in murder rates and produce

better fits with my synthetic controls. However, it is important to demonstrate that this

modeling choice does not substantively affect the results of my placebo tests—to that end,

I provide the same analyses with “murders per 100,000 residents” as the outcome variable.

As Figure 7 demonstrates, the synthetic control fit is considerably worse when using the

non-logged dependent variable, but the placebo tests produce similar results (Table 7). The
13I was not able to replace the crime rate variables with incarceration statistics for Delaware and Maryland,
since the incaraceration statistics only run until 2015. However, I was able to run the models with “Police
Officers Per 1,000 Residents” for both states.
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only notable difference is that the p-value in Delaware increases substantially (to 0.79) and

the effect estimate becomes negative. The only significant result remains New Mexico, where

eliminating the death penalty appears associated with a decrease in the murder rate.
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Figure 7: Synthetic Control Plots for States That Eliminated Capital Punishment (y = Murders Per 100,000 Residents)
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Table 7: Permutation Tests of Effect Size, Non-Logged Dependent Variable
State Estimated

Deterrence
Effect

Placebos
With
Larger

Deterrence
Effects

Placebos
With

Smaller
Deterrence
Effects

Proportion
of Placebos

With
Larger

Deterrence
Effect

New York -0.21 17 12 0.59
New Mexico -1.16 29 0 1

Illinois 0.63 5 24 0.17
Connecticut -0.54 27 2 0.93
New Jersey 0.17 7 22 0.24
Delaware -0.53 23 6 0.79
Maryland 0.21 15 14 0.52
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As a more rigorous robustness check, I also repeat the analyses from Figure 1 and

Table 3 using a different kind of dependent variable: rates of homicide by strangers. As

Shepherd (2004) notes, some believe that “murders committed during interpersonal disputes,

murders by intimates, and noncontemplated crimes of passion are not intentionally committed

and therefore cannot be deterred” (pp.283-84). Accordingly, murders by strangers would

theoretically be more susceptible to deterrence by capital punishment than other types of

murders. While it is worth noting that Shepherd reaches the opposite conclusion in her 2004

article, this conventional view remains pervasive (e.g., Fagan 2006).14 Moreover, it seems

that murders by strangers are more likely to be premeditated, and thus death-penalty eligible

under the laws of various states.

To obtain rates of stranger homicide, I use the FBI’s Supplementary Homicide Reports

as aggregated by Kaplan (2020). This data contains background information for perhaps 90

percent of U.S. homicides, including location, demographic characteristics, and the victim(s)’

relationship to the perpetrator(s) (see Fox & Swatt 2008 for additional description). Of

course, the dataset is necessarily incomplete, as murders often go unsolved. Nevertheless, it

is likely the best available source for disaggregated homicide information and is commonly

used in the literature (e.g., Fridel & Fox 2019; Shepherd 2004).

Figure 8 and Table 8 below contain the results of this additional robustness check;

stranger homicides per 100,000 residents is the dependent variable.15 Due to state-year
14Given Shephard’s findings, I also reran my analyses using “intimate homicide rate” and “acquaintance
homicide rate” as dependent variables. Appendix B contains the results of these tests—they are largely in
line with the results presented here.

15To extract “stranger homicides per 100,000 residents” from the Supplementary Homicide Reports, I added
the total number of individuals killed in incidents involving strangers for each state in each year, divided by
the state’s population, and multiplied by 100,000. It is important to note that the data—as compiled by
Kaplan (2020)—is organized by “incident” and that multiple people might be murdered in a single incident
(or a single person might be killed by multiple individuals). Given the inherent difficulties associated
with determining how to classify these rows of the dataset, I simply counted each homicide reported in
an incident as a “stranger” homicide if at least one of the victims was a stranger to one of the offenders.
While this decision likely led to slight overestimates of the number of homicides that are truly “stranger”
homicides, it was the best available solution to this disaggregation problem. Moreover, if at least one of the
deaths in the incident involved a “stranger” relationship, then all of the homicides in that incident were
likely premeditated, and thus potentially subject to deterrence.
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missingness, I was only able to use 21 of the original 29 control states to construct the

synthetic controls for this test. In addition, the analysis for Delaware begins in 1996, as the

Supplementary Homicide Reports does not contain data for Delaware in 1995. Finally, I

was also unable to perform a log transformation on this dependent variable (which would

have helped smooth the data), as for some state-years, the stranger homicide rate was

approximately zero. Despite these limitations, the results are substantively similar to those

obtained earlier—the post-period logged stranger murder rates in the treated states stay

fairly close to the synthetic control estimates.
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Figure 8: Synthetic Control Plots for States That Eliminated Capital Punishment (y = Stranger Murders Per 100,000 Residents)
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The synthetic controls do not fit the stranger homicide data quite as well as they do

the overall homicide data—this mismatch is likely because stranger homicides comprise a

relatively small proportion of overall homicides and are thus extremely variable year-to-

year. However, some of Figure 8’s panels (such as New Jersey and New Mexico) do reveal

appropriately tight fits.
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Table 8: Permutation Tests of Effect Size, Stranger Homicides
State Estimated

Deterrence
Effect

Placebos
With
Larger

Deterrence
Effects

Placebos
With

Smaller
Deterrence
Effects

Proportion
of Placebos

With
Larger

Deterrence
Effect

New York -0.31 19 2 0.9
New Mexico 0.14 5 16 0.24

Illinois 0.08 6 15 0.29
Connecticut -0.05 11 10 0.52
New Jersey -0.02 11 10 0.52
Delaware -0.21 19 2 0.9
Maryland -0.13 14 7 0.67

The placebo tests results presented in Table 8 validate the visual evidence from Figure 8.

In no case does the estimated deterrent effect approach conventional standards of statistical

significance (the lowest p-value is .24) and five of the seven estimated effects are negative.

As such, even when I limit the data to the type of homicide that seems most susceptible to

deterrence, I still find no evidence that capital punishment statutes prevent murders.

The next robustness check I conduct seeks to account for potential violations of the

no-spillover assumption mentioned in the methods discussion. While that assumption seems

fairly straightforward—after all, in most cases, criminals are primarily concerned with the

laws in their own state—one still might be concerned that potential murderers in one state

will revise their punishment expectations after learning about abolition in a neighboring

jurisdiction. For instance, a potential killer in Pennsylvania might consider the elimination

of the New York death penalty to be a sign that abolition may soon come to his state. At

the suggestion of anonymous reviewers, I address this concern by replicating the analysis in

Figure 1 and Table 3 with bordering states eliminated from the donor pool. That is, when

constructing the synthetic control for New Mexico, I did not use Texas, Oklahoma, Colorado,

Utah, or Arizona. Figure 9 and Table 9 present the results of these analyses—they strongly
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resemble those from my primary specifications.
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Figure 9: Strengthening No−Spillover Assumption By Removing Bordering States (y = Log Murders Per 100,000 Residents)
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Table 9: Permutation Tests of Effect Size, No Border States Used as Donors
State Estimated

Deterrence
Effect

Placebos
With
Larger

Deterrence
Effects

Placebos
With

Smaller
Deterrence
Effects

Proportion
of Placebos

With
Larger

Deterrence
Effect

New York -0.04 28 0 1
New Mexico -0.17 23 1 0.96

Illinois 0.09 3 23 0.12
Connecticut -0.17 27 2 0.93
New Jersey 0.02 15 13 0.54
Delaware 0.03 13 15 0.46
Maryland 0.06 11 16 0.41

The final means I use to test the robustness of my results is the generalized synthetic
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control method (GSCM) suggested by Xu (2017). Xu developed the GSCM method as a

means of unifying the synthetic control method with linear fixed effects models. According

to Xu (2017, p.58), “[t]his method is in the spirit of the synthetic control method in the

sense that by essence it is a reweighting scheme that takes pretreatment treated outcomes

as benchmarks when choosing weights for control units and uses cross-sectional correlations

between treated and control units to predict treated counterfactuals. Unlike the synthetic

matching method, however, it conducts dimension reduction prior to reweighting such that

vectors to be reweighted on are smoothed across control units.” That paper provides a more

expansive description of the GSCM; for our purposes, however, it can be treated as similar

to the standard synthetic control analysis, with the exception that it considers multiple

units simultaneously (see, e.g., Gilens et al. 2021; Bischof & Wagner 2019). The GSCM

method has two major advantages compared to ordinary synthetic controls. The first is the

aforementioned ability to account for multiple treated units simultaneously; the second is its

ability to provide confidence intervals for the effect estimates without the laborious iterative

placebo process described above.

Figure 10 provides the results of running this GSCM model—I exclude New York,

because the GSCM approach prefers a minimum of 10 years pre-treatment (Bischof & Wagner

2019; Xu 2017). The x-axis represents years prior to (or succeeding) the abolition of capital

punishment, while the y-axis represents the average treatment effect on the treated (the

ATT). Positive values represent increases in the log murder rate in the treated states (relative

to untreated states), while negative values represent decreases. In other words, Figure 10 is a

generalized version of Figure 2.
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Figure 10: Generalized Synthetic Control, Gap Plot

In the pre-treatment period (negative values on the x-axis), the ATT hovers around 0

(as it should, given that no state in the sample had yet abolished capital punishment). In

the post-treatment period, the ATT becomes slightly negative, indicating that abolishing

the death penalty is associated with a decrease in murder rates. However, as the confidence

intervals indicate, this putative effect is not statistically significant. Using the “Gsynth”

package in R, I was able to extract the average ATT and its standard error—those values

were -0.07 and 0.11, respectively (p = 0.59). Nevertheless, the GSCM results tell the same

story as the preceeding tests: there is no significant evidence that the de jure death penalty

deters murder.

5. Discussion

The foregoing analyses indicate that having a capital punishment statute on the books in

a state does not, by itself, deter murders. In the seven states considered here, post-abolition

murder rates closely track the synthetic control trends. In fact, in the two states that deviated

most from the synthetic control in the post-treatment period (Connecticut and New Mexico),
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eliminating the death penalty was associated with fewer murders. These results are robust to

multiple alternative specifications, do not appear to be the result of anticipation, and persist

when the data is limited to the homicides theoretically most susceptible to deterrence.

It is important to note, however, that this study should be read with several qualifications

in mind. First, one might raise questions about the reliability of the estimates for Illinois and

Delaware. In Illinois, Governor George Ryan imposed a moratorium on executions in 2000.

As such, though the death penalty remained a legally sanctioned punishment until 2011,

there was no threat of execution between 2000 and that date. While the state did continue

to seek death sentences during the moratorium period—meaning that a potential murderer

could not be sure they would never be executed in Illinois for their crime—some might be

concerned that the official halt to executions was itself sufficient to lessen the deterrent effect

of capital punishment.16

Meanwhile, one might have the opposite concern in the case of Delaware. That state’s

2016 elimination of capital punishment leaves only two years of post-treatment data. Though

I would expect the putative deterrent effect of the death penalty to evaporate immediately

upon the abolition of the punishment, some may disagree. If those individuals are correct,

then little could be gleaned from my study of Delaware. We simply would not have enough

post-period observations to make meaningful inferences. Fortunately, my work does not turn

entirely on the study of Delaware or Illinois—if both were excluded, results from five other

states would still support the conclusions drawn in the previous section. As such, if the reader

prefers, she might simply treat the Delaware and Illinois analyses as additional suggestive

evidence corroborating findings from the other tests.

An additional word of caution is warranted regarding the power of my tests. In this

paper, I do not find statistically significant evidence of deterrent effects—however, I cannot

completely rule out the possibility of positive deterrent effects that are too small to measure.
16I address the impact of the Illinois moratorium below—for the moment, it is sufficient to note that
backdating the abolition of the Illinois death penalty to 2000 does not change my results.
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Given that the average estimated deterrent effect in my primary specifications is negative

(-0.03) and that the two most extreme results (New Mexico and Connecticut) indicate that

abolishing the death penalty is associated with a decrease in murder rates, the null result here

does not appear to stem from a simple lack of statistical power. Nevertheless, researchers

would be well-advised to revisit this project in several years. By that point, they should be

able to add four new states—Colorado, New Hampshire, Virginia, and Washington—to this

analysis, and will be able to add to the post-treatment period in the existing states.

A final point worth considering is the appropriate scope conditions for this project.

While the above analyses provide strong evidence that capital punishment statutes do not

prevent murder by themselves, the results do not necessarily imply that frequent executions

are devoid of deterrent capacity. This qualification requires sustained attention. The seven

states under study here were fairly limited users of the death penalty—they combined for only

28 executions between 1995 and 2015, with the most recent execution in any state coming in

Delaware in 2012.17 Only once did one of the seven states execute as many as five people in

a single year. Only Illinois executed nine or more people in any twenty-year period covered

by this project, the minimum number Shepherd (2005) found necessary to trigger a deterrent

effect.

Figure 11 demonstrates this point graphically. The majority of the states under study

had not carried out an execution within five years of the death penalty’s abolition; Delaware

was the only state that was a relatively recent user of the punishment. States like New

Jersey and New York—which did not execute anyone in the period I consider—might even

be considered de facto abolitionist states. Certainly most of the states in this study would

be considered “symbolic” death penalty states in the parlance of Steiker & Steiker (2016),

rather than “executing states” (like Texas and Oklahoma). As such, the conclusions drawn

in this paper should not be uncritically applied to the Alabamas and Texases of the world.
17These statistics come from the Death Penalty Information Center, https://deathpenaltyinfo.org/executions/
executions-overview/number-of-executions-by-state-and-region-since-1976.
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The primary takeaway here should be that the de jure retention of the death penalty does

not deter murder.
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Figure 11: Executions By State and Year

1995 2000 2005 2010 2015

0
2

4
6

8
10

Illinois

execution.data$Year[execution.data$State == "Illinois"]

ex
ec

ut
io

n.
da

ta
$E

xe
cu

tio
ns

[e
xe

cu
tio

n.
da

ta
$S

ta
te

 =
=

 "
Ill

in
oi

s"
]

1995 2000 2005 2010 2015

0
2

4
6

8
10

Connecticut

execution.data$Year[execution.data$State == "Connecticut"]

1995 2000 2005 2010 2015

0
2

4
6

8
10

New Jersey

execution.data$Year[execution.data$State == "New Jersey"]

ex
ec

ut
io

n.
da

ta
$E

xe
cu

tio
ns

[e
xe

cu
tio

n.
da

ta
$S

ta
te

 =
=

 "
N

ew
 J

er
se

y"
]

1995 2000 2005 2010 2015

0
2

4
6

8
10

Delaware

execution.data$Year[execution.data$State == "Delaware"]

ex
ec

ut
io

n.
da

ta
$E

xe
cu

tio
ns

[e
xe

cu
tio

n.
da

ta
$S

ta
te

 =
=

 "
D

el
aw

ar
e"

]

1995 2000 2005 2010 2015

0
2

4
6

8
10

Maryland

Nevertheless, it would also be a mistake to understate the implications of my analyses.

First, consider again the case of Illinois. Illinois is the one state in my sample that called a

halted the death penalty after extensive recent use. As mentioned above, Illinois imposed an

execution moratorium in 2000, only a year after its last execution. Indeed, in the five years

immediately preceeding that moratorium, Illinois executed enough people to meet Shepherd’s

(2005) threshold for deterrence—the only state in my sample to do so. Thus, the Illinois

moratorium provides an opportunity to consider whether halting the death penalty in the

direct aftermath of a spate of executions leads to an increase in murder rates.

In order to take advantage of this development, I have re-run the analysis from Figure 1,

but with the discontinuity set at the point of moratorium (2000), rather than at the date
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the legislature eliminated the death penalty.18 Carrying out this test indicates that stopping

executions did not lead to an increase in the logged murder rate—in the post-treatment

period, the actual logged murder rate was typically less than the synthetic log murder rate

(see Figure 12).

1995 2000 2005 2010 2015

0
1

2
3

4
5

Figure 12: Assessing the Impact of the 2000 Moratorium in Illinois
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Running the iterative placebo test for this “de facto” abolition supports this conclusion.

Table 10 provides the results of carrying out the iterative placebo test using (a) one lagged

dependent variable; (b) no lagged dependent variables; and (c) the no border states specifica-

tions. Across all of these specifications, the estimated deterrent effect is negative, and the

p-values greater than 0.50. These results suggests that my null findings above may not merely

reflect the death penalty falling into disuse; it is possible that even reasonably consistent

executions do not deter murders. While I hasten to add that Illinois only provides a single

data point—much more evidence would be needed to arrive at a definitive conclusion—it

indicates the general lack of deterrence from executions is a plausible (though by no means
18For the purposes of this analysis, I only use one year of the lagged dependent variable, 1995.

41

Electronic copy available at: https://ssrn.com/abstract=3722634



confirmed) explanation for my findings.

Table 10: Permutation Tests of Effect Size, Illinois De Facto Abolition
Specification Estimated

Deterrence
Effect

Placebos
With
Larger

Deterrence
Effects

Placebos
With

Smaller
Deterrence
Effects

Proportion
of Placebos

With
Larger

Deterrence
Effect

One Lagged DV -0.06 16 13 0.55
No Lagged DVs -0.02 15 14 0.52

No Bordering States -0.05 17 9 0.65

Second, most states with the death penalty use it sparingly. The punishment remains

legal in 27 states, but only 12 have executed enough people over the last twenty years to hit

the deterrence threshold proposed by Shepherd. Ten states have executed fewer than five

people during that span, while Oregon, Pennsylvania, and Wyoming have not put anyone

to death since 2000. In short, most death penalty states are in precisely the position of the

jurisdictions under study here—light users of the punishment that, according to the above

results, do not obtain any measurable deterrence from their capital punishment statutes.

If such states reconsider their use of capital punishment at some point in the future, they

still might choose to retain it for reasons of retribution or incapacitation. They would be

mistaken, however, if they continued to base their support for the penalty on its capacity to

prevent murder.
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Appendix A: Data Sources

In compiling the data necessary to carry out this project, I drew extensively on information

available through various government agencies and non-profits. First, I relied on the Death

Penalty Information Center for murder rates by state and year. For crime rate statistics, I

used the FBI’s Uniform Crime Reporting Service; for yearly unemployment rates, I exploit

data drawn from the Bureau of Labor Statistics. The U.S. Census Bureau provided population

density data, as well as poverty rate data. For state-level estimates of the 15-29 year-old

population, I extracted data from the Center For Disease Control’s “WONDER” database.

I obtained estimates of real GDP per capita from the Bureau of Economic Analysis, and

the percentage of income held by the top 1% of earners from Estelle Sommeiller and Mark

Price’s report for the Economic Policy Institute, titled “The New Gilded Age.” Finally, I

relied on the Urban Institute for data on direct state police expenditures.

1
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Appendix B: Intimate Homicide Rate and Acquaintance Homicide Rate as the

Dependent Variable

In this Appendix, I test the effects of death penalty abolition on homicides by intimates

and acquaintances. Just as in the body of the paper, I used the FBI’s Supplementary

Homicide Reports as aggregated by Kaplan (2020) to calculate homicide rates for these

murder subtypes. I used the same procedure discussed in footnote 14 to extract “imtimate

homicides per 100,000” and “acquaintance homicides per 100,000.”

Unlike homicides by strangers, the Supplementary Homicide Reports keep fine-grained

data on the precise nature of the relationship between the victim and perpetrator in the case

of homicides by intimates and acquaintances. This categorization system required me to

make judgement calls about which labels denoted a homicide by an “intimate” and which

labels denoted a homicide by an “acquaintance.” In the interest of transparency, I sorted

the Supplementary Homicide Reports’ (sometimes inartful) categories into the two broader

classes as follows:

Intimates: “boyfriend”; “brother”; “common-law husband”; “common-law wife”; “daughter”;

“ex-husband”; “ex-wife”; “father”; “girlfriend”; “homosexual relationship”; “husband”; “in-

law”; “mother”; “other family”; “sister”; “son”; “stepdaughter”; “stepfather”; “stepmother”;

“stepson”; and “wife.”

Acquaintances: “acquaintance”; “employee”; “employer”; “friend”; “neighbor”; and “other -

known to victim.”

Due to missing state-years, I was only able to use 24 of the 29 states in the original

dataset to construct synthetic controls for these analyses. The fits these synthetic controls

provide are not as tight as those in the main text, but they are sufficient for the purposes of

a robustness check.

Tables A.1 and A.2 present the result of placebo tests using “acquaintance homicide rate”
and “intimate homicide rate” as the dependent variable. They largely resemble the results
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presented in the main paper. The majority of the deterrent effects are not in the expected
direction. Only for one of the fourteen analyses—intimate homicides in Delaware—are a
statistically significant proportion of the placebo deterrent effects estimates less than the
actual estimate.
’

Table A.1: Permutation Tests of Effect Size, Acquaintance Homicides
State Estimated

Deterrence
Effect

Placebos
With
Larger

Deterrence
Effects

Placebos
With

Smaller
Deterrence
Effects

Proportion
of Placebos

With
Larger

Deterrence
Effect

New York 0.13 8 16 0.38
New Mexico 0.26 4 20 0.19

Illinois -0.05 13 11 0.62
Connecticut -0.43 21 3 1
New Jersey -0.23 17 7 0.81
Delaware 0.07 8 16 0.38
Maryland -0.19 17 7 0.81

Table A.2: Permutation Tests of Effect Size, Intimate Homicides
State Estimated

Deterrence
Effect

Placebos
With
Larger

Deterrence
Effects

Placebos
With

Smaller
Deterrence
Effects

Proportion
of Placebos

With
Larger

Deterrence
Effect

New York -0.02 9 15 0.43
New Mexico 0.07 5 19 0.24

Illinois -0.09 18 6 0.86
Connecticut -0.13 20 4 0.95
New Jersey -0.09 18 6 0.86
Delaware 0.4 1 23 0.05
Maryland 0.11 8 16 0.38

However, even this finding may not represent an real deterrent effect. As Figure A.1
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illustrates, the fit between the true intimate homicide rate and the synthetic control is

quite poor for Delaware. Moreover, my analysis only contains two years of data from after

Delaware’s 2016 elimination of the death penalty, which, as mentioned above, may not be a

long enough period to accurately measure a deterrent effect. Viewed in light of the other

findings presented in this paper, it seems plausible that the Delaware result is a product of

noisy data, rather than a genuine causal effect.
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Figure A.1: Synthetic Control Plot for Delaware (y = Intimate Murders Per 100,000 Residents
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Appendix C: RMSPE Calculations for Different Lagged Dependent Variable

Choices

This Appendix contains root mean squared error (RMSPE) calcuations for each of the

four lagged dependent variable specifications I tested for my main analyses. Table A.3 presents

the pre-treatment period RMSPE—that is, the square root of the mean squared difference

between the dependent variable values for the synthetic control and actual data—for each

state given each specification. In the final column of the table, I sum the RMSPEs of the

individual states for that model.

Table A.3: Root Mean Square Prediction Error Calculations
Specification New York

RMSPE

New

Mexico

RMSPE

Illinois

RMSPE

Connecticut

RMSPE

New Jersey

RMSPE

Delaware

RMSPE

Maryland

RMSPE

Total

Specification

RMSPE

Three Lagged

Dependent Variable

Years As Predictors

0.046 0.176 0.082 0.127 0.058 0.176 0.067 0.731

No Lagged Dependent

Variable Years as

Predictors

0.119 0.182 0.113 0.127 0.074 0.363 0.196 1.174

Mean Pre-Period

Dependent Variable

as Predictor

0.046 0.182 0.098 0.125 0.056 0.29 0.067 0.864

Dependent Vairable

Value in Last

Pre-Abolition Year as

Predictor

0.046 0.182 0.098 0.127 0.075 0.386 0.072 0.985

As mentioned above, the main specification I deploy (using three lagged dependent

variable values as predictors) substantially outperforms the others. Unsurprisingly, the model

that does not use any lagged dependent variable values as predictors fares the worst, with

the other alternative strategies falling somewhere in-between. The largest gains from using

the first specification seem to come from the improved fit in Delaware; in all other models,

the synthetic control for Delaware is a poor approximation of the log murder rates.

5
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Appendix D: Panel Difference-in-Differences Model

This Appendix provides the panel data analysis discussed in Section 2. In calculating

this model, I use all of the predictors used to construct my initial set of synthetic controls,

with the exception of the lagged dependent variables (which I omit). The model covers a

twenty-one-year period (1995-2015) and includes the 37 states I use to run the synthetic

control analyses. The purpose this model serves is to motivate my use of the synthetic control

methodology—I do not draw any substantive conclusions from the results.

Table A.4: Panel Difference-in-Differences Model

Logged Murder Rate
Death Penalty Statute (1 = Yes, 0 = No) 0.055

(0.044)

Property Crime Rate (Crimes Per Resident) 5.686∗

(3.089)

Unemployment Rate (Percentage) −0.030∗∗

(0.013)

Robberies Per Resident 205.319∗∗∗

(52.074)

Population Density 0.004∗∗

(0.002)

Proportion 15-29 2.166
(2.023)

GDP Per Capita (2012 Dollars) −0.00000
(0.00001)

Percentage of Income Held By Top 1 Percent −0.001
(0.004)

Percentage in Poverty −0.005
(0.005)

Direct Expenditures on Police Per Capita 0.001
(0.002)

State Fixed Effects Yes
Year Fixed Effects Yes
Standard Errors Clustered By Unit Yes
N 756
R2 0.909

Notes: ∗∗∗Significant at the 1 percent level.
∗∗Significant at the 5 percent level.
∗Significant at the 10 percent level.
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Appendix E: Additional Robustness Checks for the No Lagged Dependent Vari-

able Model

In this Appendix, I provide robustness checks for the first analysis in Table 5 (which

omits lagged outcome variables from the set of predictors). These models are somewhat less

reliable than my primary specification—removing lagged dependent variables from the set of

predictors limits the robustness of the synthetic control method by compromising its ability

to account for time-varying confounders and increasing pre-period RMSPE. However, those

interested in how the lagged outcome variables affect my results may find these analyses

useful.

Table A.5 re-runs the placebo tests from Tables 9 and 6, while Figures A.2 and A.3 test

those same specifications using the type of placebo test conducted in Figure 4. The results

largely resemble those in the body of the article. For Illinois, the p-values are relatively

low in Table A.5 (though not significant at the p < .05 level)—however, those low p-values

increase when conducting the RMSPE ratio tests (see Figures A.2 and A.3). Ultimately,

these analyses largely affirm the results in the main text. It is worth reiterating, though, that

they have limited probative value because of their deviation from best practices when using

synthetic controls (see, e.g., Kaul 2016).

Table A.5: Testing Alternative Specifications With No Lags
State Estimated

Deter-
rence
Effect

Placebos
With
Larger
Deter-
rence
Effects

Placebos
With

Smaller
Deter-
rence
Effects

Proportion
of

Placebos
With
Larger
Deter-
rence
Effect

Bordering States Removed
New York -0.26 26 2 0.93

New Mexico -0.16 20 4 0.83
Illinois 0.15 2 24 0.08
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(continued)
State Estimated

Deter-
rence
Effect

Placebos
With
Larger
Deter-
rence
Effects

Placebos
With

Smaller
Deter-
rence
Effects

Proportion
of

Placebos
With
Larger
Deter-
rence
Effect

Connecticut -0.17 27 2 0.93
New Jersey 0.02 12 16 0.43
Delaware -0.02 17 11 0.61
Maryland 0.07 11 16 0.41

Alternative Predictor Variables
New York -0.17 26 3 0.9

New Mexico -0.07 22 7 0.76
Illinois 0.11 2 27 0.07

Connecticut -0.17 27 2 0.93
New Jersey 0.07 7 22 0.24
Delaware 0.3 3 26 0.1
Maryland 0.01 13 16 0.45
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Figure A.2: Ratios of Post−Treatment RMSPE to Pre−Treatment RMSPE (No Lagged DVs, Bordering States Removed)
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Figure A.3: Ratios of Post−Treatment RMSPE to Pre−Treatment RMSPE (No Lagged DVs, Alternative Predictors)
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Appendix F: Graphs From Running the Models with Alternative Predictors

This Appendix provides the synthetic control graphs for models in which I replace

“Direct Police Expenditures Per Capita” with “Police Officers Per 1,000 Residents” and the

“Robbery Rate” and “Property Crime Rate” variables with “Prisoners Per 100,000 Residents.”

The graphs strongly resemble those from Figure 1.
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Figure A.4: Synthetic Control Plots With Alternative Predictors (y = Log Murders Per 100,000 Residents)
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