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Abstract
The recent shift from medical to recreational marijuana laws (RML) in several US states
provides an opportunity to further assess the relationship between marijuana and crime. In this
study, I employ a synthetic control method to estimate the causal effect of RML on state crime
rates. My results suggest that RML may have led to a decrease in violent crimes in Washington
state.
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“I believe it’s an unhealthy practice, and current levels of THC in marijuana are very high
compared to what they were a few years ago, and we’re seeing real violence around that.”
Independent, Osborne (2017).

1. Introduction
The legalization of marijuana continues to be a highly debated and controversial topic. At the
center of this debate are two contrasting views on the relationship between drugs and crime. One
side presumes drug use causes violence and crime and thus, argues that legalization will
exacerbate these problems. A prime example of this is given in the quote of US Attorney General
Jeff Sessions at the top of this page. On the other hand, proponents of marijuana reform attribute
these negative externalities to the large underground market for illicit drugs and reason instead,
that legalization will reduce crime. For instance, Miron and Zwiebel (1995) have long argued
that drug prohibition, and not drug consumption, promotes violence. Since there have been only
a few experiments with alternative drug control regimes (Yablon, 2011), there is limited
empirical evidence to support either theses. The present paper seeks to address this shortcoming
and inform the debate by providing an evaluation of the effects of recreational marijuana laws
(RML) on state crime rates in the US.
Although marijuana is prohibited under federal law, 29 states and the District of
Columbia (DC) have introduced state policies authorizing the use of marijuana for medical
purposes. Further, beginning in 2012, nine of these states and the DC, have enacted RML- de
facto legalizing marijuana. While there is some heterogeneity in RML across states, their
primary purpose is to allow for the consumption, production and distribution of recreational
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marijuana. As of March 2018, adults aged 21 and older can purchase recreational marijuana from
state-licensed dispensaries in Alaska, California, Colorado, Maine, Massachusetts, Nevada,
Oregon and Washington. Missing from this list are the DC; which has not authorized the sale of
recreational marijuana and Vermont; whose RML do not come into effect until July 2018.
Findings from recent empirical studies provide little support to the crime exacerbating
effects of marijuana laws (Morris et al., 2014; Shepard & Blackley, 2016; Gavrilova, Kamada
and Zoutman, 2017; Chu & Townsend 2017). While Morris et al. (2014) and Chu and Townsend
(2017) report no significant relationships between medical marijuana laws (MML) and crime,
Gavrilova et al. (2017) find that the introduction of MML in states that border Mexico caused
significant decreases in violent crimes in those states. The authors suggest that MML may have
reduced the activity of Mexican drug-trafficking organizations by creating legitimate competition
from US producers.
In this study, I add to the existing literature by providing an analysis of violent and
property crimes in two states with RML; Colorado (CO) and Washington (WA). To identify the
causal effect, I employ the synthetic control method inspired by Abadie and Gardeazabal (2003)
and Abadie et al. (2010). This method creates a counter-factual group out of a weighted average
of control states which best resemble the affected1 state in the preintervention2 period. By
comparing the synthetic control to the affected unit in the postintervention period, I can estimate
the effects of the policy change on the outcome variable (crimes per 100,000 inhabitants).

1
2

Refers to states that have introduced RML.
Refers to the years before legalization of recreational marijuana.
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I find that the introduction of RML in WA state may have reduced violent crimes. I
include several variations to the model specification to show that my results are not being driven
by an idiosyncratic selection of control weights.
The remainder of the paper is organized as follows. The next section briefly discusses
marijuana policy in the US. The third section considers the mechanisms through which RML
could influence crime levels. The fourth section describes the crime data and its caveats. The
fifth section examines the synthetic control method while the sixth section discusses results. The
seventh section presents robustness checks and section eight concludes.

2. Recreational Marijuana Laws
Since the passage of the Controlled Substances Act in 1970, marijuana has remained classified as
a Schedule I drug; considered to have “no currently accepted medical use and a high potential for
abuse” (Drug Enforcement Administration, n.d.). Despite this, over half of US states, beginning
with California in 1996, have implemented MML authorizing the use of marijuana for medical
purposes. Further, nine of these states and the DC have enacted RML- de facto legalizing
marijuana for personal use. In Figures 1 and 2, I present a timeline and map of state marijuana
laws.
RML allow the use, possession, production and sale of marijuana for recreational
purposes. However, there is often a time-lag between the passing of a RML and the first legal
sales of recreational marijuana. Given that the potential effects of marijuana use on crime are an
important aspect of this study, I restrict my attention to states with RML that have established
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retail outlets3. Since 2016 is the latest year for which data on my outcome variable is available,
this limits my study to the following four states; Alaska, CO, WA and Oregon. I further exclude
Alaska and Oregon since the first legal sales of recreational marijuana did not occur until
October 2015 and October 2016 respectively.
CO and WA were the first states to adopt RMLs in November 2012. Retail sales of
recreational marijuana began in January 2014 in CO and July 2014 in WA. In both states, adults
aged 21 years and older can purchase up to one ounce of marijuana at state-licensed outlets.
Coloradans can also grow up to 6 marijuana plants in their homes for personal use. Table 1
presents an overview of RML and their specific provisions in CO and WA.
The shift from medical to RML expands the base of potential users and reduces barriers
to access, since consumers no longer require doctor “recommendations” 4 to obtain licit
marijuana (Freisthler et al., 2017). To illustrate this point, annual retail marijuana sales in WA
have skyrocketed from $31 million in 2014 to $927 million in 2017 (502 Data, n.d.). Similarly,
annual retail and medical marijuana sales in CO have more than doubled since 2014, reaching
$1.5 billion in 2017 (Colorado Department of Revenue, 2018).

3. Mechanisms
There are many possible channels through which RML could influence crime levels. Goldstein’s
(1985) tripartite conceptual framework suggests three possible connections between drug use and
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Retail outlets are stores that sell legal recreational marijuana.
Doctors are not legally allowed to prescribe marijuana since it is prohibited under federal law however, they can
“recommend” it without risking their license and legal action. In states with medical but not recreational marijuana
laws, patients must obtain doctor “recommendations” to use marijuana.
4
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crime. The first arises from the psychopharmacological5 effects of substance use, which may
lead to aggressive behaviour and violence. While there are numerous studies that associate
marijuana use and violence (Fishbein & Reuland, 1994; Brady et al., 2008; Reingle et al., 2012),
it is unclear whether these connections are causally linked or the result of spurious correlation
(Miron, 2004; Morris et al., 2014). Moreover, other research suggests that marijuana use reduces
aggressive behaviour (Miczek et al., 1994; Stewart & Hoaken, 2003; Perna et al., 2016).
The second dimension of the tripartite framework, economic compulsive, refers to the
crimes committed by drug users to finance their drug habits. To the extent that marijuana serves
as a “gateway” to harder drugs (Fergusson & Horwood, 2000; Secades et al., 2015), RML may
lead to long term increases in predatory crimes as recreational marijuana users transition to more
dangerous substances. However, a case can also be made that RML may reduce the number of
hard drug users and associated street crimes. For example, Powell, Pacula and Jacobson (2015)
find that opioid abuse decreases in states that permit medical marijuana dispensaries. Similarly,
Chu (2015) suggests that MML may reduce heroin usage.
The third component pertains to the violence inherent in the illicit drug market. As there
are no legal dispute resolution systems, conflicts over territory or drug debts are often resolved
through violence (Levitt & Venkatesh, 2000; Gavrilova et al., 2017). Thus, competition from
legal suppliers may reduce the presence of drug gangs, together with drug-related conflicts and
associated crimes (Becker & Murphy, 2013; Gavrilova et al., 2017). However, it is important to
note the limitations to this argument, as it is unclear what previous dealers and drug-trafficking
organizations do after legalization (Dragone et al., 2017).

5

The emotional and mental effects of drug use.
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Lastly, whether marijuana serves as a substitute from (Morris et al., 2014; Powell et al.,
2015) or complement to (Williams et al., 2004) violence-inducing substances such as alcohol,
cocaine or amphetamines, will also likely influence crime rates.

4. Data Description
As part of the UCR Program, participating law enforcement agencies throughout the country
submit data on reported crimes and persons arrested to centralized crime record facilities within
their state. These reports are then forwarded to the Federal Bureau of Investigation (FBI) who
compiles the data to form state and national level estimates of crime. These data are accessible
via the FBI’s annual publication Crime in the United States.
Although the UCR is a primary source of data for crime analysis in the US, it has several
well-known caveats. First, since participation in the UCR program is largely voluntary, not all
law enforcement agencies report data every month or every year (Maltz, 2006; Lynch et al.,
2008; Chu & Townsend, 2017). As a result, some subsets of the data are largely incomplete
(Lynch et al., 2008). To address this issue, the FBI imputes crime counts to non-reporting
agencies when building state and national level estimates. These procedures vary by data series
(i.e. Offenses Known, Arrests) and by the amount of data that are missing (Lynch et al., 2008).
Second, under UCR Program guidelines, if an incident involves more than one offense,
only the most serious offense is counted (UCR Handbook, 2004). For instance, if a person
commits a robbery and then murders his victim, only the murder is recorded. This ordering,
known as the hierarchy rule, undercounts the total number of reported offenses.
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Last, since not all crimes are reported to law enforcement, UCR likely underestimates the
total number of crimes committed. Fohring (2014) argues that this so called “dark figure” of
unreported crime consists of nearly half of all crimes and is likely much higher for less serious
offenses.
The UCR Program divides crimes into two groups, Part I and Part II offenses. Part I
offenses are serious crimes that occur with regularity and are likely to be reported to police
(Targonski, 2011). Data on Part I offenses are collected when these crimes come to the attention
of law enforcement personnel and include violent and property crimes. Violent crimes are
composed of four offenses; homicide, rape, robbery and aggravated assault. Property crimes
includes the offenses of burglary, larceny-theft, motor vehicle theft and arson.
I obtain these data for each of the 50 US states for the years 1994-2016. The final dataset
is a balanced panel consisting of 1,150 state-year observations. Data on the covariates, also
known as the predictors in the synthetic control method, come from the US Census Bureau,
Bureau of Labor Statistics, Bureau of Justice Statistics and the Centers for Disease Control and
Prevention. Summary statistics for crime rates per 100,000 inhabitants and the crime predictors
are reported in Table 2.

5. Synthetic Control Method
If we look at the typical covariates of crime and the rates of various offenses as listed in Table 2,
we see that both CO and WA are not all that comparable to the rest of the US (in the 4th column).
The synthetic control method addresses this shortcoming by forming a comparison group that is
more like the affected state. This approach has been used to examine a wide variety of
7

comparative case studies including the economic costs of terrorist conflict in the Basque country
(Abadie & Gardeazabal, 2003), the labour market effects of the Mariel Boatlift in Miami (Peri &
Yasenov, 2017) and school nutrition policies in Los Angeles (Bauhoff, 2014).

5.1 Model
The synthetic control is constructed as a weighted average of comparison states from a set of
potential control states, commonly referred to as the donor pool. The first part of the
optimization process is to find the set of donor weights W* such that the values of the predictors
of the outcome variable for the synthetic control, best resemble those of the affected state in the
preintervention period. The weights for each donor state must be greater than or equal to zero
and sum to one. This entails solving the following minimization problem:
min &(X0 - X1W)’ V (X0 - X1W)
%

(1)

where X0 is the (k x 1) vector of k predictors for the affected state in the preintervention period,
X1 is the (k x J) matrix of predictors for all J control states in the preintervention period, W is the
(J x 1) vector of donor weights and V is a given (k x k) matrix of predictor weights. The latter
considers the relative importance of each predictor in explaining the outcome variable.
The second part of the optimization is to find the set of predictor weights V* such that the
average of the squared discrepancies between the outcomes of the synthetic control and the
affected state- denoted the mean squared prediction error (MSPE), is minimized over the
preintervention period. The second minimization problem is thus:
min (Z0 − Z1W∗(V))’ (Z0 − Z1W∗(V))
0
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(2)

where Z0 is the subset of the outcome variable for the affected state over the preintervention
period and Z1 is the analogous matrix for the control states.
Using these weights, the trajectory of the outcome variable for the synthetic control can
be computed and thus, compared to the affected state. The estimated effect of the policy change
in any postintervention period t is thus:
𝑌67 − ∑;:<= 𝑤:∗ 𝑌:7

(3)

where Y0t is the outcome of the affected state, Yjt is the outcome of the jth control state and 𝑤:∗ is
the optimal donor weight for the jth control state.

5.2 Inference Test
To estimate the significance of my results, I employ a placebo-based inference test as suggested
by Abadie and Gardeazabal (2003) and Abadie et al. (2010). The purpose of this test is to
determine the likelihood that the apparent effect of legalization on crime rates in the affected
state is the result of chance.
The placebo-based iterative approach reassigns the same synthetic control method used to
estimate the effect of the policy change in the affected state, to every state in the donor pool.
That is, at each iteration, a state in the donor pool is assumed to have adopted a RML in 2014
and thus, replaces CO or WA as the affected state. For each placebo run, I calculate the pre and
post MSPE and construct the following ratio:
MSPE ratio =
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(4)

The MSPE provides a measure of the goodness of fit between the affected and synthetic
unit. If RML influence crime rates, the trajectory of the affected state should diverge from its
synthetic counterpart in the postintervention period- leading to a large post-MSPE. The placebo
state on the other hand, should have pre and post MSPE that are of similar magnitude
(McClelland & Gault, 2017).
By comparing the distribution of MSPE ratios, I can determine the probability of finding
a MSPE ratio as large as the actual affected state as
𝑝=

=MN
;M=

(5)

where x is the number of placebo states with ratios greater than the actual affected state and J is
the number of states in the donor pool. Therefore, if there are many placebo states with MSPE
ratios larger than the ratio of the affected state, it is likely that the estimated effect of RML on
crime rates in the affected state was observed by chance.
By extension, Johnson (2013) suggests for statistical significance at a chosen level of
Type I error α,

y ≥ (1 – α) (J + 1)
where the MSPE ratio for the affected unit must be larger than the ratios of y placebo states.

5.3 Specification
There are several choices regarding the specification of the synthetic control which have
important implications for the resulting estimates. I explore the effects of alternative
specifications in a sensitivity analysis in section seven.
10

(6)

The first step is to identify the donor pool i.e. the set of all potential control states for
which the synthetic control is constructed from. For instance, I can exclude all states that
introduced RML and have active retail outlets during the study period (1994-2016). However,
this includes many states with MML- policies comparable to RML. McClelland and Gault (2017)
suggest that since the control state is a contrast to the affected state, the donor pool should not
include states that have adopted similar policies to the affected state during the selected period.
Therefore, when I apply this criterion and exclude all states that introduced marijuana laws
during the study period, I end up with a donor pool of 22 possible control states.
The second step regards the selection of crime predictors. The variables I use reflect the
existing literature (Schneider, 2002; Pratt & Cullen, 2005; Gavrilova et al., 2017) and include the
unemployment rate, poverty rate, median household income (in 2016 US$), portion of males
aged 15-25, the portion of all races other than white, population and the number of police
officers per 100,000.
Another important predictor that is widely used in studies incorporating the SCM, is the
lagged value of the outcome variable. McClelland and Gault (2017) suggest: “It avoids the
problem of omitting important predictors’ effects because it includes the effects of any predictor
variables whether or not they are gathered by the analyst.” The issue however, is the lack of
consensus with respect to the number of lagged values included as predictors. For example, some
studies use the values of the outcome variable for every preintervention period as separate
predictors while others use the average of the outcome variable over the preintervention period6.
Kaul et al. (2015) argue that using all preintervention lagged outcomes renders all other

6

For instance, Bohn et al. (2014) use all preintervention outcomes as separate predictors and Abadie &
Gardeazabal (2003) use the mean outcome over the preintervention period.
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covariates irrelevant; leading to a potential bias of the estimated policy effect. The authors
suggest instead to use the mean of the outcome variable across the preintervention period.
The final step is to determine the policy intervention date. CO and WA both passed RML
in 2012; legalizing the possession and consumption of marijuana. However, licensed retail
outlets did not begin selling recreational marijuana until 2014 in both states. Therefore, I use
2014 as the intervention date, since this is the year that legal recreational marijuana is available
to consumers. Although, a case can be made that the intervention began in 2012, as consumers
may have increased their use of medical or illicit marijuana at that time (Hansen et al., 2018).

6. Results
Figure 3 plots the violent crime rates in CO, WA and the US. Coinciding with the first legal sales
of recreational marijuana in CO and WA (2014), is a spike in national violent crime rates. Thus,
simply comparing the crime rates of CO and WA before and after legalization, is likely
misleading. Moreover, this study is focused on answering a much more interesting question:
what would have happened to crime rates in CO or WA had they not introduced RML.

6.1 Violent Crimes
Panel (a) of Figure 4 presents violent crimes per 100,000 inhabitants for CO and its
synthetic counterpart over the years 1994-2016. The vertical dashed line separates the pre and
postintervention periods and indicates the year retail outlets began selling recreational marijuana.
As explained in section 5.1, synthetic CO is constructed as the weighted combination of control
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states in the donor pool that most closely resemble actual CO in terms of pre-legalization values
of crime predictors (Abadie et al., 2010).
Panel (a) of Figure 4 shows that the synthetic control does not accurately match CO’s
violent crime rates over the preintervention period (1994-2013). Ideally, the synthetic control
should track the affected state closely before the policy intervention, so that divergence after that
period can represent the effect of the policy change (McClelland & Gault, 2017). As a result,
there is little that can be said about the effects of RML on violent crime rates in CO. The poor fit
is likely due to the distinctive trend in CO’s violent crime rates. Panel (c) illustrates this point
and plots the outcomes of CO against the outcomes of all donor states and those used to
construct synthetic CO.
On the other hand, Panel (b) of Figure 4 shows that the synthetic control fits the
preintervention violent crime rates in WA reasonably well. The two paths closely match each
other up until the year retail outlets begin selling recreational marijuana. After this period, the
two paths diverge, and by 2016, the gap exceeds 40 violent crimes per 100,000. From Equation
(3), the estimated effect of legalization7 on violent crime rates is the difference between the
violent crime rates in WA and its synthetic counterpart in any postintervention period. Therefore,
this graph suggests that the legalization of recreational marijuana negatively affected violent
crime rates in WA state.
Before assessing the significance of this result, I determine whether synthetic WA is an
appropriate control group. Table 3 indicates that synthetic WA is constructed as a weighted
average of four states: Indiana (27.7%), Missouri (22.9%), Virginia (46.8%) and West Virginia

7

Note, I refer to legalization as the year retail outlets began selling recreational marijuana and not the year RML
were initially passed.

13

(2.7%). The outcomes of these states, and all other donor states, are illustrated in Panel (d) of
Figure 4. The evolution in violent crime rates of one the synthetic states (Indiana), is quite
different from that of WA, as it trends upwards from 2008 onwards. This may suggest that
Indiana is not a reasonable donor state, given that violent crime rates seem to behave much
differently in this state.
From Table 4, we see that synthetic WA is a better control group than the US; given that
it matches most of the violent crime predictor means of WA better than the latter. However, the
synthetic control poorly approximates the unemployment rate in WA. Examining the predictor
weights, which are selected to minimize the synthetic’s MSPE, sheds light on this problem.
Table 5 shows that the unemployment rate, police officers per 100,000 and the portion
of all races excluding white receive the lowest predictors weights. On the other hand, population,
portion of males aged 15-25 and the mean of the violent crime rate over the preintervention
period are assigned the largest weights. As a result, the synthetic control method selects donor
states based mostly on the portion of males aged 15-25 and the average violent crime rate over
the years 1994-2013. As previously mentioned, including the outcome variable as a predictor of
violent crime is beneficial as it includes the effects of all predictors whether they are included in
the specification or not.
While there are a few concerns, overall, synthetic WA appears to be a reasonable
comparison group to WA. I proceed with a placebo-based inference test to estimate the
significance of my earlier findings.
In the placebo test, I employ the same synthetic control method used to estimate the
effects of legalization on violent crimes in WA state, to each state in the donor pool. That is, I

14

treat every state in the donor pool as if it legalized recreational marijuana in 2014. I compute the
pre and post MSPE between each placebo state and its synthetic counterpart and then compile
the MSPE ratios. Figure 5 illustrates the differences in violent crime rates between each placebo
state and its associated synthetic control i.e. the prediction error. The green line denotes the
prediction errors in violent crime rates between WA and synthetic WA, which hovers around
zero over the preintervention period and then decreases post-legalization. We can see that the
model poorly matches the preintervention violent crime rates of a few states.
Figure 6 presents the distribution of MSPE ratios for WA and each placebo state. If RML
do in fact affect violent crime rates, we would expect WA to have a much larger ratio relative to
all other placebo states. Given that there a several placebo states with ratios of similar magnitude
to WA, it may be the case that the estimated policy effect is simply the result of chance. From
Equation (5), I can calculate the probability that the estimated policy effect was due to chance as,
W
XW

= 13.04%. Equivalently, using Equation (6), I can calculate the probability of a Type 1 error

as, 1 −

X6
XW

= 13.04%8. However, it is important to note that this is not a standard test of statistical

significance. McClelland and Gault (2017) advise that “evidence of significance should be
treated as suggestive of an effect rather than as a rejection of a null hypothesis.”

6.2 Property Crimes
Figure 7 presents property crimes per 100,000 inhabitants over the years 1994-2016. Panel (a)
and Panel (b) show that the synthetic controls poorly match the property crime rates in both CO

8

For statistical significance, studies typically require the probability of a Type 1 error to be less than 5%.
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and WA. This is likely because property crime rates behave much differently in these states in
comparison to all other donor states. For example, Panel (d) indicates that property crime rates in
WA are higher relative to all other donor states over most of the preintervention period. Thus, the
property crime rate in WA cannot be approximated using any weighted combination of donor
states. As a result, there is no clear interpretation of the estimated effects of RML on property
crimes in either state.

6.3 Crime Specific Results
Figures 8-11 present the rates of each category of violent crimes for CO and synthetic CO in
Panels (a); and WA and synthetic WA in Panels (b). Figures 12-14 present the analogous rates of
each category of property crimes9. Most of the resulting synthetic controls poorly match the
specific crime rates in the affected states over the preintervention period. As a result, I only
include the distribution of MSPE ratios, in Panels (c), in cases where the synthetic appears to
have a low pre MSPE.
Panel (b) of Figure 10 presents the aggravated assault rate in WA and synthetic WA. We
see that the synthetic fits the assault rate in WA over the preintervention period quite well. The
divergence of the two in the postintervention period suggests that RML may have lead to a
decrease in aggravated assault rates. I test the significance of this result using the distribution of
MSPE ratios obtained from the placebo test. From the distribution in Panel (c), the probability

9

Excludes the offense of arson due to data limitations
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Y

that the perceived effect of legalization on assault rates was simply due to chance is, XW =
21.74%.
Panel (b) of Figure 13 presents the theft rate in WA and its associated synthetic. We see
that the synthetic closely matches the theft rate in WA until 2012. At this point, the synthetic
begins to diverge below WA. This suggests that RML may have positively affected theft rates.
Comparing the distribution of MSPE ratios, as presented in Panel (c), the probability that the
Y

policy effect was because of chance is again, XW = 21.74%.

7. Sensitivity Analysis
My results suggest that the legalization of recreational marijuana may have caused violent crimes
to decrease in WA state. However, it could be the case that the estimates are being driven by an
idiosyncratic selection of donor weights. In this section, I assess the sensitivity of this result
under several different specification choices.
First, I examine how synthetic WA changes when I adjust the number of violent crime
lags used as predictors. As noted in section 5.3, there are a variety of possible ways to include
the lagged values of the outcome variable as predictors. In my analysis, I use the average of the
violent crime rate over the preintervention period.
Figure 15 plots the violent crime rate in WA (black dashed line) and the synthetic WAs
under various outcomes lags. The synthetic WA used to obtain my results is denoted by the
green line. I include synthetic controls which use the violent crime rates in all preintervention
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periods as separate predictors (in orange); the violent crime rates in the first, middle and last
periods (in grey); and one which does not include any lagged outcomes as predictors (in red).
Figure 15 illustrates that regardless of the lagged outcomes used, the synthetic controls all
behave similarly in both the pre and postintervention periods. Moreover, Table 6 reveals that
there is no unique donor state that is influencing these results, given that all specifications result
in various combinations of donor weights.
Next, I examine my results when I change the intervention period. Given that WA
legalized the possession and consumption of recreational marijuana before establishing licensed
retail outlets, it is reasonable to assume that the true intervention period is 2012. By changing the
year from 2014 to 2012, the resulting synthetic is now optimized to match the violent crime rate
in WA over the years 1994-2011. Figure 16 plots the synthetic controls with various lagged
outcomes and with 2012 as the intervention period. The results are much the same of those in
Figure 15; the synthetics behave similarly, and the estimated policy effects are negative and of
comparable magnitudes. As an additional test, I randomly assign the intervention period to 2006.
The results are depicted in Figure 17 and are again, analogous to my initial results.
As a final exercise, I examine how my results change when I modify the set of all potential
control states. I first include all states as possible controls except those that adopted marijuana
laws at the time that WA legalized the possession, use and sale of recreational marijuana i.e.
between the years 2012-2014. It may be the case that states with MML are the most suitable
comparison units given that both CO and WA adopted MML prior to legalizing recreational
marijuana. However, I exclude states that adopted MML at the time that WA introduced RML as
these states may see a surge in marijuana use in the postintervention period which could,
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confound the results. The resulting donor pool consists of 39 states10, which nearly doubles the
size of potential control states from my previous analysis.
Figure 18 plots the various synthetic controls constructed from this donor pool. We see that
the synthetics closely match WA’s violent crime rates in both the pre and postintervention
periods. Although, in contrast to my earlier findings, this graph suggests that the legalization of
recreational marijuana has little to no effect on violent crime rates in WA state. This suggests
that my findings are sensitive to the specification of the donor pool.
As a final test, I include all states as possible controls except for those that adopted RML and
have active retail outlets as of year-end 2016. The resulting donor pool consists of 46 states11.
The results are presented in Figure 19. The graph shows that the synthetics all behave differently
in the postintervention period; two of which suggest the policy change results in an increase in
violent crime rates in WA. This analysis further illustrates that my estimates are sensitive to the
specification of the donor pool. However, there is a case to be made against using states with
MML as control states. I let the reader be the judge.

8. Conclusion
I employed the synthetic control method to estimate the causal effect of RML on violent and
property crimes in CO and WA state. The synthetic controls poorly matched the violent and
property crime rates in the years prior to legalization in CO; limiting any interpretations of the

10

The following states are excluded: Connecticut, Massachusetts, Colorado, Washington, Illinois, New Hampshire,
Maryland, Minnesota, New York, Alaska and Oregon. Note, the District of Columbia is omitted entirely from this
study due to data issues.
11
The following states are excluded: Alaska, Colorado, Oregon and Washington.
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estimated policy effects. However, the synthetic control did match the preintervention violent
crime rates in WA reasonably well.
The results from this study do not suggest there are any crime exacerbating effects of
RML in WA state- an exception is thefts, which may have increased. Instead, my findings
indicate that RML may have reduced violent crimes. These findings however, are not statistically
significant at the 5% level and are sensitive to the specification of the donor pool. In addition,
there are several other caveats which further limit the strength of these statements.
Since 2016 is the latest year for which UCR data is available, I am limited to two years of
postintervention analysis. A larger postintervention period is needed to accurately assess the
relationship between the affected state and its synthetic counterpart. For instance, it is unclear
whether the divergence in the outcomes of the affected unit and the comparison unit in any case,
is the result of some temporary shock. Further, this analysis omits any potential long run effects
of RML on crime. For example, it likely takes time for the illicit market to be driven out of
existence or for people to begin substituting from alcohol or other substances to marijuana.
Nonetheless, as one of the few empirical studies on the effects of RML on crime, these
early findings can be used to inform the ongoing debate surrounding marijuana legalization.
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Figures
Figure 1: Timeline of State Marijuana Laws

Note: Current as of March 2018.
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Figure 2: State Marijuana Laws, March 2018
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Figure 3: Violent Crimes per 100,000
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Figure 4: Violent Crimes per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA

(c) CO, Donor States and SC States

(d) WA, Donor States and SC States
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Figure 5: Difference in Actual and Synthetic Violent Crime Rates for WA and 22 Placebo
States

This figure illustrates the differences in violent crime rates between each control state, treated as a placebo, and its
associated synthetic control. This difference is referred to as the prediction error. The green line denotes the
prediction errors in violent crime rates between WA and its synthetic counterpart. All other control states are
denoted in black.
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Figure 6: Distribution of MSPE Ratios for WA and 22 Control States (Violent Crimes)

This figure plots the distribution of MSPE ratios for WA and all other control states with respect to violent crime
rates.
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Figure 7: Property Crimes per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA

(c) CO, Donor States and SC States

(d) WA, Donor States and SC States
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Figure 8: Murders per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA
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Figure 9: Rapes per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA
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Figure 10: Aggravated Assaults per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA

(c) Distribution of MSPE Ratios for WA and 22 Control States
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Figure 11: Robberies per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA
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Figure 12: Burglaries per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA
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Figure 13: Larcenies-Thefts per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA

(c) Distribution of MSPE Ratios for WA and 22 Control States
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Figure 14: Motor Vehicle Thefts per 100,000
(a) CO and Synthetic CO

(b) WA and Synthetic WA
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Figure 15: Synthetic WA with Various Outcome Lags (Violent Crimes)

This figure charts the various synthetic WAs used to match the violent crime rate in WA over the years 1994-2013.
Each series is a synthetic unit with varying numbers of lagged violent crime rates used as crime predictors. The
series ‘Actual WA’ represents the violent crime rate in WA state. The series ‘All’ represents the synthetic WA that
uses the violent crime rate in every preintervention period as separate predictors. The series ‘Three’ represents the
synthetic WA that uses the violent crime rate in 1994, 2004 and 2013 as separate predictors. The series ‘Mean’
represent the synthetic WA that uses the average of the violent crime rate over the years 1994-2013 as a predictor.
The series ‘None’ refers to the synthetic WA that does not use the violent crime rate as a predictor. In the estimation
of my results, I use the average of the violent crime rate over the preintervention period as a predictor i.e. the series
‘Mean’.
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Figure 16: Synthetic WA with Various Outcome Lags and 2012 Intervention Period
(Violent Crimes)

This figure charts the various synthetic WAs used to match the violent crime rate in WA over the years 1994-2011,
since the intervention period now occurs in 2012. Each series is a synthetic unit with varying numbers of lagged
violent crime rates used as crime predictors. The series ‘Actual WA’ represents the violent crime rate in WA state.
The series ‘All’ represents the synthetic WA that uses the violent crime rate in every preintervention period as
separate predictors (1994-2011). The series ‘Three’ represents the synthetic WA that uses the violent crime rate in
1994, 2002 and 2011 as separate predictors. The series ‘Mean’ represent the synthetic WA that uses the average of
the violent crime rate over the years 1994-2011 as a predictor. The series ‘None’ refers to the synthetic WA that
does not use the violent crime rate as a predictor.
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Figure 17: Synthetic WA with Various Outcome Lags and 2006 Intervention Period
(Violent Crimes)

This figure charts the various synthetic WAs used to match the violent crime rate in WA over the years 1994-2005,
since the intervention period is now randomly assigned to 2006. Each series is a synthetic unit with varying numbers
of lagged violent crime rates used as crime predictors. The series ‘Actual WA’ represents the violent crime rate in
WA state. The series ‘All’ represents the synthetic WA that uses the violent crime rate in every preintervention
period as separate predictors (1994-2005). The series ‘Three’ represents the synthetic WA that uses the violent crime
rate in 1994, 1999 and 2005 as separate predictors. The series ‘Mean’ represent the synthetic WA that uses the
average of the violent crime rate over the years 1994-2005 as a predictor. The series ‘None’ refers to the synthetic
WA that does not use the violent crime rate as a predictor.
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Figure 18: Synthetic WA with Various Outcome Lags using Large Donor Pool (Violent
Crimes)

This figure charts the various synthetic WAs used to match the violent crime rate in WA over the years 1994-2013
when I use a different donor pool. Specifically, the set of possible control units in this case includes all states except
those that adopted marijuana laws at the time that WA legalized the possession, use and sale of recreational
marijuana i.e. between the years 2012-2014. Each series is a synthetic unit with varying numbers of lagged violent
crime rates used as crime predictors. The series ‘Actual WA’ represents the violent crime rate in WA state. The
series ‘All’ represents the synthetic WA that uses the violent crime rate in every preintervention period as separate
predictors. The series ‘Three’ represents the synthetic WA that uses the violent crime rate in 1994, 2004 and 2013 as
separate predictors. The series ‘Mean’ represent the synthetic WA that uses the average of the violent crime rate
over the years 1994-2013 as a predictor. The series ‘None’ refers to the synthetic WA that does not use the violent
crime rate as a predictor. In the estimation of my results, I exclude any states with marijuana laws as possible control
states.

42

Figure 19: Synthetic WA with Various Outcome Lags using Donor Pool A (Violent Crimes)

This figure charts the various synthetic WAs used to match the violent crime rate in WA over the years 1994-2013
when I use another different donor pool. Specifically, the set of possible control units in this case includes all states
except those that have enacted RML and have active retail outlets between the years 1994-2016. Each series is a
synthetic unit with varying numbers of lagged violent crime rates used as crime predictors. The series ‘Actual WA’
represents the violent crime rate in WA state. The series ‘All’ represents the synthetic WA that uses the violent
crime rate in every preintervention period as separate predictors. The series ‘Three’ represents the synthetic WA that
uses the violent crime rate in 1994, 2004 and 2013 as separate predictors. The series ‘Mean’ represent the synthetic
WA that uses the average of the violent crime rate over the years 1994-2013 as a predictor. The series ‘None’ refers
to the synthetic WA that does not use the violent crime rate as a predictor. In the estimation of my results, I exclude
any states with marijuana laws as possible control states.
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Tables
Table 1: Recreational Marijuana Laws
State Date Active
CO
WA

Home Cultivation

Retail
Stores
06.11.2012
Yes (up to 6 plants)
Yes
06.11.2012 Medical only (up to 6 plants) Yes

Retail Stores
Open
01.01.2014
08.07.2014

Retail Stores per
100,000a
8.19
4.03

This table presents RML and their specific provisions in Colorado and Washington as of March 2018. The second
column presents the date the RML became active. The third column shows whether adults can grow marijuana in
their homes. The fourth and fifth column show whether there are stores that sell recreational marijuana and when
they first opened. The last column gives the number of retail marijuana outlets per 100,000 inhabitants. All
information except for the last column from ProCon.org. Statistics in the final column from 502Data.com and the
Colorado Department of Revenue.
a
Statistics in the final column are for the year 2016.
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Table 2: Summary Statistics
Variable
A. UCRa
Violent Crimes
Murder
Rape
Robbery
Aggravated Assault
Property Crimes
Burglary
Larceny-Theft
Motor Vehicle Theft
B. Predictorsb
Population
Unemployment Rate
Poverty Rate
Median Incomec
Portion of Males Aged 15-25

Portion of Nonwhites
Police Officersd
Observations

CO

WA

Donor Pool
(N=22)

Rest of the US

355.69
3.76
43.40
75.69
232.85
3499.23
644.97
2488.34
365.92

354.61
3.23
42.61
98.40
210.36
4461.93
903.84
3028.98
535.50

401.29
5.42
32.15
93.33
270.39
3410.95
747.86
2387.59
275.49

416.41
4.97
33.40
108.25
269.78
3336.68
704.51
2320.33
311.84

4640122.04
5.01
10.23
65473.30
0.08
0.09
229.13
23

6302460.87
6.42
11.00
62901.87
0.08
0.14
160.49
23

5001975.62
5.35
13.56
51999.96
0.08
0.17
210.18
506

5883300.73
5.52
12.68
55737.44
0.08
0.17
212.04
1058

This table presents the means of the variables over the years 1994-2016. The first panel presents statistics from the
UCR dataset while the second panel presents the predictor variables. Column 4 refers to the set of possible control
states that did not introduce marijuana laws as of year-end 2016. Column 5 refers to all US states excluding CO and
WA.
a
All UCR statistics are measured as the number of reported crime per 100,000 inhabitants.
b
The mean of the outcome variable over the pretreatment period is excluded from this list.
c
Median household income measured in 2016 US$.
d
Measured as the number of police officers per 100,000 inhabitants over the years 1994-2015.
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Table 3: Donor State Weights for Synthetic WA (Violent Crimes)
State
Alabama
Georgia
Idaho
Indiana
Iowa
Iowa

Weight
0
0
0
.277
0
0
0
0
0
.229
0
0
0
0
0
0
0
0
.468

Kansas
Kentucky
Louisiana
Mississippi
Missouri
Nebraska
North Carolina
Oklahoma
South Carolina
South Dakota
Tennessee
Texas
Utah
Virginia
West Virginia
Wisconsin
Wyoming

.027
0
0

Sum

1

This table presents the donor state weights used to match WA’s violent crime rates over the years 1994-2013.
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Table 4: Violent Crime Predictor Means
Variable
Population
Unemployment Rate
Poverty Rate
Median Incomea
Portion of Males Aged 15-25

Portion of Nonwhites
Police Officersb
Violent Crimesc

CO

Synthetic
COd

WA

Synthetic
WAe

Rest of the
USf

4518491
5.16
10.23
65305.05
0.08
0.08
231.42
362.92

4670692
5.09
10.99
57467.23
0.08
0.12
231.53
362.67

6171836
6.53
10.94
62422.85
0.08
0.13
162.03
365.50

6527194
5.07
11.13
58931.56
0.08
0.18
208.20
364.01

5803798
5.57
12.61
55547.54
0.08
0.17
214.10
425.88

This table presents the predictor means of violent crimes over the years 1994-2013.
a
Median household income measured in 2016 US$.
b
Measured as the number of police officers per 100,000 inhabitants.
c
Measured as the number of violent crimes per 100,000 inhabitants.
d,e
Synthetic CO and synthetic WA constructed from the set of 22 possible control states.
f
Excludes CO and WA.
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Table 5: Predictor Weights for Synthetic WA (Violent Crimes)
Variable

Weight

Population

.079

Unemployment Rate

.011

Poverty Rate

.052

Median Income

.046

Portion of Males Aged 15-25

.159

Portion of Nonwhites

.021

Officers per 100,000

.015

Violent Crimes

.617

Sum

1

This table presents the predictor weights that the synthetic control method applied when selecting donor states to
match WA’s violent crime rates over the years 1994-2013.
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Table 6: Donor State Weights for Synthetic WA with Various Outcome Lags (Violent
Crimes)
State

Mean

All

Three

None

Alabama

0

.096

0

0

Georgia

0

0

0

0

Idaho

0

.114

0

0

Indiana
owa
Iowa

.277

0

.142

.254

0

0

0

0

Kansas

0

0

0

0

Kentucky

0

.159

.114

0

Louisiana

0

0

0

0

Mississippi

0

.15

0

0

Missouri

.229

.165

.24

0

Nebraska

0

.015

0

0

North Carolina

0

.116

0

0

Oklahoma

0

0

0

0

South Carolina

0

0

.03

.117

South Dakota

0

0

0

0

Tennessee

0

0

0

0

Texas

0

0

.021

.046

Utah

0

.185

.194

.244

Virginia

.468

0

.259

.2

West Virginia

.027

0

0

0

Wisconsin

0

0

0

.139

Wyoming

0

0

0

0

Sum

1

1

1

1

This table presents the donor state weights used to construct various synthetic WAs. The synthetics are all designed
to match WA’s violent crime rates over the years 1994-2013 but, use different outcome lags as crime predictors. The
second column refers to the synthetic WA that uses the mean of the violent crime rate over the years 1994-2013 as a
crime predictor. The third column refers to the synthetic WA that uses the violent crime rate in every preintervention
period as separate predictors. The fourth column refers to the synthetic WA that uses the violent crime rate in 1994,
2004 and 2013 as separate predictors. The fifth column refers to the synthetic WA that does not uses the violent
crime rate as a predictor. In the estimation of my results, I use the mean of the violent crime rate over the
preintervention period as a predictor i.e. the second column.
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