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ABSTRACT

ARTICLE HISTORY

As part of the War on Drugs, many states passed legislation revoking the
driver’s licenses of individuals convicted of drug crimes, even for drug
oﬀenses in which no driving oﬀense occurred. These restrictions were
supported at the national level, with federal legislation in 1992 requiring
states to either pass laws suspending the license of anyone convicted of
a drug oﬀense for at least 6 months, or risk losing 10% of certain federal
highway funds (although states could also formally ‘opt out’). Reentry
advocates contend that these restrictions on driver’s licenses provide
a hardship to individuals as they reenter society, making it more diﬃcult
for them to maintain stable employment, and placing additional stress on
families that shoulder the responsibility of providing transportation. In
response, some states have recently chosen to end restrictions on driver’s
licenses for individuals that are convicted of non-driving related drug
oﬀenses. A critical part of this conversation, however, is whether or not
these laws have any safety beneﬁts in terms of traﬃc accidents. We
conduct a ﬁxed eﬀects analysis to determine the impact of these laws
on both drug-related traﬃc fatalities and all traﬃc fatalities.
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Introduction
The 1990s saw the height of the ‘Get Tough on Crime’ and the ‘War on Drugs’ movements in the
United States (Mauer 2006). During this time not only did the country see an increase in harsh
sentences for crimes, but it also saw an increase in the number of ‘collateral consequence’ sanctions
for criminal actions, that is, sanctions imposing civil restrictions on oﬀenders that are not decided by
a judge, but rather are incurred automatically in addition to the criminal sentence (Chesney-Lind and
Mauer 2003; Petersilia 2003; Thompson 2008; Travis and Visher 2005). One such collateral consequence is the revocation or suspension of a driver’s license in response to a drug conviction. As part
of the War on Drugs, many states passed legislation revoking or suspending the driver’s licenses of
individuals convicted of drug crimes, even for drug oﬀenses in which no driving-related oﬀense
occurred, such as drug possession or drug dealing (Marcus 2003; Samuels and Mukamal 2009). These
restrictions were supported at the national level, with federal legislation in 1992 requiring states to
either pass laws suspending the license of anyone convicted of a drug oﬀense for at least 6 months,
or risk losing 10% of federal highway funds. State legislators also had the option of formally ‘opting
out’ of the ban, but the federal legislation in essence required states to formally consider adopting
the ban (Marcus 2003; Samuels and Mukamal 2009).
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Reentry advocates contend that restrictions on driver’s licenses as a result of a drug-related
oﬀense provide a hardship to individuals as they reenter society, making it more diﬃcult for them to
maintain stable employment, and placing additional stress on families that shoulder the responsibility of providing transportation (Marcus 2003; Samuels and Mukamal 2009). In response, some
states have recently chosen to end restrictions on driver’s licenses for individuals that are convicted
of non-driving related drug oﬀenses (Aiken 2016; Beitsch 2017), and many states have passed formal
resolutions objecting to the federal legislation, as documented on the Legal Action Center’s
Roadblocks to Reentry website. A critical part of this conversation, however, is whether or not
these laws have any safety beneﬁts in terms of traﬃc accidents. Presumably, the purpose of these
laws is to prevent drivers that may be at an increased risk of causing drug-related traﬃc accidents
from driving. To date, however, there has been no analysis as to whether or not the passage of these
laws resulted in a corresponding drop in traﬃc-related fatalities.
In order to address this issue, we examine traﬃc fatalities between 1985–2016 to determine
whether states that imposed laws revoking or suspending the driver’s licenses of individuals convicted speciﬁcally of non-driving related drug oﬀenses saw reductions in traﬃc fatalities. We focus on
non-driving related drug oﬀenses as these are the oﬀenses that have been focused on by reentry
advocates, and as they have a more tenuous connection to potential traﬃc fatalities than do drivingrelated drug oﬀenses (such as driving while intoxicated). In order to examine this relationship, we
conduct a ﬁxed-eﬀects analysis comparing states that adopted restrictions on non-driving drug
oﬀenses, to those that did not have laws suspending licenses for non-driving related drug oﬀenses,
to determine the impact of these laws on both drug-related traﬃc fatalities, and all traﬃc fatalities.

Literature review
It is estimated that millions of individuals have had their licenses suspended for non-driving related
drug oﬀenses (Marcus 2003). Given that roughly 90% of Americans report driving to work (Dews
2013), the suspension of an individual driver’s license can cause signiﬁcant hardship to individuals
trying to maintain employment. Surveys and interviews have found that suspension of driver’s
licenses can result in job loss as well as diﬃculty in ﬁnding a new job, and among those that ﬁnd
a new job, lower income (Carnegie 2007; Zimmerman and Fishman 2001).1 Furthermore, there is the
concern that collateral consequence laws in general disproportionately impact poor and minority
citizens (Chin 2002; Pinard 2010). Given that it is well documented that poor and minority are
disproportionately likely to be arrested for drug oﬀenses (Tonry 2011; Alexander 2012), it stands to
reason that these policies suspending the driver’s licenses of individuals convicted of drug crimes
will be disproportionately likely to impact the poor and minorities.
Research on traﬃc safety has not traditionally been included in criminological research (for
exceptions see Chamlin 2018; Chamlin and Sanders 2018; Stringer 2016, 2018). Conversely, traﬃc
safety scholars have rarely examined drug policies in their research, choosing instead to focus on the
role of alcohol due to its prevalent involvement in crashes compared to illicit drugs. However, given
that reducing traﬃc fatalities was a key goal of state laws restricting the driver’s licenses of
individuals convicted of non-driving related drug oﬀenses, and of the federal legislation requiring
states to respond to a call to pass such legislation or risk losing highway funding, it is of great interest
to see if these laws had the intended eﬀect of lowering traﬃc fatalities by removing risky drivers from
the roadway (Marcus 2003).
The implementation of laws to suspend the driver’s licenses of individuals that committed nondriving related drug crimes was meant to improve road safety through deterrence. Deterrence
theory proposes that individuals will consider the costs of any given action, particularly the certainty
and severity of a potential punishment, and this will guide their choice as to whether to engage in
the activity (Pratt et al. 2006). These laws were meant to engage in speciﬁc deterrence of those that
had their driver’s license suspended, as individuals would refrain from driving as they would incur
additional penalties if they were found to be driving with a suspended license (Marcus 2003; Staﬀord
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and Warr 1993). The law would also trigger general deterrence by increasing the punishment of drug
crimes and thus should decrease the amount of illegal drug activity (Marcus 2003). By reducing the
amount of drug oﬀending, this would also reduce the potential number of individuals that might
drive under the inﬂuence of drugs.
Research on traﬃc safety generally ﬁnds that enforcing safer driving patterns through increasing
potential penalties is eﬀective in reducing traﬃc fatalities. Traﬃc safety researchers have examined
a host of state policies and legislation geared toward increasing traﬃc safety such as speed limits
(Ossiander and Cummings 2002; Vernon et al. 2004), seatbelt laws (Adams, Cotti, and Teﬀt 2015;
Freeman 2007), motorcycle helmet laws (Mertz and Weiss 2008), distracted driving laws (Ibrahim
et al. 2011) and graduated licensing programs (McCartt et al. 2010), generally ﬁnding that penalties
are eﬀective in deterring dangerous behaviors, thus reducing traﬃc crash fatalities.
Of particular interest is whether legislation targeted toward reducing impaired driving can also be
eﬀective in reducing traﬃc crash fatalities. Research on the impact of legislation aimed at impaired
driving has largely focused on alcohol-impaired driving, and some studies do support the idea that
legislation around alcohol can reduce automobile crashes. For instance, Fell et al. (2009) found that
several laws targeting underage drinking (including use and lose laws, and zero-tolerance laws)
resulted in a reduction in traﬃc crash fatalities, while Lavoie et al. (2017) found that increases in
alcohol sales tax resulted in a reduction in alcohol-positive drivers.
Studies looking at changes in the per-se blood alcohol concentration (BAC) level have had mixed
ﬁndings. Foss, Stewart, and Reinfurt (2001) found that a lower BAC level had no impact on traﬃc
crash fatalities in North Carolina. However, Chamlin (2018) found that while reducing the BAC limit to
0.8 in New Jersey had no eﬀect on total or driver fatalities, it did have a negative and lasting eﬀect on
passenger fatalities. Chamlin and Sanders (2018) found the legislative change in per-se BAC did not
have a direct eﬀect on fatal crashes, but that the legislation lead to a decrease in total vehicle miles
traveled which then lead to reductions in alcohol-related crashes. Fell and Voas (2014) argue that
lowering BAC levels to .05 should have a substantial impact since those at .05-.08 have a higher risk
of accidents than those at a .000 level, and indeed the National Transportation Safety Board (NTSB)
has recommended lowering the per-se Blood Alcohol Limit (BAC) limit to .05. However, Stringer
(2016) found that drivers with low BAC levels have a very low involvement in fatal automobile
crashes (though higher than those with a .000 BAC), and suggests that investments might see higher
returns in other areas. Furthermore, Stringer (2018) notes that increases in DUI arrests result in lower
traﬃc crash fatalities, but notes that it is not a linear eﬀect, but rather there are diminishing returns.
In whole, these ﬁndings suggest that legislative changes can reduce impaired driving; however,
there are caveats to these ﬁndings.
Perhaps most relevant for our current research ﬁndings indicate that the implementation of
legislation for administrative license suspensions (license suspensions which are enacted upon arrest
for DUI) are related to decreases in fatal automobile crashes (Voas, Tippetts, and Fell 2000; Ulmer,
Shabanova, and Preusser 2001; Wagenaar and Maldonado-Molina 2007). Interestingly, Wagenaar
and Maldonado-Molina (2007) found that policies that allow for pre-conviction such as administrative license suspensions are eﬀective at reducing crashes, but that legislation for post-conviction
suspensions have no eﬀect on crashes. The lack of an eﬀect for post-conviction suspensions may be
due to low conviction rates or lack of enforcement, as well as the reduced celerity of the sanction.
Ulmer (2001) focused on license suspension among youth that were found driving while intoxicated,
or in possession of alcohol underage or of a controlled substance, ﬁnding that those that had their
license suspended were less likely to be involved in a subsequent crash compared to those that did
not have their license suspended.
It is important to note that the suspension of one’s driver’s license is not an absolute mechanism
of prevention from driving such as an incarceration, vehicle impoundment, or ignition interlocks, and
that it acts merely to deter individuals from driving. In fact, studies show that many oﬀenders
continue to drive to some extent after their license is suspended (McCartt, Geary, and Berning 2003;
Ross and Gonzales 1988). Therefore, it is possible that license suspensions may have a trivial eﬀect on
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crashes if it does not prevent the person from driving. However, evidence indicates that drivers with
suspended licenses do drive less frequently and drive much more carefully when they choose to
drive (Blomberg, Preusser, and Ulmer 1987; McCartt, Geary, and Berning 2003; Voas and Tippetts
1996; Voas, Tippetts, and Taylor 1998), most likely in an eﬀort to avoid police detection and a stop.
Thus, even if oﬀenders continue to drive post suspension, reductions in crashes could still be
prevalent if these suspensions lead to less or more cautious driving.
Although much of the research on impaired driving, and on the impact of suspended licenses, has
focused on impairment related to alcohol, in recent years, concerns of possible increases in ‘drugged
driving’ in response to state marijuana legalization have led to several studies that have explored
drug use and its involvement with crashes. Although some studies have found no increased rate of
crashes among those driving under the inﬂuence of drugs, others have found that driving under the
inﬂuence of drugs is associated with an increased rate of crashes compared to those driving sober,
although this risk is markedly smaller than the risk of driving under the inﬂuence of alcohol
(Compton and Berning 2015; Li, Brady, and Chen 2013; Romano and Pollini 2013; Romano et al.
2014; Romano and Voas 2011). Only a few studies have examined drug policy, speciﬁcally marijuana
decriminalization, and crashes, and the results have been mixed with some ﬁnding no diﬀerences in
traﬃc crash fatalities between criminal and decriminalized policies (Aydelotte et al. 2017; Hansen,
Miller, and Weber 2018; Pollini et al. 2015) and others indicating signiﬁcant diﬀerences (Hamzeie
et al. 2017; Masten and Guenzburger 2014; Salomonsen-Sautel et al. 2014).
Although we have focused on the impact of legislation on traﬃc crash fatalities, it is important to
also take into account the impact of factors beyond legislation in crashes. For example, negative
economic indicators, such as high unemployment and/or low economic growth are associated with
lower crash fatalities (Evans and Graham 1988; Wagenaar 1984), while urbanization is associated with
lower rates of crash fatalities (O’Neill and Kyrychenko 2006). In fact, O’Neill and Kyrychenko (2006)
ﬁnd that the socioeconomic and demographic factors of percentage living in urban areas, median
household income, percentage with a college degree, educational expenditures, and mean vehicle
age account for roughly 60–70% of the variance in fatal crashes between states.
This project seeks to ascertain whether laws suspending driver’s licenses of individuals convicted
of non-driving related drug oﬀenses resulted in lower rates of traﬃc fatalities. In so doing, this project
integrates literature from both the criminological literature on drugs, drug policy, and the harms
associated with drug use with the literature on traﬃc safety in order to make a substantial contribution to both. While both the criminological literature and traﬃc safety literature are well-developed
areas of scholarship, a substantial void is present both with regard to the evaluation of drug policies
(e.g., drug conviction license suspensions) and drug-related harms (e.g., automobile crashes).
Additionally, since criminologists and traﬃc safety scholars rarely consider each other’s research
(DeMichele, Lowe, and Payne 2014), the integration of the extant research from both ﬁelds has the
potential to greatly advance both as seen in recent scholarship (see Chamlin 2018; Chamlin and
Sanders 2018; Stringer 2016, 2018).

Data and methods
The passing of laws suspending the driver’s license of individuals convicted of non-driving related
drug oﬀenses assumes that individuals that are guilty of drug crimes are also more likely to drive
while under the inﬂuence of illicit substances. However, just as many people that consume alcohol
do not drive under the inﬂuence, it is possible that people that possess or sell illicit substances do not
drive under the inﬂuence. This research seeks to answer whether these laws resulted in lower rates of
fatal crashes. Presumably, if the laws contribute to public safety, we should expect to see a decrease
in drug-related crash fatalities speciﬁcally.
To address the research questions outlined above, we utilize pooled cross-sectional time-series
data collected from all 50 states in the United States for the 1985–2016 period. These data were
compiled from several government sources: the National Highway Traﬃc Safety Administration
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(NHTSA, 2018), the Federal Highway Administration (Federal Highway Administration 2018), the U.S.
Census Bureau (U.S. Census Bureau 1980-2017), the FBI’s Uniform Crime Reports (U.S. Department of
Justice 2017, 2018), the Bureau of Justice Statistics (Bureau of Justice Statistics 2012, 2013-2016), the
Bureau of Labor Statistics (Bureau of Labor Statistics 2018), the Surveillance Report of the National
Institute of Alcohol Abuse and Alcoholism (Haughwout and Slater 2018), and the Economic Research
Service (Butler and Beale 2003). All data are publicly available.
Two dependent variables are considered in the present study. The ﬁrst dependent variable is the
total crash fatality rate. In keeping with previous work (see, e.g.,, Tippetts et al. 2005), we constructed
this measure by dividing the total number of crash fatalities in a state by total vehicle miles travelled
(VMT), and multiplied the outcome by 10,000. The second dependent variable is the drug crash fatality
rate (crash fatalities related to the usage of drugs), which was constructed by dividing the total number
of drug crashes in a state by VMT and multiplying the outcome by 10,000. Both crash measures were
obtained through NHTSA (2018) and VMT was from the Federal Highway Administration (2018).
In order to construct the variable to measure state laws related to driver’s license suspensions for
non-driving related drug oﬀenses, we conducted searches using Westlaw on laws related to driver’s
license suspensions. We also referenced the Legal Action Centers’s Roadblocks to Reentry report
(Samuels and Mukamal 2009) as well as Google searches to help identify relevant laws. We then
cross-referenced our ﬁndings with PrisonPolicy.org’s report (Aiken 2016) as an additional check.
Notably, the implementation period of the suspension law diverges across the U.S. states, with some
of the states implementing the law as early as in the late 1980s (i.e., New Jersey, Louisiana), and
others implementing it in the second half of the 1990s (i.e., Colorado, Iowa). Moreover, in some of the
states, the suspension law has not been implemented at all (i.e., Alaska, Idaho), whereas in the others
states it has already been repealed (i.e., Colorado, Indiana; see Table A1 for more detailed information on the implementation law and time period covered in each state). States were coded as
suspending drivers’ licenses for non-driving related drug oﬀenses when they suspended driver’s
licenses for convictions of a drug oﬀense other than driving under the inﬂuence.2 This generally
included being found in possession of a drug, or of selling drugs. By determining the year, a law was
instated, as well as the year a law was repealed (if it was repealed) we were able to assign states
a code of ‘1’ for each year they had a law suspending driver’s licenses for non-driving related drug
oﬀenses. If the law was repealed, states were coded as 0 for each subsequent year. States that did not
have laws suspending licenses for non-driving related drug oﬀenses, including those in which
suspension only occurred for a driving-related drug or alcohol oﬀense, were coded as ‘0’ for
each year. Accordingly, our focal independent variable, the ‘Suspension Law’, is coded as
a dichotomous variable with a value of 1 for the years when the suspension law is in eﬀect, and 0
for otherwise. To ensure correct temporal ordering, this measure, along with the remaining predictor
variables, was lagged 1 year. Thus, we expect the eﬀect of Suspension Law and other independent
variables on drug and total crash fatality rates to take place in the following year, at time t + 1, rather
than in the same year.
In order to test for the possibility that other factors that have been shown to have an eﬀect on
traﬃc crash fatalities may also be related to the likelihood of states passing these laws, we also
include measures for urbanization (the percentage of residents in urban areas), the percentage of
young population (the percentage of population between 15 and 24 years of age), alcohol consumption per capita, and highway funds' rate. For instance, urbanization, percentage young population, and alcohol consumption may all be associated with the perception that drug oﬀending is
a greater problem, thus making it more likely that laws restricting the driver’s licenses of drug
oﬀenders are passed. Similarly, states that have higher levels of highway funding may also systematically diﬀer in their disposition towards passing these laws. As discussed previously these factors
have been shown to be related to crash fatalities, and thus it is important to include them in our
model (see Tippetts et al. 2005; Stringer 2018; Voas, Tippetts, and Fell 2000). The data on the
percentage of young population were available to download from the Census Bureau (U.S. Census
Bureau 1980-2017). The data on alcohol consumption per capita were gleaned from the Surveillance
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Report of the National Institute of Alcohol Abuse and Alcoholism (Haughwout and Slater 2018). Data
for highway funds were obtained from the Federal Highway Administration (2018) and data on
urbanization came from the Economic Research Service (Butler and Beale 2003).
We also adjust for economic conditions given the signiﬁcant eﬀect economic conditions have
been shown to have on traﬃc crash fatalities (O’Neill and Kyrychenko 2006), and the possibility that
economic conditions may impact legislators' willingness to pass or maintain these laws. To assess
their eﬀects, we constructed an index of economic disadvantage by summing z-scores for the
unemployment rates and poverty rates (the percentage of population below the poverty line). The
two measures are positively correlated, and on conceptual grounds, both indicate economic adversity (r = .51; Cronbach’s alpha = .58). The data source for the unemployment rates was the Bureau of
Labor Statistics (Bureau of Labor Statistics 2018). The data on the poverty rate were obtained from
the Census Bureau (U.S. Census Bureau 1980-2017, Current Population Survey).
Finally, to capture the plausible eﬀect of punitive environment, we adjusted for violent crime
rates, drug arrest rate, and incarceration rates in the present study as states that pass laws suspending the driver’s licenses of oﬀenders with non-driving related drug oﬀenses may also pursue other
more punitive policies, such as increased drug arrest and increased incarceration rates. These
increased arrests and incarceration may remove riskier drivers from the road (as suggested by
Gottfredson and Hirschi’s discussion of analogous behaviors (1990)) thus reducing the rates of
crash fatalities independently of the impact of suspended driver’s licenses. This is important because
impaired drivers are not limited to DWI (Driving While Impaired) behavior but also engage in global
criminality (see Gould and Gould 1992). The data on violent crime rates and drug arrest rates were
taken from the FBI’s Uniform Crime Reports (U.S. Department of Justice 2017, 2018, 2018b), whereas
data on the incarceration rates were available to download from the Bureau of Justice Statistics
(Bureau of Justice Statistics 2012, 2013-2016).
The analysis of the impact of legislation on outcome measures such as crash fatalities is frequently
estimated using ARIMA interrupted time-series modeling (Box and Tiao 1975; Campbell 1969;
Chamlin 2018; McCleary, McDowall, and Bartos 2017; Ross and McCleary 1983). The ARIMA interrupted time-series modeling has an advantage over panel models because it precisely identiﬁes the
lag structure between variables, systematically accounting for seasonal variation, thus achieving
a high degree of reliability in the estimation of the model parameters (Chamlin 1988; McCleary et al.
1980). To that end, the ARIMA modeling is beneﬁcial because it controls for potentially confounding
maturation eﬀects and other stochastic processes while allowing making inferences about the causal
eﬀects of the particular events (McDowall et al. 1980).
Nevertheless, we argue that the ﬁxed-eﬀects pooled time-series cross-sectional technique is well
suited for the present study. Compared to the ARIMA models, pooled time-series technique is more
ﬂexible in terms of assumptions required to identify the model (Greenberg and Kessler 1982; see
Chamlin 1988). While the ARIMA model is generally limited to a single series, panel analyses combine
time series for several cross-sections, giving a higher variability of data as compared to simple time
series or cross-section design research. To that end, the ﬁxed-eﬀects pooled time-series crosssectional technique is suitable given that the data at hand cover multiple states but uses annual
data and so have a relatively low number of observations required in ARIMA models.3
The pooled time-series technique allows for greater incorporation of many additional variables as
compared to the ARIMA models (Chamlin 1988). As Brandt and Williams (2007, 7) emphasized, the
ARIMA model ‘ignores the fact that some of the variables in the model may help to proxy dynamics in
the others.’ This may lead to a severe overﬁtting of the data. In contrast, including variables in the
separate ARIMA models may result in insuﬃcient estimates. Chamlin (2018), for instance, used
Ordinary Least Square regression models rather than ARIMA models to examine the causal inﬂuence
of indicators of target availability and capable guardianship, along with BAC limit reductions, on the
volume of deaths resulting from motor vehicle accidents within Pennsylvania using annual data from
1947 through 2014. As Chamlin (2018, 4) pointed out ‘if one wants to compare the relative eﬀects of
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the implementation of some legislative initiative and alternative explanations for some outcome
series of interest, then multivariate time series are preferable.’
As noted earlier, in addition to the suspension law, a number of additional variables were
incorporated in the present study for the reasons discussed above. The inclusion of these variables
is guided by our inquiry of whether it is really about the laws themselves, or is it that states that are
more likely to pass those laws also have other characteristics (i.e., certain arrest or incarceration rates)
that make have lower traﬃc fatalities.4 This called for using ﬁxed eﬀect pooled time-series analytic
technique as the suitable modeling strategy.5
To take advantage of the data structure, our analyses utilized ﬁxed eﬀects within-state regression
(Beck 2001; Wooldridge 2002). To ensure the robustness of our ﬁndings, two types of models were
estimated:
Cit ¼ βi;0 þ βt;0 þ

X

β X
k i;k k;i; ðt1Þ

þ εi;t

(1)

where C is the crash fatality rate for state i in year t, βi,0 is the ﬁxed eﬀect for the state i, βt,0 is the
ﬁxed eﬀect for the year t, Xk,i,(t-1) is the kth independent variable for state i in the previous year,
βi,k is the coeﬃcient on independent variable k for state i, and εi,t is stochastic error for state
i in year t.
Cit ¼ βi;0 þ βi;1 þ

X

β X
k i;k k;i;ðt1Þ

þ εi;t

(2)

where C is the crash fatality rate for state i in year t, βi,0 is the ﬁxed eﬀect for the state i, βi,1 is the crash
fatality rate trend for state i, Xk,i,(t-1) is the kth independent variable for state i in the previous year, βi,k
is the coeﬃcient on independent variable k for state i, and εi,t is stochastic error for state i in year t. The
crash fatality rate is autoregressive around linear trend ε it = ρi + ε it-1 + ω it.
The results from the Hausman test preferred ﬁxed eﬀects speciﬁcation for the estimated models.
Accordingly, in both equations, we control for all unknown and/or unmeasured state characteristics
that are constant over time with ﬁxed eﬀects for the states. Yet, the two equations diﬀer in their
treatment of time. In the ﬁrst model, we adjust for time by removing unknown and/or unmeasured
between-year diﬀerences in total and drug crash fatality rates that are constant over states. In
the second model, we control for time by modeling the dynamics of crash fatality rate for each
state. These two strategies are widely employed to adjust for the unmeasured sources of trends
(Greenberg 2014), and yet each of them has its own advantages and disadvantages. As Greenberg
(2013) points out, the beneﬁt of the ﬁrst strategy is its non-parametric form, wherein the precise
temporal dependence of the omitted variables does not have to be speciﬁed in the model. This may
take place at the expense of utilizing many degrees of freedom, however. In contrast, the second
model preserves a larger number of degrees of freedom; nevertheless, it may provide a worse ﬁt.
Accordingly, we estimate the two types of models depicted above.
Finally, while the results from early diagnostics revealed that nonstationarity was not an issue in
the present analysis, heteroscedasticity, and contemporaneous correlation of error were found to be
present in the pooled, state-level data set employed. Accordingly, all models were estimated with
Generalized Least Squares using panel-corrected standard errors (PCSE) to correct for these problems (Beck 2001; Beck and Katz 1995). Incorporating these adjustments is critical given that the
pooled data violate the spherical assumption of Ordinary Least Square regression. All models were
estimated in the econometrics software, Eviews 9.
The total number of cases for total and drug fatality rates was equal to 1600 and 1409,
respectively. These numbers have been reduced in the regression models due to missing values
recorded for the some of the predictor variables (drug arrest rates and incarcerations rates; see also
Table 1). The ﬁnal tally resulted in 1530 country/year combinations in Models 2 and 4 in Table 3, and
1345 country/year combinations in Models 2 and 4 in Table 4.
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Table 1. Descriptive statistics for variables used in the analysis.
Variables
Dependent variable
Total crash fatalities
(per 10,000 VMT)
Drug crash fatalities
(per 10,000 VMT)
Independent variable
Suspension law
Control variables
Drug arrest rate (per 100,000 pop.)
Violent crime rate (per 100,000 pop.)
Alcohol consumption per capita
Economic disadvantage
% of young population
Hwy fund rate (per 100,000 population)
Incarceration rate
% of urbam population

N

Mean

SD

Minimum

Maximum

1600

148.33

50.88

52.34

392.23

1409

6.14

6.67

0

40.92

1600

.33

.47

0

1

1533
1600
1600
1600
1600
1600
1595
1600

428.14
440.91
2.38
0
14.48
13,978.72
375.95
.70

247.94
220.50
.52
1.74
1.40
10,870.55
203.82
.20

0
47
1.19
−4.02
11.54
2830.26
53
.13

3881.71
1244.3
4.99
6.72
25.24
97,979.13
1420
1.00

Results
Table 1 displays the descriptive statistics of the variables used in the analysis. The results reveal that
the mean of total crash fatalities per 10,000 VMT was 148.33 with a standard deviation of 50.88,
whereas the mean of drug crash fatality rate was 6.14 per 10,000 VMT with a standard deviation of
6.67. This indicates that there is a great deal of variation in both total crash fatalities and drug crash
fatality rate across the United States. The univariate analysis also revealed that drug crash fatality rate
was highly skewed (skewness = 1.86, kurtosis = 7.05). Accordingly, we applied a log transformation to
this measure to reduce its skewness. With a natural logarithm, the mean of drug crash fatality rate
was 1.34 with a standard deviation of 1.12.6
Table 1 further reveals a great deal of variation with respect to some of the independent variables.
The mean of drug arrest rate, for instance, was 428.14 with a standard deviation of 247.94, whereas
the mean of highway fund rates (per 100,000 population) was 13,978.72 with a standard deviation of
10,870.55. All two variables, drug arrest rate and highway fund rate, were found to be right-tailed in
the univariate analysis. Accordingly, we converted these variables into a natural logarithm, which
resulted in a mean drug arrest rate of 5.91 with a standard deviation of .61, and a mean highway fund
rate of 9.36 with a standard deviation of .56. Finally, Table 1 shows that our focal independent
variable, Suspension Law, has a mean of .33 with a standard deviation of .47, indicating that for 33%
of the time points across the 50 States, Suspension Laws were in place.
Table 2 demonstrates the bivariate correlations between the variables used in the present study.
The results presented in this table reveal that our focal independent variable, the Suspension Law, is
signiﬁcantly associated with the total crash fatality rate (r = −.18; p.<.001) in the theoretically
predicted direction (negative). In contrast, there is no signiﬁcant relationship between the
Suspension Law and the drug crash fatality rate (r = −.04; p. = .142). This observation is supported
by the Independent Samples T-test, which has revealed a signiﬁcant diﬀerence in the total crash
fatality rates between states with and without the Suspension Law, but not in the drug crash fatality
rates (see Table B1). Table 2 also shows that none of the covariates included in the analysis were
highly correlated with any of the other measures.7
Table 3 displays the coeﬃcients for the total crash fatality rate regressed on the Suspension Law
and the control variables.8 As noted, the models included diﬀer in their treatment of time.
Speciﬁcally, Models 1 and 2 include state ﬁxed eﬀects and ﬁxed-eﬀects for time, whereas Models 3
and 4 include state ﬁxed eﬀects, linear time, and autoregressive term AR(1). In addition, Models 1 and
3 demonstrate the regression model in which the total crash fatality rate is predicted only by the
Suspension Law and the ﬁxed-eﬀects for time and states. Models 2 and 4, meanwhile, incorporate
the structural covariates into the regression equation.
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Table 2. Bivariate correlations for the pooled sample.
Total crash fatality rate
Drug crash fatality rate
(ln)
Suspension
law
Drug arrests rate (ln)
Violent crime rate
Alcohol consumption
Economic disadvantage
% of young population
Hwy funds rate (ln)
Incarceration rate
% of urban population

X1
1
−.01

X2

X3

−.18*** −.04

1

X4

X5

X6

X7

X8

X9

X10

X11

1

−.20*** −.03
.22***
1
.30*** −.16*** .16*** .33***
1
.02
.13*** −.23*** −.03
.01
1
.29*** .07**
.05*
−.02
.26*** −.22***
1
.38*** .01
−.01
−.12*** −.04
−.14*** .14***
1
−.28*** .39*** −.08*** −.01
−.36*** .14*** −.09*** −.09***
1
−.19*** .27*** .36*** .39*** .21*** −.05*
.24*** −.14*** .24***
1
−.42*** −.11*** .29*** .42*** .42*** .02
−.04
−.19*** −.35*** .22***

1

*p <.05; **p < .01; ***p < .001.

Table 3. Modeling total crash fatality rate on suspension law and control variables.
Constant
Suspension law

Model 1
147.24***
(.447)
−4.11**
(1.34)

-

Model 2
134.03***
(21.48)
−6.61***
(1.45)
−2.22*
(1.00)
.010
(.006)
33.42***
(3.85)
−.821
(.638)
2.61***
(.476)
−2.93
(2.18)
−.006
(.008)
−93.16***
(15.99)
-

-

-

.893
−6456.49
1600

.906
−6070.29
1530

Drug arrests rate (ln)
Violent crime rate
Alcohol consumption
Economic disadvantage
% of young population
Hwy funds rate (ln)
Incarceration rate
% of urban population
AR(1)
Year
Adjusted R
Log-likelihood
N
2

Model 3
5789.61***
(501.07)
−7.29***
(2.20)

.650***
(.035)
−2.82***
(.250)
.928
−5887.85
1600

Model 4
5544.22***
(476.57)
−7.30***
(2.04)
.264
(1.20)
−.012
(.009)
22.27***
(5.42)
−1.56*
(.704)
3.20***
(.702)
−4.33
(2.52)
.002
(.007)
−40.36
(22.44)
.556***
(.038)
−2.71
(.245)
.930
−5582.51
1530

*p <.05; **p <.01; ***p <.001. Standard errors in parentheses. Models 1 and 2 models include stateﬁxed eﬀects and ﬁxedeﬀects for time. Models 3 and 4 include state ﬁxed eﬀects, linear time, and autoregressive term AR(1).

The results depicted in Table 3 show that the bivariate correlations displayed in Table 2 largely
persist when controlling for the structural covariates in the regression model. Speciﬁcally, Model 1
and Model 3 reveal that the Suspension Law, our focal independent variable, yields a signiﬁcant
eﬀect on the total crash fatality rate in the theoretically predicted direction. The Suspension Law is
signiﬁcant and negative in sign in Model 1 (Model 1: b = −4.11; p < .01) that controls for time with
ﬁxed eﬀects as it is in Model 3 (Model 3: b = −7.29; p < .001) that treats time as a linear function.
Notably, the signiﬁcant eﬀect of Suspension Law persists once the structural covariates are incorporated into the regression equation in Model 2 (Model 2: b = −6.61; p < .001) and Model 4 (Model 4: b =
−7.30; p < .001). This indicates that the implementation of the Suspension Law signiﬁcantly
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Table 4. Modeling drug crash fatality rate on suspension law and control variables.
Constant
Suspension law

Model 1
1.29***
(.028)
.138
(.078)

-

Model 2
−1.55
(1.28)
.109
(.082)
.047
(.071)
−.000
(.000)
.310
(.199)
−.008
(.029)
.049
(.028)
.119
(.131)
−.000
(.000)
.159
(.605)
-

-

-

.506
−1624.16
1409

.516
−1521.87
1345

Drug arrests rate (ln)
Violent crime rate
Alcohol consumption
Economic disadvantage
% of young population
Hwy funds rate (ln)
Incarceration rate
% of urban population
AR(1)
Year
Adjusted R
Log-likelihood
N
2

Model 3
−104.40***
(15.67)
−.176
(.121)

.587***
(.041)
.053***
(.008)
.671
−1225.60
1409

Model 4
−92.29***
(22.21)
−.124
(.114)
−.032
(.058)
−.001
(.000)
.465
(.240)
−.002
(.031)
.051
(.040)
.007
(.127)
−.000
(.000)
.054
(.918)
.564***
(.043)
.046***
(.011)
.671
−1154.08
1345

*p <.05; **p < .01; ***p < .001. Standard errors in parentheses. Models 1 and 2 models include state ﬁxed eﬀects and
ﬁxed-eﬀects for time. Models 3 and 4 include state ﬁxed eﬀects, linear time, and autoregressive term AR(1).

contributed to a reduction of the total crash fatality rate, regardless of the treatment of time in the
given model and net of the other predictors included in the models.
Looking at the parameter estimates of the structural covariates included in the regression equation,
both Model 2 and Model 4 show that alcohol consumption per capita (Model 2: b = 33.42; p < .001;
Model 4: b = 22.27; p < .001) and percentage of young population yield positive eﬀects on the total
crash fatality rate (Model 3: b = 2.61; p < .001; Model 3: b = 3.20; p < .001). That is, increases in alcohol
consumption per capita and the percentage of population young are associated with increases in the
total crash fatality rate, regardless of the utilized modeling strategy. Some diﬀerences emerge, however. Speciﬁcally, the results in Model 2 show a signiﬁcant and negative eﬀect of the drug arrest rate
(Model 2: b = −2.22; p < .05), and percent urban (Model 2: b = −93.16; p < .001). Yet, these three
measures exhibit no eﬀect in Model 4. In contrast, economic disadvantage is negatively associated with
the total crash fatality rate in Model 4 only.
In Table 4 we display the coeﬃcients for the drug crash fatality rate regressed on the
Suspension Law and control variables. This table has an identical organization as the previous
table, wherein Models 1 and 2 models include state ﬁxed eﬀects and ﬁxed-eﬀects for time and
Models 3 and 4 include state ﬁxed eﬀects, linear time, and autoregressive term AR(1). As
before, in Models 1 and 3, we report the results for the Suspension Law only. We then increase
the empirical rigor of the models by entering the structural covariates in Models 2 and 4, as in
the previous table. The results in Table 4 reveal that none of the regression coeﬃcients is
statistically signiﬁcant across the models, including the regression coeﬃcient for our focal
independent variable, the Suspension Law. This indicates, then, that while Suspension Law is
related to a reduction in the total crash fatality rate, it is not related to the drug crash fatality
rate in the present study.
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Discussion
While driver’s license suspensions result from a wide variety of actions, ranging from driving while
intoxicated to a failure to pay ﬁnes, we focus speciﬁcally on the impact of driver’s license suspensions
resulting from non-driving related drug oﬀenses. Our ﬁndings oﬀer tentative support that laws
suspending the driver’s licenses of individuals convicted of drug oﬀenses, even non-driving related
drug oﬀenses, may oﬀer some safety beneﬁt. However, this conclusion must be tempered with
caution given that this ﬁnding is only in models for the overall crash fatality rate, and is not found
when examining the drug crash fatality rate speciﬁcally. This is unexpected given that we would
expect any reduction to occur speciﬁcally through drug crash fatalities.
One possible explanation for ﬁnding a reduction among the total crash fatality rate but not among
the drug crash fatality rate is that individuals that are willing to break the law with drug oﬀending, may
also be more likely to engage in analogous behaviors, such as risky driving including exceeding the
speed limit or driving recklessly (Gottfredson and Hirschi 1990). Thus, suspending the driver’s licenses
of these individuals may result in a reduction of risky driving behaviors – either due to reduced levels
of driving, or more cautious driving as they try to avoid detection of driving with a suspended driver’s
license, leading to a reduction in overall traﬃc fatalities. Just as some research indicates that the
legalization of marijuana may result in higher traﬃc fatalities (Hamzeie et al. 2017; Masten and
Guenzburger 2014; Salomonsen-Sautel et al. 2014), our research speaks to the need for future research
examining the impact of collateral consequence laws related to driving on traﬃc fatalities.
Although these ﬁndings do indicate some support that suspending the driver’s licenses of
individuals convicted of non-driving related drug crimes may improve safety, it is worth noting that
this is not the only, or even the best option, to improve traﬃc safety. Furthermore, these laws come at
the cost of making it more diﬃcult for individuals to maintain legitimate employment, and put a strain
on families of those with a suspended license. Options exist however, that could both help individuals
that are reentering society along with their families, and that could also improve transportation safety.
For example, increased infrastructure providing the greater availability of public transportation
options could not only provide safer transportation options (given that public transportation tends
to be signiﬁcantly safer per vehicle miles travelled than private vehicles) (Litman 2014), but would also
help support individual’s eﬀorts to maintain stable employment by oﬀering transportation options
beyond private vehicles. Furthermore, increased public transportation options would oﬀer widereaching safety improvements beyond just those realized among this speciﬁc population.

Notes
1. Although others ﬁnd that no statistical diﬀerences in employment or income between those that had administrative license suspensions and those that did not (Knoebel and Ross 1997; Wells-Parker and Cosby 1988).
2. A few states had laws in which suspension could be invoked when a motor-vehicle was used, even if the motorvehicle was not being driven at the time; such as when a person was found to be in possession of drugs, or
selling drugs while in a vehicle, but not driving the car under the inﬂuence. (Arizona, Maine, Minnesota, Rhode
Island, South Dakota, and Wyoming). In addition, two states (Missouri and Wyoming) allow the suspension of
driver’s licenses for non-driving related oﬀenses, but only for minors (under the age of 21 and 19, respectively).
As suspensions for non-driving drug oﬀenses only when a motor vehicle was present, and suspensions for nondriving related drug oﬀenses for minors only, are expected to result in a very small number of suspensions
(compared to laws have more inclusive categories of non-driving related drug oﬀenses), they are coded as not
having a suspension law.
3. As Chamlin (1988) and McCleary et al. (1980) argue, a rather long time series is required in ARIMA models to
produce reliable parameter estimates. To achieve trustworthy results, it is generally said that a minimum of 50
and preferably 100 observations should be included in the ARIMA model (Box and Jenkins 1970; Greenberg
2014). This would require monthly pre-and post-intervention data. While data are available on traﬃc crash total
count at the monthly level, due to diﬃculties in determining the exact month of implementation and/or repeal
of the law in many states, our data use annual data. We also considered ARIMA modeling using yearly data for
individual states. Nevertheless, the number of observations in such analysis (32; from 1985 to 2016) would have
been too small to achieve trustworthy estimates (Chamlin 1988; Greenberg 2014; McCleary et al. 1980).
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4. One limitation of the multivariate models is missing data for the control variables. This problem is particularly true for
the longitudinal analysis that often uses data from the US Census or Current Population Survey, which are provided
at set intervals only. Given that, researchers frequently use linear interpolation to impute missing values for the
intervening years (Chamlin and Sanders 2018). This is done especially for measures such as the age structure and
urbanization. In the present study, the annual data for these two measures from the US Census Bureau (U.S. Census
Bureau 1980-2017) and from the Economic Research Service (Butler and Beale 2003) did not have missing values (see
Table 1). We acknowledge that the Census Bureau and the Economic Research Service developed the intercensal
estimates by applying a mathematical formula to take into account diﬀerences between the postcensal time-series
population estimates and results of the decennial censuses of interests, but note that the techniques used by the
Census Bureau are well established and commonly accepted for use in academic research. As a check, however, in
the additional analysis, we excluded these two measures to assess the robustness of our ﬁndings. The substantial
results of this analysis were virtually the same as those presented in the study (results available upon request).
5. Following Chamlin and Sanders (2018, 4) we acknowledge that ARIMA interrupted time-series models have an
advantage over multivariate time-series procedures in that prewhitening eﬀectively addresses the omitted
variable bias. The beneﬁt of a modeling strategy with state ﬁxed eﬀects is that it controls for any spurious eﬀects
caused by the omission of unknown or unmeasured between-unit diﬀerences, wherein each observation (e.g.,
state) is used as its own control group. This does not extend to variation over time, however. Accordingly, some
of the results could be due to model misspeciﬁcation when relevant factors are not accounted for in the model.
Nevertheless, as discussed earlier, multivariate time series are preferable when alternative explanations of the
outcome series (in addition to the implementation of the law) are of interest for the study (Chamlin 2018).
6. In additional analysis, we also estimated models using the drug crash fatality rate in an original metric (without
applying a natural logarithm). Substantively identical results were obtained in this analysis.
7. The results of variance inﬂation factors (VIF) among the covariates showed that multicollinearity was not an issue
in the present analysis, indicating the highest value of 1.65 for the incarceration rate in Table 2 and 1.60 in Table
3 for percent urban. This is below the recommended cut oﬀ (10).
8. We also estimated models adjusting for the drug overdose mortality rate (per 100,000) as provided by CDC
WONDER Underlying Cause-of-Death Mortality Files. This measure exhibited no eﬀect on both the total and drug
crash fatality rate, and did not change the substantive results of the model (including our focal independent
variable, Suspension Law). As CDC WONDER indicates, a large share of data points on the drug overdose
mortality rate are not reliable. Moreover, these data have been only recently collected in a systematic matter,
which resulted in many missing values in the estimated models. Accordingly, we excluded this measure from the
ﬁnal analysis. As data continue to improve, we encourage future studies to examine the above relationships
while accounting for the drug overdose mortality rate.
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Appendix
Table A1. Suspension law by state.
State
Alabama
Alaska
Arizona
Arkansas
California
Colorado
Connecticut
Delaware
Florida
Georgia
Hawaii
Idaho
Illinois
Indiana
Iowa
Kansas
Kentucky
Louisiana
Maine
Maryland

Law
Yes
No
No
Yes
No
Yes
No
Yes
Yes
Yes
No
No
No
Yes
Yes
No
No
Yes
No
No

Implementation
1993–Present

Massachusetts
Michigan
Minnesota
Mississippi
Missouri

Yes
Yes
No
Yes
No

1989–2016
1993–Present

1991–Present
1995–2009
1990–2014
1989–Present
1990–2015

1990–2014
1996–Present
1989–Present

1991–Present

State
Montana
Nebraska
Nevada
New Hampshire
New Jersey
New Mexico
New York
North Carolina
North Dakota
Ohio
Oklahoma
Oregon
Pennsylvania
Rhode Island
South Carolina
South Dakota
Tennessee
Texas
Utah
Vermont

Law
No
No
No
No
Yes
No
Yes
No
No
Yes
Yes
No
Yes
No
Yes
No
No
Yes
Yes
No

Implementation

Virginia
Washington
West Virginia
Wisconsin
Wyoming

Yes
No
No
Yes
No

1992–Present

1988–Present
1993–Present
1993–2016
1990–2010
1993–Present
1990–2011
1991–Present
1993–Present

1993–2009

Table B1. T-tests for dependent variables by suspension law.
Two-sample T-test
Law
Total crashfFatality rate
Drug crash fatality rate

Mean
135.08
5.74

*p < .05, **p < .01, ***p < .001, two-tailed test.

No law
SD
41.23
5.61

Mean
154.93
6.36

SD
53.88
7.17

T-test
7.48***
1.73

