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ABSTRACT. Objective: The deleterious effect of multiple-substance
use on driving performance is well established, but relatively little re-
search has examined the patterns of drug use among multiple-substance
users and its relationship to both alcohol use and adverse driving
outcomes. Method: The current study used latent class analysis to ex-
amine subgroups of substance users among a population of drivers who
screened positively for 2 or more of 13 substances other than alcohol (N
= 250). A series of logistic regression analyses was conducted to exam-
ine demographic predictors of latent class assignment and class associa-
tion with adverse driving outcomes. Results: Four distinct subclasses of
users were identified among multiple-substance-using drivers: Class 1
consisted of individuals who demonstrated high levels of all substances
indicators (5%). The second class demonstrated high levels of marijuana

and cocaine use and lower levels of all other substances (27%). The third
class screened high for marijuana and nonmedical prescription opiate an-
algesics use (36%), whereas the last class demonstrated high nonmedical
prescription opiate analgesics and benzodiazepine use (32%). Drivers in
Class 2 (marijuana and cocaine users) were more likely to be younger
and have a positive breath alcohol concentration than drivers in any other
class. Conclusions: Because multidrug users show dissimilar character-
istics, the propensity of researchers to lump all multiple-substance users
together may either erroneously attribute the potentially profound impact
of those in the marijuana and cocaine use class to all multiple-substance
users or dilute their specific contribution to crash risk. (J. Stud. Alcohol
Drugs, 76, 916–923, 2015)

Received: January 30, 2015. Revision: July 16, 2015.
The 2007 National Roadside Survey, which provided the data for this

study, was funded by the National Highway Traffic Safety Administration
under contract number DTNH22-6-C-00040 and by National Institute on
Alcohol Abuse and Alcoholism Grant R01 AA0016407.

*Correspondence may be sent to Michael Scherer at the Pacific Institute
for Research and Evaluation, 11720 Beltsville Drive, Suite 900, Calverton,
MD 20705, or via email at: mscherer@pire.org.

THE NONMEDICAL (i.e., not as directed by a physi-
cian) and/or recreational use of marijuana has seen a

steady rise in recent years (Bostwick, 2012) to the point
where marijuana is now the single most used illicit sub-
stance and has been found to be more widely used in the
United States than in other parts of the world (United
Nations Office on Drugs and Crime, 2011). In fact, in
2013, 8.1 million people age 12 and older reported using
marijuana almost daily—up from 5.5 million just 5 years
earlier; in addition, 19.1% of 18- to 25-year-olds in the
United States reported having used marijuana in the prior
year—up from 16.6% just 5 years earlier (Substance Abuse
and Mental Health Services Administration, 2014). Fur-
thermore, there is increasing momentum to legalize mari-
juana (Saad, 2014), likely resulting from increased social
acceptance of the substance and its use. A few states (i.e.,
Alaska, Colorado, Oregon, and Washington) have imple-
mented laws that make the possession and use of marijuana
legal under state law (Office of National Drug Control
Policy [ONDCP], 2014). In addition, 23 other states and
Washington, DC, have passed laws allowing an individual
to defend him- or herself against criminal charges of mari-

juana possession if that marijuana is used for one of a vari-
ety of specified medical conditions (ONDCP, 2014).

However, an extensive body of research has discussed the
propensity of those using marijuana to use other substances
as well (Bonn-Miller & Zvolensky, 2009; Nakawaki &
Crano, 2012; Olthuis et al., 2013; Scherer et al., 2013b). This
phenomenon has been studied in terms of marijuana and the
concurrent use of other substances such as alcohol (Blows
et al., 2005; Penning et al., 2010; Scherer et al., 2013b), co-
caine (Higgins et al., 2007; Lindsay et al., 2009; Scherer et
al., 2013a), and opioids (Subramaniam et al., 2010), which
could potentially compound detrimental effects (Midanik et
al., 2007). This is of particular concern when examining ev-
eryday activities such as driving. Indeed, although marijuana
use itself has been associated with only slightly increased
crash risk (Laumon et al., 2005; Li et al., 2012), drivers
who use “multiple-drug combinations” have been found
to be in the highest crash risk category (Hels et al., 2011).
Further, some previous research has indicated that the crash
contribution of marijuana alone disappeared after controlling
for the presence of other substances (Penning et al., 2010),
indicating that it may be the propensity of marijuana users to
partake in multiple substances that is of particular concern
when addressing impaired driving.

The growing popularity of marijuana may make it par-
ticularly likely to be used concurrently with other substances
while driving. In fact, drivers ages 21 to 25 years are approxi-
mately 2.5 times more likely to use marijuana and other drugs
and drive rather than to drink alcohol and drive (Fergusson et
al., 2008). Given the documented risk associated with drivers
who use multiple substances, understanding the demographic
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that is more likely to engage in concurrent substance use while
driving could be critical in the creation and implementation
of successful interventions to attempt to curtail this trend.

In addition, it is important to establish which groups of
multiple-substance users are associated with the most risky
behavior. For example, prior research has established the
adverse impact of alcohol on driving performance (Blom-
berg et al., 2009; Borkenstein et al., 1974; Voas et al., 2012;
Zador et al., 2000), and multiple-substance users are more
likely than non–multiple-substance users to consume alcohol
(Stinson et al., 2005). However, the propensity of researchers
to lump all multiple-substance users together may inadver-
tently indicate that all multiple-substance users are equally
dangerous and likely to consume alcohol regardless of the
combination of substances. In fact, relatively little is known
about how different groups of multiple-substance users
compare to one another on measures of alcohol consumption
and/or crash involvement. That is, it is unclear in the litera-
ture whether individuals who use multiple substances are as
likely to consume alcohol, consume alcohol before driving,
or be involved in crashes regardless of what combination of
substances is being used. These are particularly important
considerations given the growing public acceptance of mari-
juana and the subsequent increased probability of concurrent
substance use while driving.

Despite the need for greater understanding of marijuana
and concurrent substance use by drivers, research in this
field has faced common obstacles. Of particular note has
been the inherent difficulty of obtaining adequate data from
substance-using drivers. Primarily, research on substance use
while driving has frequently been collected from crash sites,
hospitals, or arrest records. These sample sites, however,
only identify individuals who used substances and then either
were sent to the hospital for an injury or otherwise had an
encounter with the police and subsequently do not provide
an accurate picture of driving populations. Here, we exam-
ine a more representative data set to provide information on
multiple-substance use among a national sample of drivers
in the United States. Specifically, we will analyze that data to
identify latent subgroups of multiple-substance users that are
qualitatively different from each other and whose members
share similar patterns in terms of which substances they use.
Once these subgroups are established, we will compare them
to determine differences among both driver characteristics
and adverse driving outcomes (i.e., driving after drinking,
history of drunk driving, and prior crash involvement). By
doing so, we will gain a clearer understanding of whether
certain subgroups of multiple-substance users are prone to
alcohol consumption and/or adverse driving outcomes.

Method

The present study is a secondary analysis of the 2007 Na-
tional Roadside Survey (NRS) data (Lacey et al. 2009). The

NRS was a field study conducted throughout the 48 contigu-
ous United States, examining rates of substance use among
a random sample of daytime and nighttime weekend drivers.
Participants completed self-report measures on demograph-
ics, substance use, and driving statistics and took biological
measures including breath tests, oral fluid samples, and
blood samples to screen for traces of a variety of substances.
Data gathered by the NRS represent one of the first national
prevalence estimates of substance use among active motor
vehicle operators. For the current study, we used a subset of
the total sample that provided demographic and substance
use data on more than one substance (excluding alcohol). As
the 2007 NRS is described in great detail elsewhere (Lacey
et al., 2009), it will be outlined below only as it is directly
relevant to the current study.

In the current research, we examined all active motor ve-
hicle operators who tested positive on a biological measure
of more than one substance. The sample was composed pri-
marily of men (n = 157; 62.8%) and those who identified as
White (n = 154; 61.6%). The average age of the participants
was 33.62 years (SD = 13.43). Participants were randomly
selected drivers at designated roadside survey stations (see
Lacey et al., 2009, for additional information on survey sites
and selection process). Drivers were flagged down by police
officers who directed them to study personnel. Participants
were told the study data were both anonymous and confi-
dential and provided informed consent. Participants then
completed questionnaires assessing prior use of 24 differ-
ent substances and were asked to provide breath, oral fluid,
and blood samples. Only data from NRS participants who
screened positive for two or more substances were used in
the current analyses. Participants were remunerated depend-
ing on their level of participation in the study ($5 to com-
plete survey, an additional $10 to provide oral fluid samples,
and an additional $50 to provide blood samples).

Measures

General demographics. Participants self-reported demo-
graphic information including age, sex, race, and highest
education level attained. Study personnel recorded the time
of day in which data were gathered.

Substance use information. Participants provided breath
samples to determine breath alcohol concentration (BrAC)
and provided oral fluid and/or blood samples, which were
forwarded to the Immunalysis Corp. in Pomona, CA, for
screening using enzyme-linked immunosorbent assays
(ELISA) followed by verification of positive samples with
mass spectral detection using liquid chromatography–mass
spectrometry. In instances where participants provided
invalid breath samples, oral fluid or blood samples were
used in determining alcohol concentration. Approximately
50 substances were covered by this analysis (see Lacey,
2009, for detailed list), but in the current study the only
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substances examined were opiate analgesics (i.e., codeine,
hydrocodone, meperidine, morphine, oxycodone, propoxy-
phene, and tramadol), tetrahydrocannabinol (THC—the
principal psychoactive constituent found in marijuana),
cocaine, heroin, methadone, lysergic acid diethylamide
(LSD), methylenedioxymethamphetamine (MDMA [Ec-
stasy]), methamphetamine (meth), gamma hydroxybutyrate
(GHB), phencyclidine (PCP), ketamine, benzodiazepines,
and barbiturates.

Statistical analyses

Latent class analysis (LCA) is a method of data reduction
used to identify groupings of individuals who show similar
patterns or profiles of behavior (McCutcheon, 1987). LCA is
commonly used in substance use and misuse research (Har-
rell et al., 2012; Schwartz et al., 2010). M-Plus 6.0 (Muthén
& Muthén, 2010) was used for LCA modeling.

Based on software guidelines, we initially used 500 ran-
dom starts to have high likelihood of obtaining global, rather
than local, maxima. In the event the log likelihood was not
replicated a minimum of five times, the number of starts was
increased until this threshold was met (Muthén & Muthén,
2010). Multiple fit statistics are reported including Bayesian
Information Criterion (BIC; Schwarz, 1978), Lo–Mendell–
Rubin adjusted likelihood ratio test (LMR; Lo et al., 2001),
and the parametric bootstrap likelihood ratio test (BLRT;
MacLachlan & Peel, 2000). A lower BIC is generally pre-
ferred. LMR and BLRT both evaluate the increase in model
fit between the k-1 and k class models (Nylund et al., 2007).
In Monte Carlo simulations, the BLRT outperforms both
the LMR and the BIC, but the LMR is more robust under a
variety of model and distributional assumptions (Nylund et
al., 2007). These fit statistics provide helpful guidelines for
evaluating and choosing between models, but the choice of
latent class solution was ultimately informed by substantive
criteria involving the meaningfulness of the solution in terms
of current drug use epidemiology (Petras & Masyn, 2010).
Given established trends of reduced risk perception and
increased usage of marijuana, class solution selection was
also guided by usefulness in evaluating and discriminating
between classes relevant to marijuana usage.

Entropy is reported as well. Although not designed for use
in class selection, entropy was used to assess the utility of
the classes and the appropriateness of the use of most likely
latent class membership (MLLCM). Entropy ranges from 0
to 1, with higher scores representing better class separation
(Celeux & Soromenho, 1996). MLLCM was used to export
individual class membership to IBM SPSS Version 21.0
(IBM Corp., Armonk, NY). MLLCM can be an appropriate
approach if entropy is high. A series of logistic regression
analyses was conducted to determine differences between
latent classes, demographics, BrAC levels, and driving statis-
tics. With the exception of analyses that used these variables

as predictors, all analyses controlled for race, sex, age, and
time of day.

Latent class indicators

Latent classes were determined using presence of a va-
riety of illicit and prescription substances (see Lacey et al.,
2009, for a complete description) as indicated by screening
of oral fluid and/or blood samples. Because of the relatively
high rates of alcohol use in the NRS data set, alcohol was
omitted as a latent class indicator. Latent class indicators and
demographics are noted in Table 1.

Results

Class membership

As seen in Table 2, according to the LMR, the two- and
four-class models performed superior to the one- and three-
class models, respectively (both p < .05), whereas there was
a trend for the three-class model to perform superior to the

TABLE 1. Characteristics of positive screening among 250 active motor
vehicle operators

Variable n %

Latent class indicatorsa

Prescription opiate analgesics 205 82.0
Marijuana 178 71.2
Cocaine 67 26.8
Heroin 20 8.0
Methadone 26 10.4
LSD 21 8.4
MDMA 22 8.8
Methamphetamine 19 7.6
GHB 9 3.6
PCP 9 3.6
Ketamine 13 5.2
Benzodiazepines 76 30.8
Barbiturates 14 5.6

Alcohol
No BrAC 214 85.6
0 < BrAC < .05 23 9.2
.05 ≤ BrAC < .08 7 2.8
BrAC ≥ .08 6 2.4

Demographics
Sex

Female 93 37.2
Male 157 62.8

Race
White 154 61.6
Black 59 23.6
Other 37 14.8

Education level
Did not complete high school 35 14.0
Completed high school 71 28.4
Some college 98 39.2
Completed college and beyond 45 18.0

Notes: LSD = lysergic acid diethylamide; MDMA = methylenedioxymeth-
amphetamine (Ecstasy); GHB = gamma hydroxybutyrate; PCP = phencycli-
dine; BrAC = breath alcohol concentration. aPercentages and n do not add
up to 100% because of multiple-substance use among participants.
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two-class model (p = .078). In the two-class model, the first
class consisted of individuals who had high probabilities
of using all substances (5.3%), whereas the second class
consisted of drivers who had high probabilities of using
marijuana with cocaine (94.7%). BIC supported a three-class
model, but evaluation of the three- and four-class models
showed that substantive differences emerged, suggesting that
the four-class model would yield more useful information,
particularly in relation to marijuana use. The three-class
model consisted of a class of individuals who demonstrated
high probabilities of using all substances (5.3%), a class in
which participants demonstrated high probabilities of using
opiate analgesics and benzodiazepines (36.5%), and a third
class in which participants demonstrated high probabilities
of using primarily opiate analgesics and marijuana (58.2%).
However, the four-class model was chosen given the results
of the LMR and the increased specificity related to mari-
juana use, which was a goal of the analysis. The five-class
model was not significantly better than the four-class model
(p = .108).

Class composition is better visualized in Figure 1. As
noted in the figure, the first class of the four-class model, con-
sisting of 5.2% of the sample, included high probabilities of
positive screening for all substances examined in the current
study. Thus, we refer to this class here as the polysubstance
use (POLY) class. The second class, consisting of 27.2% of
the sample, included participants with high probabilities of a
positive screening for marijuana and cocaine with relatively
low prevalence of any other substance. Thus, we refer to
this class here as the marijuana and cocaine (MJ/CN) class.
The third class, consisting of 35.6% of the sample, included
participants with high probabilities for screening positive in
their marijuana and opiate analgesics use. Thus, we refer to
this class as the marijuana and opiate analgesics (MJ/OA)
class. Finally, the fourth class, which consisted of 32% of
the sample, included participants who screened positive for
prescription opiate analgesics and benzodiazepines. Thus, we
refer to the fourth class as the prescription opiate analgesics
and benzodiazepines (POAB) class.

Table 3 shows the associations between latent class
membership and demographic and driving characteristics.
Members of the POLY class were more likely to be 34
years of age or older than those who tested positive for both

marijuana and cocaine (the MJ/CN class, adjusted odds ratio
[AOR] = 48.63) or for marijuana and opiate analgesics (the
MJ/OA class, AOR = 63.14). Members of the POLY class
also were less likely to be male than those in the POAB class
(AOR = 0.02).

Compared with members of the POAB class, members of
the MJ/CN class as well as those of the MJ/OA class were
significantly less likely to be 34 years of age or older (AOR
= 0.13 and AOR = 0.08, respectively). Members of both
the MJ/CN class and the MJ/OA class were more than five
times and almost three times more likely to have completed
a high school education than the POAB class (AOR = 5.22
and AOR = 2.70, respectively).

Members of the MJ/CN class were about seven times
more likely to have a positive BrAC at the time they were
participating in the study than those in the POAB and MJ/
OA classes (AOR = 6.94 and AOR = 7.46, respectively).
Members of the POLY class were also significantly less
likely than those in the MJ/CN class to have too much to
drink before driving (AOR = 0.01). There were no statistical
differences in self-reports of prior crash involvement noted
in the current study.

Discussion

The primary endeavor in the current research was to
examine demographic associations with multiple-substance
use among a national sample of drivers in the United States.
Although rates of substance use among drivers has been
previously examined in the literature (e.g., Fergusson et al.,
2008; Hels et al., 2001; Lacey et al., 2009; Penning et al.,
2010; Scherer et al., 2013b; Voas et al., 2013; Ward & Dye,
1999), the current study provides the opportunity to examine
multiple-substance use among drivers in greater detail by
allowing for comparisons among different combinations of
substances.

This is of particular interest as much of the extant re-
search examining substance use among drivers has a ten-
dency to collapse various multiple-substance use categories
into a single category for all multiple-substance users (e.g.,
Hels et al., 2001; Lacey et al., 2009), due in large part to the
scarcity of individuals who use multiple substances relative
to the number of individuals who use only one substance.

TABLE 2. Fit statistics for a latent class analysis of positive screening for five substances among active mo-
tor vehicle operators

Class LLa Parameters BICb LMRc BLRTd Entropy

1 -1,143.85 14 2,365.00 .– .– . –
2 -1,010.67 29 2,181.46 p = .0025 p < .0001 .986
3 -964.41 44 2,171.77 p = .0779 p < .0001 .839
4 -931.06 59 2,187.89 p = .0328 p < .0001 .812
5 -902.65 74 2,213.89 p = .1080 p < .0001 .856

Notes: Bold indicates statistical significance. aLog likelihood; bBayesian Information Criterion; cLo–Men-
dell–Rubin adjusted likelihood ratio test; dparametric Bootstrap Likelihood Ratio Test.
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TABLE 3. Associationsa between latent class membership and demographic and driving characteristics in a sample of 250 active motor vehicle operators

Target class POLY vs. POLY vs. POLY vs. MJ/CN vs. MJ/CN vs. MJ/OA vs.
(ref. class) MJ/CN MJ/OA POAB MJ/OA POAB POAB

Variables
White 0.16 0.06 0.58 0.40 1.64 1.44

(ref.: Black) [0.01, 4.64] [0.02, 1.33] [0.06, 5.55] [0.15, 1.11] [0.43, 6.25] [0.40, 5.13]
Male 0.79 0.11 0.02* 0.98 0.54 0.82

(ref.: female) [0.03, 23.83] [0.01, 2.21] [0.00, 0.67] [0.37, 2.60] [0.15, 1.86] [0.28, 2.41]
34 years of age or older 48.63** 63.14** 2.42 0.96 0.13** 0.08***

(ref.: younger than 34 years) [3.00, 789.20] [4.22, 944.24] [0.37, 15.93] [0.28, 3.35] [0.04, 0.49] [0.02, 0.33]
Graduated high school 1.16 9.57 1.20 0.78 5.22** 2.70*

(ref.: less than high school) [0.13, 10.44] [0.76, 120.52] [0.20, 7.09] [0.31, 1.95] [1.70, 15.98] [1.04, 6.99]
Nighttime driverb 1.38 1.92 0.03 3.76 0.39 0.11*

(ref.: daytime driver) [0.04, 51.55] [0.18, 19.95] [0.01, 1.03] [0.82, 17.31] [0.04, 3.94] [0.02, 0.65]
Positive BrACc 0.54 0.31 1.30 7.46*** 6.94** 0.76

(ref.: BrAC = .00 g/dl) [0.02, 12.57] [0.02, 5.86] [0.06, 26.80] [2.56, 21.78] [1.83, 26.26] [0.18, 3.20]
Drive after drinking too muchd,e 0.01* 0.18 0.12 1.57 1.60 0.44

(ref.: never) [0.00, 0.48] [0.02, 2.08] [0.01, 1.88] [0.62, 3.97] [0.57, 4.51] [0.15, 1.30]
Prior crash involvemente 8.66 2.31 0.29 1.04 0.41 0.63

(ref.: no prior involvement) [0.75, 99.58] [0.31, 17.39] [0.04, 2.07] [0.25, 4.39] [0.09, 1.84] [0.17, 2.75]

Notes: Bold indicates statistical significance. Ref. = reference; POLY = polysubstance use class; MJ/CN = marijuana and cocaine class; MJ/OA = marijuana
and opiate analgesics class; POAB = prescription opiate analgesics and benzodiazepines class; BrAC = breath alcohol concentration. aAssociations are given
as odds ratios (ORs) for each level of the independent variables, relative to the reference level. For each level of an independent variable, drivers in each latent
class can be less likely (OR < 1), equally as likely (OR = 1), or more likely (OR > 1) to show the outcome characteristics than drivers at the reference level.
The 95% confidence intervals are included to show if the estimated ORs are statistically different from 1; bas was the case in the original 2007 National Road-
side Survey; nighttime drivers defined as participants driving between 10:00 P.M. and 3:00 A.M., whereas daytime drivers are defined as those participants who
were driving between 9:30 A.M. and 3:30 P.M.; cBrAC measurement was obtained by breath test during the study; drefers to past-6-month behavior; eindicates
that these variables were obtained by self-report.
*p < .05; **p < .01; ***p < .001.

FIGURE 1. Latent class factor loadings by substance use. Class 1 is the polysubstance (POLY) class and accounts for 5.2% of the study sample. Class 2 is the
marijuana and cocaine (MJ/CN) class and accounts for 27.2% of the study sample. Class 3 is the marijuana and opiate analgesics (MJ/OA) class and accounts
for 35.6% of the study sample. Finally, Class 4 is the prescription opiate analgesics and benzodiazepines (POAB) class and accounts for 32.0% of the study
sample. LSD = lysergic acid diethylamide; MDMA = methylenedioxymethamphetamine (Ecstasy); meth = methamphetamine; GHB = gamma hydroxybutyr-
ate; PCP = phencyclidine.
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In this way, researchers treat participants who use two sub-
stances the same as those who use five or more substances.
In the current study, although most multiple-substance-using
drivers screened positive for two primary substances, we
found that only 5.2% (or 13 drivers) screened positive for
all substances measured in the 2007 NRS.

A finding of this effort is that drivers who fell into the
MJ/CN class were approximately 7 times more likely than
drivers in the MJ/OA or POAB classes to have a positive
BrAC (i.e., BrAC > .0). Numerous studies have demon-
strated the profound impact of BrAC on crash involvement
(e.g., Blomberg et al., 2009; Flowers et al., 2008; Zador et
al., 2000), so the finding that people who use marijuana in
conjunction with cocaine have significantly higher likeli-
hood of a positive BrAC than drivers in all other classes
but POLY is of particular interest. Even if the likelihood of
being BrAC positive among the drivers in the MJ/CN class
was not significantly different from those in the POLY class
(perhaps because of the relative small sample of POLY class
drivers), the MJ/CN drivers reported a higher frequency of
drinking and driving than those in the POLY class. Thus,
we found that, among all multiple-substance users, those
who simultaneously consumed marijuana and cocaine were
more likely to also have consumed alcohol and, therefore,
were more prone to be involved in a crash. Moreover, our
findings indicate that MJ/CN drivers not only are among the
most likely to drink and drive, but also tend to be younger
(and therefore less experienced/riskier drivers) than drivers
in some other groups, which further compounds their crash
risk.

This finding is particularly interesting in light of previous
research which found that although the impact of THC alone
on driving performance was not significant, when THC was
combined with alcohol, driving impairment was greater than
when either substance was used independently (Penning et
al., 2010). As such, a particularly interesting finding is that
drivers in the MJ/CN class were significantly more likely
to both consume alcohol and drive after they felt they con-
sumed too much alcohol. This, coupled with their youth (and
inexperienced driving), may make drivers in the MJ/CN class
at particular crash risk even among multiple-substance users
who are already at an elevated rate of crash risk (Hels et al.,
2011).

A second finding of this effort is that not all multiple-
drug users are equal. Therefore, the propensity of research-
ers to lump all multiple-substance users together may
erroneously be attributing the potentially profound impact
of those in the MJ/CN use class to all multiple-substance
users. Alternatively, the potentially high contribution of MJ/
CN drivers to crash risk might be diluted if these drivers are
lumped together with other multidrug users. This may dictate
a need for future research to stratify multiple-substance-
using classes into more descriptive categories when possible
or else note the potential confounding effect of including

individuals who use more than two substances with dual
substance users.

A priori, we expected the POLY users class to be the
most likely to be involved in crashes given the potentially
compounding effect of three or more substances. Notably,
however, the current study did not find that the drivers in the
sample differed in their prior crash involvement. This may
be a result of the reduced sample size of drivers in the POLY
class (only 5.2% of the sample, or 13 drivers). Regardless,
future research with greater sample sizes and/or access to
accurate crash data could provide more accurate information
to answer this question.

An interesting question hinted at in the literature pertains
to the illegal nature of marijuana. It is unclear based on cur-
rent research whether the legal status of marijuana may have
played a role in the concurrent use of substances. That is,
marijuana use has previously been linked to other substance
use through its illegality. In the process of procuring mari-
juana illegally, individuals may have an increased exposure
opportunity to other illegal substances, which may subse-
quently make it more likely that they will try other illegal
substances (Wagner & Anthony, 2002). If this is correct, then
over time the rates of concurrent substance use among mari-
juana users may decline in states where it has been legalized
and the corresponding exposure opportunity decreased. To
get at this question, it would have been interesting to con-
duct a longitudinal comparison of the NRS to examine the
impact of marijuana legalization on the rates of concurrent
substance use while driving. Although such data were not
available at the time of the current study, future research
should examine how the legalization of marijuana affected
the latent classes discussed in this article. Previous research
has found that the impact of marijuana on crash rates was
not significant after controlling for concurrent substance use
(Penning et al., 2010), and marijuana users may be at par-
ticular risk for developing concurrent substance use because
of increased exposure opportunity (Wagner & Anthony,
2002) inherent in procuring the substance illegally. It would
be feasible, then, that if we were able to follow participants
who fell into the MJ/CN class and the MJ/OA class, we
would see a transition out of that class into using only one
substance as they no longer needed to acquire the substance
illegally and thereby reduced their exposure opportunity to
other substances. This, in turn, could reduce their likelihood
for crash involvement. Because this was not possible to ad-
dress in the current research, examining this question must
be reserved for future endeavors.

Our findings suggest that future prevention efforts should
be better targeted to the different types of multidrug users.
The relevancy of this finding is compounded by the increas-
ing social acceptance of marijuana (Miech et al., 2015),
suggesting the need to communicate the risks caused by the
consumption of marijuana in conjunction with alcohol and
stimulants.
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The current research has several limitations that must be
considered for proper interpretation of the findings reported
within. First, as a secondary data analysis, the current re-
search is vulnerable to the limitations of the parent study.
The 2007 NRS was the first study in the United States to
test for both alcohol and other drugs among a sample of
drivers. To ensure optimal sampling of these substances,
data were collected on Friday and Saturday nights when
drugged driving was deemed to be most prevalent. As such,
drug and alcohol use during other times of the week may
vary from what is reported here. The current study also
only examined the presence of psychoactive substances, not
whether these were impairing the drivers. Simply screening
positive for a substance may not indicate sufficient quanti-
ties for impairment, and clearly impairment would be of
greater concern than the mere presence of a substance (or
multiple substances, as is the case in the current study).
Future research should examine rates of impairment among
polysubstance-using drivers. Further, the current research
uses a cross-sectional design. Although such a design was
appropriate to answer the research questions posited herein,
it cannot be used for making causal inferences for which ad-
ditional research may be necessary. Cross-sectional studies
are useful in stimulating future research and further scientific
understanding, as was the goal in the current study. Finally,
the current study stratified the original NRS population to
examine only drivers who screened positive for multiple sub-
stances. As a result, some of the latent classes have relatively
few members, which may have reduced power available for
the analyses conducted thereafter.

In addition, the current study must rely on self-report to
gather data on adverse driving outcomes (i.e., prior crash
involvement, prior drinking and driving), which may be
subject to under-reporting. Ideally, self-report information
in any study should be corroborated with another source
of information to ensure accuracy. For the purposes of the
current research, however, this was deemed a necessary risk
for two reasons. First, corroborating prior crash and drunk
driving information with arrest records, crash data, and/or
hospitalization records would provide support for very few
cases (i.e., only providing information on drugged drivers
who had encountered a problem when driving) and may
potentially introduce a new source of selection bias. Sec-
ond, prior research by Darke (1998) concluded that using
self-report measures was a valid and reliable method when
gathering data on prior substance use.

Despite these limitations, however, the current research
has several strengths that should be noted. First, the 2007
NRS used biological assessment of substance use (breath
tests, blood and oral fluid sampling)—the gold standard in
substance use assessment—rather than relying on simple
self-report. Furthermore, by using a random sample of driv-
ers on the road, the NRS was able to avoid the selection bias
prevalent in study samples drawn from crash sites, hospital-

izations, and police involvement, which may inaccurately
represent rates of substance use among drivers. Last, the use
of LCA in the current study allows researchers to identify
subclasses of multiple-substance users not previously pos-
sible, allowing researchers to begin to examine the subtle
differences among multiple-substance-using drivers.

In conclusion, the current study provides support for the
idea that not all multiple-substance users are the same, and
simply grouping them together in a single category may
inaccurately represent their impact on various outcome
measures. In fact, among multiple-substance users, only
about 5% of drivers used more than two primary substances.
These drivers were also less likely to report operating a
motor vehicle after having too much to drink. Conversely,
drivers who used primarily marijuana and cocaine were
more likely to both have a positive BrAC and report driving
after acknowledging having had too much to drink. Given
the well-documented contribution of alcohol consumption
to crash rates, and considering the compounding effect of
the other substances in their system, this group represents a
different sample than other multiple-substance users and may
be of particularly high risk for crash involvement.
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