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Recreational use of marijuana has been legalized recently in many areas in North
America. One of the effects that interests insurance companies is the change in vehicle
accident experience. This study summarizes information on the car accident experience
in Canada and several US states and provides robust estimates of the legalization impacts
based on recent methodological developments for the analysis of observational data,
including machine learning and other data-driven techniques. The study did not detect
statistically significant impacts of legalization on the car accident fatality rate, insurance
claim frequency, or average cost per claim. The estimated seasonality and
pre-legalization dynamics in Canadian vehicle insurance statistics continued after
legalization without a significant change. In the U.S., temporal patterns of human
activity (such as yearly, weekly, and daily cycles) and inclement weather are much better
predictors of the vehicle accident experience than marijuana legalization.
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1. INTRODUCTION

Private cars are essential for many people living in the U.S.
and Canada and have been an attribute of material prosper-
ity. The insurance risks related to cars have been affected in
recent years by regional changes in the legal rules on using
marijuana. Legalization of marijuana in several regions was
associated with a higher number of drivers operating vehi-
cles under the influence of the drug (Pollini et al. 2015) and
more car crash fatalities (Cook, Leung, and Smith 2020).
While the debates and decisions in the process of legaliza-
tion of marijuana continue, insurance companies need to
assess the associated changes in vehicle accident experi-
ence to price the risk and adjust the cost of insurance.
There have been mixed reports about the implications
of legalization of marijuana (e.g., see a brief overview by
Hall and Lynskey [2020]), which could be explained in part
by the fact that the studies consider only one region (data
limitation) or rely on only one statistical method. Other
publications consider relative change without the overall
impact; for example, Pollini et al. (2015) studied the pro-
portion of drivers who tested positive for delta-9-tetrahy-

drocannabinol (THC), not the changes in the number or
severity of car accidents.

This study proposes data-driven tools for assessing the
impact of changes in marijuana laws on vehicle accident
experience by harnessing the publicly available data with
the power of modern statistical and machine learning tech-
niques under the integrative framework for impact analysis
and uncertainty quantification.

1.1. APPROACH

The study provides new insight into the impacts of mari-
juana legalization on the vehicle accident experience and
the implications for the insurance industry and develops a
systematic approach for assessing similar types of changes
in the future. To establish a robust causal framework that
would equip the insurance industry with actionable in-
sights for risk mitigation and pricing strategies, this study
seeks to achieve the following key objectives.

1. Isolate the causal effect of legalization:

o Establish robust control groups using either be-
fore—after analysis within regions or concurrent
comparisons with similar regions.
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o Account for trends and regional variations to
isolate the true effect of legalization on accident
rates.

2. Mitigate the influence of confounding variables:

o Collect and integrate data on confounding fac-
tors such as weather, time of day, and day of the
week.

o Ensure that the analysis accurately reflects the
causal impact of legalization rather than exter-
nal influences.

3. Harness the power of modern causal inference tech-
niques:

o Leverage regularization techniques to prevent
overfitting and improve generalizability of find-
ings.

o Employ methods that calibrate p-values and
confidence intervals for more reliable assess-
ments of statistical significance.

o Implement flexible nonparametric methods
such as random forests to capture complex,
nonlinear relationships.

4. Synthesize results for broad applicability:

o Analyze data across diverse methods and geo-
graphic regions.

o Synthesize the results to strengthen the validity
and generalizability of conclusions.

The significance of this study extends beyond the case
of marijuana legalization. This framework serves as a blue-
print for assessing the impact of future policy changes,
such as the legalization of other substances or the introduc-
tion of self-driving cars.

1.2. LITERATURE OVERVIEW OF MARIJUANA AND
LEGALIZATION IMPACTS

Several studies investigated (1) the impacts of marijuana on
the ability to drive (controlled and observational studies);
(2) the impact of legalization on the proportion of drivers
who tested positive for marijuana use (observational stud-
ies); and (3) the impact of legalization on public health and
safety outcomes (observational studies).

While the first two groups of studies lay down important
groundwork for investigating marijuana impacts, this re-
search and the third group of studies primarily focus on es-
timating aggregated effects on crashes and fatalities. The
studies in this group report mixed results, most often not
detecting the effects of marijuana legalization on road
crashes (Hall and Lynskey 2020; Hansen, Miller, and Weber
2020). Cook, Leung, and Smith (2020) studied semiannual
2010-2017 Fatality Analysis Reporting System (FARS) data
from cities with a population greater than 100,000 located
in states that did not enact medical marijuana laws by 2010.
Using the difference-in-differences approach, this study
identified a slight reduction (9%) in fatal crashes after the
adoption of medical marijuana use in the states, but no ef-
fect of legalization was detected except for young male dri-
vers (13% increase in fatal crashes). Lane and Hall (2019)
used interrupted monthly time-series analysis (2009-2016)

and detected a short-term increase in FARS-reported fa-
talities in Colorado, Washington, Oregon, and their neigh-
boring jurisdictions (an increase of one fatality per million
residents in the year following marijuana legalization).
Santaella-Tenorio, Mauro, Wall, et al. (2017) used multi-
level regression models and detected some short-term re-
ductions in fatalities associated with the legalization of
medical marijuana between 1985 and 2014. Farmer, Mon-
fort, and Woods (2022) studied quarterly crash rates per
mile of travel in 11 states during 2009 to 2019, while ac-
counting for time effects, seat belt use rate, unemployment,
and alcohol use rates. The authors concluded that estimates
of marijuana legalization effects are not always statistically
significant and vary by state. Windle and colleagues (Win-
dle, Eisenberg, Reynier, et al. 2021; Windle, Sequeira, Fil-
ion, et al. 2021) extend to Canada the insights drawn from
the US FARS database about the effects of legalization on
fatal collision rates and fatalities. Windle, Eisenberg,
Reynier, et al. (2021) find evidence of increased fatal colli-
sion rates when the model adjusted for linear time trend is
used; however, a comment on the paper posted online by
Jiang et al. reports the Poisson model as a poor fit. Finally,
Compton (2017) provides a great overview of the related re-
search and existing practical questions related to drug test-
ing processes, devices used, and training of personnel.

This study brings together the technical advancements
of machine learning algorithms for finding patterns in data,
rigorous approaches for selecting control units from obser-
vational data, and recently developed pathways for a causal
interpretation of black-box models. A combination of all
these steps has not previously appeared in a single study on
the effects of marijuana legalization. Specifically, this study
attempts to overcome the disadvantages of earlier analyses
that relied on the assumed linearity (suggesting the use of
nonlinear models such as random forests, where appropri-
ate) and parametric inference (suggesting the use of boot-
strapping to derive confidence intervals without relying on
a particular distribution).

2. DATA

For a maximally cohesive presentation for Canada and the
U.S., the same study period (2016-2019) is used for both
countries. To avoid confounding with the impacts of the
COVID-19 pandemic, data from 2020 or later are not used.
More specifically, there are no provinces in Canada that can
act as a control group for estimating the effect of marijuana
legalization (see Section 2.1), so the effect of the COVID-19
pandemic would be confounded with other effects. In the
U.S., states serve as the controls for estimating the legaliza-
tion effects (see Section 2.2), and some researchers argue
that one does not need to explicitly adjust for confounders
when a control group is used (Elvik 2002). However, the im-
pacts of COVID-19, such as the mobility changes due to im-
posed lockdowns of different stringency, have varied con-
siderably within states (Barnes et al. 2020), across states
(Lin, Shi, and Li 2021), and globally (Gupta, Pawar, and Ve-
laga 2021; Rahman et al. 2021; Yasin, Grivna, and Abu-Zi-
dan 2021). Moreover, the recovery of human mobility after
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Figure 1. Annual average cost per claim (in 2019 dollars) and frequency of collisions. The dashed line denotes the

year of marijuana legalization.

the relaxation of the lockdowns also differed across regions.
Such trends pose additional difficulties if included in the
study (e.g., see Choi et al. 2018) since confounding fac-
tors may affect sites differently in time (Smith, Orvos, and
Cairns 1993).

2.1. CANADA

The legalization of recreational use of marijuana took effect
across Canada on October 17, 2018 (Senate of Canada
2018).'

The data used in this study came from annual reports
of the General Insurance Statistical Agency (2021), which
collects insurance information from most Canadian regions
(except British Columbia, Manitoba, Québec, and
Saskatchewan), and Groupement des Assureurs Automo-
biles (n.d.) which provides the information for Québec.
From these reports, information on the collision of private
vehicles per accident year was extracted. The claims in this
category are characterized by loss development factors
close to 1; hence, they are not expected to change sub-
stantially as the losses from accidents that happened in the
most recent years get finalized. Dollar amounts were ad-
justed to the prices of 2019 to account for the changing
value of money, using the Consumer Price Index (all item
groups) by Statistics Canada (2021).

The studied insurance outcomes vary considerably
across regions, more than across years (Figure 1). An ex-
tremely high average cost per claim was reported in
Nunavut in 2018, but this year was also the year of the law
enactment; thus, all observations from 2018 were omitted

due to the difficulty of separating the annualized values
into the periods before and after the legalization. The re-
gions differ in population, so the annual number of earned
vehicles was used to weight the observations in further
analyses (Figure 2).

The insurance data for Québec were provided at the
quarterly frequency, which allowed us to study seasonal
signals (see Appendix).

2.2. UNITED STATES

In the U.S., the legality of marijuana varies by jurisdiction
(see Table 1 for a summary of the legalization history by
state in the study period). The start of the period (early
2016) was defined by data availability in the Countrywide
Traffic Accident Dataset version 4 (Moosavi et al. 2019),
which was originally used in this study but later removed.
Since some states (including Colorado and Washington)
had already legalized marijuana by 2016, they cannot be
used for the before-after comparisons in this study (see,
e.g., Aydelotte, Brown, Luftman, et al. 2017 and Hansen,
Miller, and Weber 2020 for the analysis of Colorado and
Washington). The end of the period (December 2019, same
as for Canada) was chosen to avoid confounding the esti-
mated effects with the impacts of the COVID-19 pandemic.
State-licensed sales of recreational cannabis in Michigan
began on December 1, 2019 (one month before the end of
the study period). For all the Before and After periods to be
at least one year long for more reliable conclusions, Michi-
gan was removed from consideration.

1 Historically (before 2018), recreational use of marijuana in the province of British Columbia had been tolerated more than in the rest of
the country (Wikimedia Foundation 2021a); however, due to substantial differences with other provinces, the other provinces cannot
serve as good controls for studying the impacts of marijuana use in British Columbia.
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Figure 2. Number of earned vehicles during 2016-2019 used as the regional weights. The lower and upper hinges

correspond to the first and third quartiles.

Table 1. Groups of states for studying cannabis legalization in the U.S. (from March 2016 to December 2019). The
dates when the commercial sales started are used in the analysis and are shown in parentheses. Note that the
distinction between groups 2-4 is not as important in this study because any of those states can be used for

comparison with group 1.

Group States
1. Legalized CA (January 1, 2018), MA (November 20, 2018), NV (July 1,2017)
2. Fully illegal ID, KS, NE, NC, SC, TN, WY

3. lllegal recreational
4., Legalized after the study period
5. Mixed (unused in the study)

AZ,MT,NJ,NY, SD, VA

VT, WA

AL, AR, FL, IN, IA, KY, OK, TX, UT, WV, WI

AK, CO, CT, DE, DC, GA, HI, IL, LA, ME, MD, MI, MN, MS, MO, NH, NM, ND, OH, OR, PA, R,

The following state statistics were used to select the con-
trol group states matching the legalized group: urbaniza-
tion (percentage of the total population; Wikimedia Foun-
dation 2021c), population (Office of Highway Policy
Information 2021), vehicle miles per licensed driver, road
miles per 1000 persons (calculated as the total road and
street mileage divided by the population), and vehicles per
1000 people (Wikimedia Foundation 2021b). Number of li-
censed drivers was also considered but correlated too
strongly (r = 0.99) with population.

The National Highway Traffic Safety Administration’s
FARS (2021) was used to extract data on fatal traffic ac-
cidents, including the number of fatalities and number of
fatal accidents. The database was supplemented with such
variables as Year (numeric), Month (1-12, categorical),
Weekday (1-7, categorical), Weekend (0/1, categorical), and
Holiday (0/1, categorical, based on holiday calendar for the
New York Stock Exchange, Wuertz, Setz, and Chalabi 2022).

The accident experience metrics were normalized by the
number of registered vehicles by year and state, available
from the U.S. Federal Highway Administration (U.S. De-
partment of Transportation 2020). The Daymet dataset
(Thornton et al. 2020) was used to extract daily gridded
data on confounding weather conditions, represented by
precipitation amounts and temperature ranges; average
temperature was computed as the mean and temperature
range was computed as the difference between maximal
and minimal temperatures. Numerical summaries of the
variables are shown in Table Al.

3. METHODS

Use two-tailed tests with significance level a = 0.05 unless
noted otherwise (1 - a = 0.95 or 95% corresponds to the
confidence level). In other words, the results are statisti-
cally significant when the corresponding p-values are below
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a. The results of the analysis can be reproduced using the R
code available from Lyubchich (2024).

3.1. BEFORE—AFTER COMPARISON

For simple before-after comparisons when no concurrent
control is available (i.e., for Canada), the following regres-
sion models with parametric inference and residual (semi-
parametric) bootstrap are applied.

3.1.1. PARAMETRIC MODELS

Consider a mixed-effects model (Zuur et al. 2009)

Yip = a+ Xy + ct + By + ey, (3.1)
where y is the response variable (claim frequency or average
cost per claim), t is the numeric time index (year), p is the
space index (province), a is the grand intercept, b and c
are the fixed-effect coefficients, X is the indicator whether
t is before the marijuana legalization date or after (since
the law was enacted in October 2018, the year of 2018
was excluded), ﬁp ~ N (0, &%) are random intercepts ac-
counting for different average levels of the response vari-
able by province, and e, are the model residuals. Weights
Wy, are applied to the residual variances for weighted es-
timation, such as e ~ N (O, ozwtp). In particular,
was used to assign

wyy, = (Number of earned vehicles),,
bigger weights to observations corresponding to more
earned vehicles. The variance structure in the model also
allows it to address the issue of heterogeneity or variance
clustering (Abadie et al. 2023). From three alternative
structures—fixed, constant by province, and power—the
latter was selected based on the smallest value of the
Akaike information criterion (AIC; see Zuur et al. 2009, Sec-
tion 4).

The time trend was included in the model to avoid spu-
rious regression results (e.g., see Wooldridge 2013, Section
10.5). This is possible due to the conditional interpretation
of coefficients in multiple regression that might differ from
marginal relationships (e.g., see Chatterjee and Simonoff
2013, Section 1.3.1). For example, the coefficient b in model
(3.1) can be interpreted as the expected change in the claim
frequency with marijuana legalization, holding everything
else in the model fixed. In this analysis, the linear trend
is appropriate for capturing the trending behavior of time
series (based on the patterns in Figure 1) and hence is a
preferred option for regression analysis of nonstationary
series, compared with using the regression model with de-
trended differenced series (e.g., AYep=Yep = Ye-1,p) OF devi-
ations from an estimated trend g, (i.e., € = yip — Tip)-

3.1.2. BOOTSTRAP

To make the inference based on the mixed-effects models
robust to non-normality, implement the semiparametric
residual bootstrap algorithm (Carpenter, Goldstein, and
Rasbash 2003; Loy, Steele, and Korobova 2022):

1. Estimate parameters and error terms for the model.
2. Sample independently with replacement from the
sets of error terms.

3. Rescale the bootstrapped error terms so that their
empirical variance is equal to the model estimates.

4. Obtain bootstrap samples by combining the boot-
strapped samples via the fitted model equation.

5. Refit the model and extract the statistics of interest.

6. Repeat steps 2—5 B times.

From the bootstrapped distributions, obtain confidence
intervals for the desired confidence level 1 — «, as defined
in Davison and Hinkley (1997, Chapter 5). For the estimate
b and its bootstrap counterparts b*, the basic bootstrap con-
fidence limits are

20 = b(p1)1-a/2)) 20 = (B11)as2)> (3:2)
the percentile limits are
bi(B11)as2p OlBr1)1-0/2)) (3.3)
and the limits with normal approximation are
B - ’1)1/22170(/2, I; - vl/zzlfa/Z (34)

where v is the approximate variance of b*, and z is the quan-
tile of N(0O, 1) distribution.

3.2. PROPENSITY SCORE MATCHING

When randomized controlled trials cannot be implemented,
propensity score matching (PSM) is used to match study
subjects by estimated probability for them to receive the
treatment, based on some baseline covariates X;, X,, . . .,
X, that are not affected by the treatment (Q.-Y. Zhao et al.
2021; Austin 2011; Olmos and Govindasamy 2015). Hence,
PSM attempts to create homogeneous groups to potentially
avoid confounding the studied effects with the effects of
the baseline covariates. As a result, given similar propen-
sity scores, the assignment of subjects to the treatment can
be treated as random, which is important for satisfying the
assumptions of many statistical models and causal infer-
ence (Damrongplasit, Hsiao, and Zhao 2010). For example,
it is desirable to compare the state with legalized marijuana
with the state(s) that have similar baseline characteristics,
such as population and urbanization, to minimize the ef-
fect of these characteristics on the differences in vehicle
accident experience between the states. Relevant examples
of implementing PSM include Lopez Bernal, Cummins, and
Gasparrini (2018), Damrongplasit, Hsiao, and Zhao (2010),
and Stuart, Huskamp, Duckworth, et al. (2014).

The propensity scores are the conditional probabilities
of being assigned a treatment, estimated from the model

Treatment ~ X1 + Xo + +-- + Xy, (3.5)

which is, essentially, a classification model with the as-
signed treatment (legalized or not) being the response vari-
able. In this study, the covariates X;, X, . . ., X, are repre-
sented by

1. urbanization,

population,

vehicle miles per licensed driver,
road miles per 1,000 people, and
vehicles per 1,000 people.

vk

Binary logistic regression is the most widely used form of
this classifier, but machine learning techniques allow more
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flexibility in modeling nonlinear relationships and inter-
actions (combined effects) of several covariates. From the
tree-based methods and neural networks, random forest
is a decision tree—based method that delivers competitive
performance and, at the same time, has only a few hyper-
parameters that the user has to set (Hastie, Tibshirani, and
Friedman 2009). Hence, the random forest classifier is used
in this study to predict the probability of a state being as-
signed the treatment.

In the implemented random forest algorithm, the orig-
inal dataset is resampled with replacement 500 times, and
a classification tree is grown on each such bootstrap sam-
ple. Each tree uses the covariates X;, X, . . ., X; to split the
data into smaller subsets, homogeneous based on values of
the response variable. For additional robustness (decorre-
lation of trees), each split of the tree uses only a random
subset of vk covariates from the total of k covariates. Each
tree of the forest is then used for predictions, and the pro-
portion of trees that classify the state as legalized is used
as that treatment probability or the propensity score. For
more details on the random forest algorithm, see Breiman
(2001) and Hastie, Tibshirani, and Friedman (2009, Chapter
15).

At the matching step, the propensity scores are used to
select appropriate control subjects from a sufficient num-
ber of untreated units. The matching techniques vary from
identifying the nearest neighbors to optimization and clus-
tering algorithms. Matching with replacement allows a sub-
ject from the untreated group to be matched with more
than one subject from the treated group. Several matching
methods are usually applied since the ultimate results
might be sensitive to the selection of control subjects (Q.-Y.
Zhao et al. 2021). For example, Damrongplasit, Hsiao, and
Zhao (2010) used stratified matching, where they first se-
lected a range of propensity scores with both treated and
untreated subjects and then separated them into smaller
intervals, with each such interval also containing both
types of subjects. In each stratum, the average treatment
effect was estimated to assess the variability of the es-
timates. In this study, the nearest-neighbor selection is
used with varying numbers of control subjects to assign to
each treated subject. With one-to-one matching, the se-
lected matches are most similar in terms of their propensity
scores, but larger proportions can also be used for better
estimates of the counterfactual (Olmos and Govindasamy
2015). The standardized mean differences are typically used
to assess the balance of the covariates in the adjusted treat-
ment and control groups, with the rule-of-thumb threshold
of 0.1 or 0.25 (Q.-Y. Zhao et al. 2021).

Another way of thinking about PSM is as a dimension-
ality reduction technique that allows one to employ k co-
variates at once to find subjects that are close to the treated
subjects in this k-dimensional space (Olmos and Govin-
dasamy 2015).

3.3. CONVENTIONAL MATCHING
As an alternative to propensity scores, the proximity of

states in the k-dimensional space of covariates can be used
to select similar states, without relating the covariates to

the legalization outcomes. Sometimes this approach is
called conventional matching (Q.-Y. Zhao et al. 2021). In
such an unsupervised case, a random forest can still be used
to extract a proximity matrix (Shi and Horvath 2006) to
identify neighbors in the k-dimensional space. Proximity in
a random forest is quantified as follows: if a pair of out-of-
bag observations (not used to construct a tree, since due to
sampling with replacement some observations are left out)
end up in the same terminal node of the tree, their proxim-
ity is increased by 1 (see Section 15.3 in Hastie, Tibshirani,
and Friedman 2009).

3.4. REGRESSION RANDOM FOREST

The random forest method has been introduced in Section
3.2 on PSM as a classifier (to predict the assignment of a
unit to treatment; the response variable is binary) and as a
tool to find distances in high-dimensional space for a more
conventional matching of states based on their proximity in
that space (Breiman 2001; Hastie, Tibshirani, and Friedman
2009). Random forests also can be used in a regression set-
ting when the modeled response variable is numeric, such
as the car accident rate (e.g., see Bailey, Olivera-Villarroel,
and Lyubchich 2020).

Random forests have just a few hyperparameters, includ-
ing the number of trees, the number of variables randomly
selected to select the best split, and the minimal size of the
subsets (also known as terminal nodes of a regression tree)
that do not get split further. The number of trees affects
the stability of results, but as long as it is relatively large
the estimation error stabilizes. In this study, 500 trees are
used in each random forest, and the two other hyperpara-
meters are tuned using 10-fold cross-validation minimizing
the root mean square error (RMSE).

Since random forests consist of a large number of re-
gression trees, the direct interpretability of the model is
lost (i.e., the method becomes a black box). However, post-
processing of the trained random forest allows one to ob-
tain valuable insights, including those similar to statistical
models. Thus, Altmann et al. (2010) proposed permutations
of covariates to derive p-values assessing the statistical sig-
nificance of the covariate contribution to the predictive ac-
curacy of a random forest. To visualize the relationships
learned by the random forest, partial dependence plots
(PDPs) are constructed by varying the values of the selected
covariate(s) while keeping other covariates fixed (Chapter
10 in Hastie, Tibshirani, and Friedman 2009). This method
applies to many other types of black-box models. The re-
sulting PDPs show marginal effects of the variables, and the
way they are estimated corresponds to the back-door ad-
justment that Pearl (1993) used to identify causal effects
from observational data (Q. Zhao and Hastie 2021). More
specifically, when the predictor is a binary variable such as
marijuana legalization, the PDP shows the average treat-
ment effect (Q. Zhao and Hastie 2021).

3.5. MATRIX COMPLETION

This study compares the random forest approach with other
methods for inference on the legalization effects. In partic-
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ular, Athey et al. (2021) suggested the matrix completion
with nuclear norm minimization (MC-NNM) for causal in-
ference using panel data. An advantage of MC-NNM is that
it allows for a dependence structure in the time series, com-
pared with other methods of matrix completion (Athey et
al. 2021). The method considers the treated elements (ob-
servations from legalized states after the legalization took
place) as missing and approximates them as part of the
“incomplete” matrix. The differences between the observed
and approximated values for the treated cases can be used
to estimate the average effect of the treated:

E(i,t):Wi,:I Yit(l) - Yit(o)

T = )
Zi,t Wit

where W, = 1 indicates that the observations correspond
to a period after marijuana legalization, and W;, = 0 other-
wise. Athey et al. (2021) do not provide formal guidance on
further statistical inference; this study uses t-tests for the
differences between observed and approximated outcomes
in the cases with Wj; = 1 (as in the numerator of equation
3.6). Specifically, the one-sample t-test applied to the dif-
ferences assumes their independence, while a test of inter-
cept in an autoregressive moving average model ARMA(p,
q) assumes potential autocorrelation of the differences. The
orders p and q were automatically selected using AIC by the
algorithm by Hyndman, Athanasopoulos, Bergmeir, et al.
(2023).

(3.6)

3.6. DIFFERENCE-IN-DIFFERENCES

Another widely used method of quantifying causal effects
in this setting is the difference-in-differences (DID) estima-
tion. The DID is the difference between the change in the
average outcome in the treatment and control groups

—_POST _PRE
YTREAT — YTREAT
(3.7)
_POST _PRE
- (yCONTROL - yCONTROL)

and is equivalent to the interaction coefficient & in the fol-
lowing regression (Goodman-Bacon 2021):
Yy = Bo + BiTREAT; + v, POST;
+I[TREAT; x POST;] + u,
where TREAT; indicates whether the subject i belongs to the
treated group or not, and POST, indicates whether the pe-
riod t is before or after the treatment was applied.

(3.8)

3.7. CROSS-VALIDATION

This study adopts the cross-validation scheme of Athey et
al. (2021) to compare the DID, MC-NNM, and random for-
est based on their accuracy in approximating artificially
missing fatality rates. The panel dataset for cross-valida-
tion uses data from the nonlegalized states selected using
the PSM and conventional matching approaches. In this
dataset, staggered legalization of marijuana is simulated
by randomly selecting three states that would legalize the
drug at different times T, where the ratio Tp/T takes on the
values 0.1, 0.3, 0.5, 0.7, and 0.9. The observations that re-
mained in the nonlegalized group then constitute the train-
ing set, while the observations in the legalized group rep-

resent the testing set. The methods can be compared based
on their accuracy (corresponding to lower RMSE). The pro-
cedure of simulating marijuana legalization and estimating
RMSEs is repeated 10 times, then average RMSEs and their
standard errors are computed.

4. RESULTS

4.1. CANADA

The results for the average cost per claim are as follows.
The 95% confidence intervals for the effect of marijuana le-
galization in Canada in the mixed-effects model have cen-
ters close to zero, and all versions of the confidence inter-
vals contain zero (Table 2), implying no significant effects
on the average cost per claim.

Results for the claim frequency per 100 earned vehicles
lead to the same conclusions as the results for the average
cost per claim presented in the previous section. Specifi-
cally, the 95% confidence intervals for the effect of mar-
ijjuana legalization in Canada in the mixed-effects model
have their centers close to zero, and all versions of the con-
fidence intervals contain zero (Table 2), implying no signif-
icant effects.

The results obtained based on quarterly data for Québec
matched the ones obtained here based on annual data; the
estimated changes in average cost per claim and claim fre-
quency were categorized as not statistically significant (see
Appendix).

4.2. UNITED STATES
4.2.1. PROPENSITY SCORE MATCHING

The PSM was done for several alternative ratios of the num-
ber of selected control states to the number of legalized
states. Based on the absolute standardized mean differ-
ences in Figure 3, the best matching is achieved at the ratio
1:1 (the adjusted sample differences, corresponding to the
selected controls and legalized states, are the smallest).
The effect of matching is still noticeable at the ratio of 3:1,
but at the higher ratio of 5:1, the selected control states
do not achieve a desirable similarity in the baseline vari-
ables (Figure 3). The distribution of propensity scores pro-
vides the background information for the observed behav-
iors. The propensity scores of the treated states (states with
legalized marijuana) vary from about 0.15 to 0.30, and there
are only a few untreated states with propensity scores in
this range. With the PSM algorithm tasked to select more
matches for each treated state (as the ratio increases), more
states with out-of-range propensity scores around O are se-
lected as controls. Table 3 shows the matches for each le-
galized state.

The 1:1 matching appears to be optimal in this study be-
cause it provides substantially more homogeneous samples
(Figure 3A) and happens to follow the approach of stratified
matching (Damrongplasit, Hsiao, and Zhao 2010) where the
control units were selected from the propensity score range
of the treated units.
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Table 2. The 95% confidence intervals for the coefficient b in the mixed-effects model of the effect of marijuana

legalization on the average cost per claim and claim frequency in Canada

Interval type

Cost per claim

Claim frequency

Lower Upper Lower Upper
Parametric normal -369.2 11231 -0.447 0.064
Bootstrap normal -384.1 1134.1 -0.406 0.016
Bootstrap basic -338.3 1185.4 -0.400 0.007
Bootstrap percentile -431.6 1092.2 -0.390 0.017

Table 3. Control states selected using the propensity score matching for each legalized state. The number of
matches varies with the ratio of the number of selected control states to the number of legalized states.

Legalized state Matches Ratio 1:1 Ratio 3:1 Ratio 5:1

CA WV FL, MT, WV FL, MT,SD, TN, WV

MA uT KS, UT, VA ID, IN, KS, UT, VA

NV NY AZ,NY, TX AZ,NC,NE, NY, TX

A . . .

Ratio 1:1 Ratio 3:1 Ratio 5:1
| .| ;
Urbanization - : g ® 4 : Ao
1 1
1 1
Population 42 EEAY 4k

I I
] I Sample
1 1

Vehicle miles per licensed driver { @ -1 e s ® Unadjusted
1 1
i I Adjusted
I 1

Road miles per 1000 people { . @ 4 p A9 1 @
| I
| I
1 (
Vehicles per 1000 people4{fi 49 4 4] b A9

0 5 10 15 0 5 10 15 o] 5 10 15

Absolute standardized mean difference

Figure 3. Standardized mean differences for propensity score matching with different ratios of selected control
to treated states. The dashed line corresponds to the threshold of 0.25.

4.2.1.1. CONVENTIONAL MATCHING

Similarities between states derived from a random forest
(Figure 4) were used to find alternative matches. Each state
in the Legalized group was matched with the most similar
state in the control group if the latter had not been used as
a match:

 for the state of California: New Jersey
« for the state of Massachusetts: Florida
o for the state of Nevada: Utah

The results of the two matching techniques differ quite
substantially, hence both versions are considered in the
analysis. Note that even if in both cases the distances were
derived based on random forests, the random forest imple-
mentations differ (supervised random forest for the PSM

Variance

model (3.5) and unsupervised random forest for the con-
ventional matching).

4.2.2. CROSS-VALIDATION RESULTS

In the cross-validation study, T = 1,400 daily fatality rates
from the five selected nonlegalized states (Florida, New Jer-
sey, New York, Utah, and West Virginia) were used to com-
pare accuracy of the estimation methods. The RMSEs cal-
culated for the random forest were generally lower than
for the other methods, but not significantly lower (Figure
5). Overall, random forest had the advantage of using the
covariates in a nonlinear way to improve estimates of the
outcome; however, given the variability across the cross-
validation runs and the limited number of these runs, the
advantage did not result in significant gains, as seen from



A Data-Based Assessment of the Impact of Marijuana Legalization on Vehicle Accident Experience

CA MA NV

ID KS§ NE NC SC TN WY AL AR FL IN 1A

KY OK TX UT wW/ Wi

AZ MT NJ NY SD VA

Figure 4. Random forest similarity matrix based on the five state variables.
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Figure 5. Average RMSEs with 95% confidence intervals (£1.96 s.e.(RMSE)) from 10 cross-validation runs for

predicting fatality rate in nonlegalized states.

the overlapping intervals in Figure 5. Compared to the re-
sults in Athey et al. (2021), the MC-NNM did not signif-
icantly outperform the simpler DID, but for the sake of
space, results from only random forest (RF) and MC-NNM
are reported below. Similar to Athey et al. (2021), Figure 5

The models were estimated separately for the matched
states (mimicking the stratified PSM approach of Damrong-
plasit, Hsiao, and Zhao 2010) and by combining all selected
states, then repeated for the manually matched states.
Table 4 summarizes the estimated effects of the legaliza-

shows lower RMSE (increasing accuracy) as the ratio T/T
increases.

4.2.3. ESTIMATES OF THE EFFECTS

This section summarizes the results of the analysis of the
daily average fatality rate and the number of fatal acci-
dents. All rates are calculated using the annual number of
registered vehicles in the studied states. The following pre-
dictors were considered in the models: Legal (binary vari-
able for marijuana legalization), State (categorical), Month
(categorical), Weekday (categorical), Holiday (categorical),
Average daily temperature (°C), Average daily temperature
range (°C), and Precipitation (millimeters/day).

tion; Figure 6 contains PDPs for the fatality rate. (PDPs for
the number of fatal accidents are omitted for the sake of
space due to the very similar results.)

Based on the random forest results, the effect of legal-
ization is ranked as the least or second-to-least important
(another least-important variable is Holiday; the rankings
are not shown). The estimated effects show a small not
statistically significant decrease, except when comparing
Massachusetts and Florida, where the decrease is deemed
statistically significant (Table 4). Note that due to the gen-
erally large p-values for this variable and the considerable
computing time required by the Altmann’s algorithm, only
100 permutations were used to calculate the p-values for
random forest. (More permutations can be used to estimate
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Table 4. Estimates of the legalization effects 7 based on random forests (RF) with Altmann’s p-values in
parentheses and the matrix completion with nuclear norm minimization (MC-NNM) with p-values from a one-
sample t-test in parentheses. Values of |7| < 0.001 are reported as “< 0.001.”

States Fatality rate Rate of fatal accidents
Legalized Matched RF MC-NNM RF MC-NNM
Propensity score matching
CA WV -0.032(0.99) <0.001(0.999) -0.015(0.58) <0.001(0.999)
MA uT -0.026 (0.88) <0.001(0.999) -0.020(0.89) <0.001(0.999)
NV NY -0.015 (0.24) <0.001(0.999) -0.018(0.99) <0.001(0.999)
CA, MA, NV NY, UT, WV -0.011(0.95) <0.001(0.999) -0.009 (0.99) <0.001(0.999)
Conventional matching
CA NJ -0.014(0.97) <0.001(0.999) -0.015(0.98) <0.001(0.999)
MA FL -0.066 (0.01) <0.001(0.999) -0.060 (0.01) <0.001(0.999)
NV uT -0.015 (0.95) <0.001(0.999) -0.012(0.81) <0.001(0.999)
CA, MA, NV FL,NJ,UT -0.012(0.50) <0.001(0.999) -0.012(0.54) <0.001(0.999)
[ ] @
© 038 © 0375 2 0f
o ® i
E 0.36 L B E‘ 0.350 ) E 0.5
*g 0.34 L L] ° % 0.325 ! * % 0.4
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Figure 6. Partial dependence plots from the random forest model of fatality rate based on all propensity-score-
matched states (CA, WV, MA, UT, NV, NY). The inner tick marks on the horizontal axis denote deciles of the
corresponding variable; two-dimensional plots are restricted to the convex hull of the observed data to avoid

extrapolation.

p-values more precisely, but it would not change the con-
clusions of nonsignificance in those cases where the p-val-
ues are already large.)

Based on the MC-NNM results, none of the combinations
of states showed significant effects of the legalization
(Table 4). The algorithm for selecting the ARMA orders p
and q (Hyndman, Athanasopoulos, Bergmeir, et al. 2023)
resulted in an ARMA model with zero mean in all of the

Variance

cases, hence matching the results of the t-test reported in
Table 4.

CONCLUSION AND DISCUSSION

This study used several data-driven techniques to analyze
the effects of marijuana legalization on the vehicle driving
experience in Canada and the U.S. The data included fre-
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quency and size of auto insurance claims in Canada and
road fatalities in the US.

The techniques employed in the study allowed us to ac-
count for multiple factors such as weather and similarity of
the US states in terms of road and population character-
istics. However, the most prominent factors remained the
repeating patterns of human activity reflected in seasonal
and weekly cycles. Thus, just by looking at a few pre-le-
galization years in Québec, the trend-seasonal statistical
model (termed restricted in this study because it did not use
the information on the policy change) was able to accu-
rately predict insurance variables for the next year. Based
on the daily aggregated US data, the most predictive fac-
tors of the road accidents and fatalities were the state (for
regional differences) and day of the week, often followed
by temperature and precipitation. PDPs showed increased
chances of accidents and fatalities with higher tempera-
tures and, particularly when New York was included in the
comparisons via manual matching of the states, also with
below-freezing temperatures of around —10°C. The same
rankings of the variables were observed for daily data in
Mexico City by Bailey, Olivera-Villarroel, and Lyubchich
(2020), although that study did not focus on the effects of
policy change. The US results varied by the state pair, in-
cluding the cases when the control state changed. Most of
the tests for the legalization effect on fatalities failed to
detect a statistically significant change. (Aydelotte, Brown,
Luftman, et al. 2017 and Hansen, Miller, and Weber 2020
came to a similar conclusion by analyzing the states of Col-
orado and Washington.)

Overall, like most other statistical modeling studies, this
analysis assumes that the models accounted for all poten-
tial confounders that could affect the inference about the
effects of legalization. For example, the study accounted for
the effects of weather and deliberately did not use the pe-
riod of the COVID-19 pandemic. However, there could be
other effects one may want to control, such as new leg-
islation about driving, traffic control practices, road and
other infrastructure development, and adoption of Al-en-
abled features in vehicles. These factors will become par-
ticularly important if one wants to extend the period of the
study.

Another important aspect when deciding on the study
period is the speed of adoption. There has always been
some time between the legalization and the start of sales,
and even then, one should not assume that all potential
consumers start using marijuana at once. The short-term
effects detected by Lane and Hall (2019) might be an ex-

ception to this rule since they were observed in the early-
adopter states and could be explained by the high antic-
ipation by residents and even visitors looking forward to
consuming marijuana. This study used at least a year of
records after the start of commercial sales in each case, but
some may argue that the effects take even longer to sur-
face due to the time needed for the new market to develop
(e.g., to open more dispensaries, run marketing campaigns,
and adjust prices). For example, Smart and Doremus (2023)
point out increases in youth marijuana use associated with
the legal market growth and increased availability of the
drug.

There are other open questions in marijuana-related re-
search, related to the ways people perceive the drug, recog-
nize different levels of tolerance, and get tested for being
influenced by the drug. The history of public health crises
linked to tobacco, alcohol, and opioids understandably
raises concerns about marijuana legalization (DeVillaer
2019). Some research suggests a potential cannabis—alco-
hol substitution effect, with a decrease in alcohol-related
accidents due to marijuana use primarily at home (Ellis et
al. 2022). However, concerns exist regarding potential un-
derestimation of addiction risks compared to alcohol and
tobacco (Ammerman et al. 2015). Finally, post-accident
THC testing is not yet as effective as alcohol testing
(Alexander 2003). Recent studies by Brands, Di Ciano, and
Mann (2021) and Preuss, Hoch, and Wong (2023) highlight
ongoing research areas, including the dose-response rela-
tionship (e.g., concentration of THC in blood and actual
driving behavior, or uncertainty about which THC concen-
tration consistently results in impairment); tolerance after
frequent use; effects of cannabidiol (CBD) to THC ratios;
and different consumption methods (e.g., smoking, vaping,
or edibles).
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DATA SUMMARY

Table Al. Statistical summary of the daily US data from March 2016 to December 2019 (n = 1,400)
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APPENDIX

State Mean SD Min QO0.25 Q0.5 (median) Q0.75 Max
Number of registered vehicles

CA 30,846,728 368,957.7 30,221,033 30,795,141 31,022,327 31,247,270 31,247,270
FL 17,248,521 467,869.0 16,600,317 16,959,269 17,496,001 17,833,720 17,833,720
MA 5,064,167 3,271.8 5,061,260 5,061,260 5,061,498 5,065,221 5,069,559
NJ 6,025,180 45,593.9 5,940,997 6,033,015 6055,389 6,057,711 6,057,711
NV 2,482,129 55,336.1 2,398,659 2,455,442 2,514,338 2,546,583 2,546,583
NY 11,216,616 248,449.0 10,857,455 10,857,455 11,389,158 11,482,229 11,482,229
uT 2,371,212 40,099.8 2,317,282 2,355,773 2,372,800 2,430,275 2,430,275
WV 1,688,827 13,249.8 1,668,113 1,668,113 1,691,237 1,693,719 1,704,825
Temperature range, °C

CA 12.844 2.907 4.794 10.864 13.249 14.971 19.482
FL 10.285 2.133 5.059 8.880 9.809 11.429 18.798
MA 10.549 2.893 3.542 8.374 10.562 12.680 19.428
NJ 10.577 3.502 2.378 7.986 10.620 12.786 22,030
NV 15.248 3.646 5.405 12.617 15.812 18.186 22.357
NY 10.555 2.972 3.073 8.427 10.416 12.588 19.895
uT 14.465 3.317 5.819 12.019 14.871 17.070 21.252
WV 12.034 3.675 2.800 9.579 11.998 14.394 24.189
Precipitation, mm/day

CA 1.481 3.664 0.000 0.000 0.071 0.784 30.314
FL 4.279 6.354 0.000 0.329 2.168 6.116 127.453
MA 3.364 5.901 0.000 0.252 0.939 3.606 47.100
NJ 3.709 7.202 0.000 0.000 0.285 4.075 79.102
NV 0.966 1.741 0.000 0.000 0.284 1.040 14.713
NY 3.317 4431 0.000 0.553 1.556 4417 49.675
uT 1.236 1.782 0.000 0.127 0.572 1.533 18.373
WV 3.612 4.790 0.000 0.304 1.668 5.381 37.362
Average temperature, °C

CA 17.199 5474 5.052 12.871 16.984 21.914 30.542
FL 22972 5.090 4.607 19.530 23.895 27.524 29.899
MA 10.777 9.086 -13.850 3.077 10.894 19.020 27.552
NJ 13.295 9.405 -12.706 5.124 14.107 21.967 30.918
NV 13.288 8.694 -7.635 6.035 12531 21511 29.559
NY 10.073 9.612 -15.718 2.017 10.619 18.971 26.675
uT 12.100 9.470 -12.422 4.308 11.476 21.379 27.942
WV 12.950 9.135 -14.100 5.316 14.183 21422 27.102
Fatality rate, number of fatalities per 10 vehicles

CA 0.335 0.127 0.032 0.232 0.325 0.419 0.860
FL 0.500 0.208 0.000 0.354 0.472 0.617 1.205
MA 0.166 0.191 0.000 0.000 0.197 0.198 0.988
NJ 0.209 0.206 0.000 0.000 0.166 0.330 1.347
NV 0.353 0411 0.000 0.000 0.393 0417 2.784
NY 0.260 0.181 0.000 0.092 0.261 0.360 2.090
uT 0.331 0.419 0.000 0.000 0411 0.432 2.529
WV 0.486 0.584 0.000 0.000 0.587 0.599 4.133
Fatal accident rate, number of fatal accidents per 10% vehicles

CA 0.308 0.111 0.032 0.227 0.292 0.387 0.741
FL 0.465 0.187 0.000 0.343 0.449 0.590 1.121
MA 0.158 0.175 0.000 0.000 0.197 0.198 0.988
NJ 0.196 0.186 0.000 0.000 0.165 0.330 1.010
NV 0.329 0.369 0.000 0.000 0.393 0417 1.989
NY 0.244 0.161 0.000 0.092 0.184 0.351 0.958
uT 0.303 0.366 0.000 0.000 0411 0.424 2.158
WV 0.450 0.513 0.000 0.000 0.587 0.599 2.933
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ANALYSIS OF QUARTERLY QUEBEC DATA

Compared to the data from other Canadian provinces,
Québec data were provided at the quarterly frequency (Fig-
ure A1), which allowed us to incorporate seasonal signals in
the models.

For single-province seasonal data, consider the model
s—1

Yy = a+ bX, +ct+zdisit + et
i=1

(A1)

where S;; is an indicator variable that takes on the value of 1
if time t belongs to the season i and the value of 0 otherwise
(i=1,...,4 for quarterly data; for identifiability reasons,
only 3 coefficients d; are estimated). In other words, model
(A1) includes a linear trend with additive seasonality mod-
eled using a categorical variable for the seasons (quarters).

Additionally, a restricted model (without the indicator
variable representing the periods Before and After),

s—1

Yy = a+bXy +ct' + Zdz’Sit’ + ey,

=1
was estimated for the time ¢’ before the legalization date.
Since its coefficients capture only the pre-legalization dy-
namics, prediction intervals from this model in the After
period allow judging whether the legalization had a consid-
erable effect on the vehicle accident experience.

Québec average cost per claim Model (A1) applied to
quarterly average costs per claim in Québec did not provide
enough evidence of changing average costs after the mar-
ijuana legalization (Table A2, p-value above 0.05). See the
fit of this model in Figure A2; all observed values belong to
the 95% prediction interval.

All versions of the bootstrap 95% intervals also contain
zero; hence there is not enough evidence of the legalization
effect: normal interval (-170.50, 190.57), basic interval
(-160.59, 193.20), and percentile interval (-167.55, 186.24).

The restricted model (A2) provided similar results,
showing that pre-legalization trends extended in the future

(A1)

[&,]
[4]
o
o

5000

4500

Cost per claim (2019 dollars)

IS
o
o
o

can accurately predict the average costs per claim, without
modeling the effect of legalization (Figure A3).

Québec claim frequency The results of model (A1) ap-
plied to quarterly claim frequency in Québec mirror those
shown in the previous section for the average cost per
claim. With the observed trend and seasonality, there is not
enough evidence of changing claim frequencies after the
marijuana legalization (Table A3, p-value for the coefficient
X(After) is above 0.05). All observed values belong to the
95% prediction interval from this model (Figure A4).

All versions of the bootstrap 95% intervals contain zero;
hence there is not enough evidence of the legalization ef-
fect: normal interval (-0.7272, 0.2924), basic interval
(-0.7148, 0.2828), and percentile interval (-0.7179, 0.2797).

Additionally, similar results were obtained from a re-
stricted model (A2) estimated on the data before legal-
ization. The results show that pre-legalization trends ex-
tended in the future can accurately predict the claims

(Figure A5).

Claim frequency per 100 vehicles

Q)oﬂ’cx
N
P PP PP P

Figure Al. Quarterly average cost per claim (in 2019 dollars) and frequency of collisions in Québec. The dashed

line denotes the date of marijuana legalization.
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Table A2. Results of estimating the effect of marijuana legalization on average cost per claim in Québec within a

trend-seasonal model

Coefficient Estimate Std. error t-value p-value
(Intercept) -331,924.566 79,125.587 -4.1949 0.0018
X(After) 12.824 97.316 0.1318 0.8978
Year 166.800 39.229 4.2519 0.0017
Quarter 2 -450.174 73.391 -6.1339 0.0001
Quarter 3 139.939 73.391 1.9068 0.0857
Quarter 4 716.961 77.319 9.2728 3.16x 1076

o
(%3]
(=]
(=]

5000

4500

Cost per claim (2019 dollars)
5
b

Figure A2. Quarterly average cost per claim (in 2019 dollars) in Québec. Black denotes the observed values; the
fitted values and 95% prediction intervals are blue. The dashed line denotes the date of marijuana legalization.

[8,]
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Figure A3. Quarterly average cost per claim (in 2019 dollars) in Québec. Black denotes the observed values; the

fitted values and 95% prediction intervals are blue (restricted trend- seasonal model based on the data before

legalization). The dashed line denotes the date of marijuana legalization.
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Table A3. Results of estimating the effect of marijuana legalization on claim frequency in Québec within a trend-
seasonal model

Coefficient Estimate Std. error t-value p-value
(Intercept) -167.017 206.3290 -0.8095 0.4371
X(After) -0.218 0.2538 -0.8574 0.4113
Year 0.086 0.1023 0.8379 0.4217
Quarter 2 -1.328 0.1914 -6.9366 401x107>
Quarter 3 -1.675 0.1914 -8.7524 5.31x1076
Quarter 4 -1.018 0.2016 -5.0497 0.0005

Claim frequency per 100 vehicles
(4]

Figure A4. Quarterly claim frequency per 100 earned vehicles in Québec. Black denotes the observed values; the
fitted values and 95% prediction intervals are blue. The dashed line denotes the date of marijuana legalization.

Claim frequency per 100 vehicles
[0}

Figure A5. Quarterly claim frequency per 100 earned vehicles in Québec. Black denotes the observed values; the
fitted values and 95% prediction intervals are blue (restricted trend- seasonal model based on the data before
legalization). The dashed line denotes the date of marijuana legalization.
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