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Abstract

In August 2012, the Arizona Department of Health Services conducted a lot-

tery to allocate licenses for the state's first medical marijuana dispensaries. The

lottery randomly selected an applicant within each of 69 contested Community

Health Analysis Areas to open a dispensary. By comparing 36 zip codes with

winning applications to 48 zip codes with losing applications and weighting

using propensity scores based on the true probability of winning, we estimate

the causal effect of the allocation of a dispensary on the emergency room visits

of residents of that zip code. Outcomes of interest are emergency room visits

for acute symptoms caused by cannabis, opioids, alcohol, and cocaine. Using

emergency room discharge data from 2010 to 2016, we find evidence of an

increase in visits for acute cannabis-related causes for the winning set of zip

codes and weak evidence of an increase in visits for opioid-related causes. The

results indicate that in the four years following the lottery, emergency room

visits for acute cannabis causes rose by approximately 45% in allocated zip

codes relative to non-allocated zip codes. Because of the high likelihood of

spillovers to neighboring zip codes, these effects are likely underestimates.
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1 | INTRODUCTION

In 2012, Arizona randomly issued licenses to applicants to open medical marijuana dispensaries. This procedure
resulted in two groups of zip codes: a group of zip codes in which dispensaries were licensed and a statistically similar
control group of zip codes without dispensary licenses. This allows the measurement of the effect of dispensary alloca-
tion on zip code-level outcomes.

This paper adds to the literature by taking a novel approach to a commonly investigated question: Does the avail-
ability of medical marijuana cause acute public health effects? We focus on one measure of acute public health effects,
emergency room visits for drug-related reasons by residents of a zip code.

Previous work on the effect of medical marijuana programs has relied on difference in differences (DID) models at
the state level or time series models in a single state. This paper introduces a novel causal identification strategy that
reduces the possibility of state-level confounding events occurring at a similar time as the introduction of medical mari-
juana. Our analysis is at the zip code level and compares winning and losing zip codes resulting from a set of lotteries
run by the Arizona Department of Health Services (ADHS) in 2012. This approach significantly alleviates concerns
regarding confounding variables. However, spillover from nearby zip codes likely biases results toward zero.
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We explore the effect of a medical marijuana dispensary on acute emergency room visits based on the primary diag-
nosis code (see Appendix S1 for details). We find a statistically significant increase in hospital visits for cannabis and
opioids, the former at the 1% level and the latter at the 10% level. We find no statistically significant change for alcohol-
or cocaine-related visits.

In 2010, Arizona voters narrowly passed Proposition 203, the Arizona Medical Marijuana Act (2012), with 50.13% of
votes in favor (Arizona Secretary of State, 2010). Orenstein (2015) provides a history of the Arizona Medical Marijuana
Act and describes its key features. The bill gave the ADHS the authority to regulate dispensary, patient, and caregiver
licensing. By March 2011, ADHS had finalized rules for the licensing process, and in April the ADHS began accepting
applications from individuals who wished to open dispensaries.

Arizona ran their dispensary allocation process by random selection. In order to ensure geographic distribution, the
ADHS planned to locate one dispensary in each of 126 Community Health Analysis Areas (CHAAs). A CHAA includes,
on average, a larger population than a zip code. In 2010, a CHAA held on average approximately 51,000 residents
(Arizona Department of Health Services, 2014). In 2010, a zip code in Arizona held on average approximately 15,700
residents, though this rises to 25,000 for the 84 zip codes in our sample (US Census, 2010). One lottery was held for each
contested CHAA to select the winning application.

The ADHS provided us with information on dispensary applications and lottery results. Each application is associ-
ated with a five-digit zip code. Zip codes do not cleanly coterminate with CHAAs. That is, a zip code may be part of
more than one CHAA and a zip code may participate in more than one lottery. The probability of one or more applica-
tions from a particular zip code winning a CHAA lottery can be precisely calculated as one minus the probability of
losing every CHAA lottery in which that zip code participates. This is the probability of allocation of one or more
dispensaries and a “true” propensity score. We utilize inverse probability weighting based on these true propensity
scores to control for differences between allocated and non-allocated zip codes.

Between 2012 and 2016, the number of active medical marijuana patient cardholders in Arizona grew to nearly
120,000 and the amount of cannabis sold by medical marijuana dispensaries reached 938,000 ounces per year. In 2016,
82% of patients listed “chronic pain” as their medical condition requiring the use of cannabis, compared with 71% in
2012, by far the most common medical condition listed. Cannabis consumption grew in roughly linear fashion. Figure 1
offers a graphical representation of these trends according to reports published by the ADHS (Arizona Department of
Health Services, 2012–2015; Arizona Department of Health Services, 2016a).

In 2016, about 1.7% of Arizona's 6.9 million residents held medical marijuana cards and the average card holder
purchased 8.2 ounces of marijuana. A 2018 paper suggested that a sizable number of “diverted” medical marijuana
users in Arizona received secondhand medical marijuana from those with medical marijuana cards (Cheon, Decker, &
Katz, 2018). It is therefore likely that in 2016 a larger percentage of Arizona residents than 1.7% had access to cannabis
sold at medical marijuana dispensaries.

Previous studies have found that medical marijuana laws generally lead to increased cannabis use among the adult
population. Published work has also sought to understand possible substitute or complement relationships between
cannabis and other drugs. This study explores the effect that medical marijuana availability has on emergency room
visits due to the use of cannabis as well as opioids, alcohol, and cocaine.

FIGURE 1 Patient cardholders and yearly cannabis sold in

Arizona by year, 2012–2016
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Increasing the availability of medical marijuana has generally been found to increase its use. Chu (2015) finds
increased marijuana use among adults. Pacula, Powell, Heaton, and Sevigny (2015) survey the literature through 2012
and find positive effects on cannabis use and dependence for states with dispensaries. Hasin et al. (2017) find an
increase in illicit cannabis use and cannabis use disorders in states with medical marijuana laws. Shi (2017) finds no
increase in cannabis-related hospitalizations. Williams, Santaella-Tenorio, Mauro, Levin, and Martins (2017) find
higher rates of adult cannabis use. Johnson, Hodgkin, and Harris (2016) find no effect on adolescent use, though
Stoltezenberg, D'Alessio, and Dariano (2016) do find an increase. A review looking at eleven studies by Sarvet et al.
(2018) found no significant effect on adolescent cannabis use. We confirm that cannabis use resulting in emergency
room visits increases for zip codes with dispensaries as compared with those without dispensaries.

With regard to opioids, Shi (2017) finds lower opioid hospitalization rates after the legalization of medical mari-
juana. Bachhuber, Saloner, Cunningham, and Barry (2014) also find lower opioid overdose rates in states after the legal-
ization of medical marijuana. Chu (2015) finds a decrease in treatments for heroin after medical marijuana laws were
passed and no effect on arrests for heroin possession. Bradford and Bradford (2016, 2017) find reductions in Medicare
and Medicaid opioid prescriptions after the passage of a medical marijuana law. Powell, Pacula, and Jacobson (2018)
replicate these results and find that more liberal medical marijuana laws are related to greater reductions in opioid use.
However, others find no or mixed effects. Cerdá et al. (2018) find various small increases and decreases in the use of
prescription opioids by different adolescent demographic groups after the passage of medical marijuana laws. Wen,
Hockenberry, and Cummings (2015) find no effect on prescription pain medication or heroin use after medical mari-
juana legalization. We find a positive effect on opioid-related emergency room visits for zip codes with dispensaries,
though the coefficient is small and significant only at the 10% level.

There is mixed evidence on the relationship between the use of cannabis and alcohol. Anderson, Hansen, and Rees
(2013), Crost and Guerrero (2012), and DiNardo and Lemieux (2001) find evidence that alcohol and cannabis are substi-
tutes. On the other hand, work by Wen et al. (2015), Williams et al. (2004), and Pacula (1998) find that they are comple-
ments. We find no effect on emergency room visits for alcohol-related causes for zip codes with dispensaries.

Others have explored the use of cocaine alongside cannabis. DeSimone and Farrelly (2003) and Saffer and Chal-
oupka (1999) find complementarity for cocaine. Wen et al. (2015) find no effect of medical marijuana laws on cocaine
use. Chu (2015) finds no effect of medical marijuana laws on arrests for cocaine and no effect on treatments for cocaine.
Our results show no effect.

Previous studies that have looked into the effects of medical marijuana laws and full legalization have been of two
types. The first is at the state level utilizing a DID methodology. The DID approach has been popular in published
work.1 The second is a single-state time series design.2 This study introduces a new methodology: the lottery test.

The remainder of the article is organized as follows. Section 2 outlines the data. Section 3 outlines our empirical
strategy. Section 4 presents results. Section 5 summarizes our conclusions.

1These studies include Wall et al. (2011) modeling adolescent marijuana use; Harper, Strumpf, and Kaufman (2012) modeling past-month marijuana
use and perceived riskiness of marijuana use; Anderson et al. (2013) modeling traffic fatalities; Lynne-Landsman, Livingston, and Wagenaar (2013)
modeling adolescent marijuana use; Anderson, Rees, and Sabia (2014) modeling suicide; Kim et al. (2016) modeling opioid use by fatally injured
drivers; Morris (2014) modeling Part I crimes as defined by the Federal Bureau of Investigation; Bradford and Bradford (2016) and Bradford and
Bradford (2017) modeling prescription medication use in Medicare Part D and Medicare, respectively; Hasin et al. (2017) modeling cannabis use
disorders; Santaella-Tenorio (2017) and Sevigny (2018) modeling traffic fatalities; Ullman (2017) modeling absences from work; Williams et al. (2017)
modeling cannabis use disorder; Nicholas and Maclean (2017) on the labor supply of older adults; Abouk and Adams (2018) modeling cardiovascular
deaths; Sarvet et al. (2018) modeling the self-medication of mood and anxiety disorders with marijuana; Cerdá et al. (2018) modeling adolescent use of
marijuana, cigarettes, illicit drugs, nonmedical use of prescription opioids, amphetamines, and tranquilizers, and binge drinking; Kalbfuß, Odermatt,
and Stutzer (2018) modeling mental health outcomes; and Sarvet et al. (2018) reviewing DID papers on adolescent marijuana use.
2There have been several single-state studies published looking at Colorado. Davis et al. (2016) look at hospital discharges before and after the passage
of medical marijuana law in Colorado in 2009, finding that cannabis-related discharges increased over time. Kim et al. (2016) find that there was an
increase in cannabis-related visits by out-of-state residents relative to Colorado residents after full cannabis legalization. Wang et al. (2016), Wang
et al. (2017), Wang, Davies, Halmo, Sass, and Mistry (2018) find an increase in Colorado adolescent and adult hospitalizations and emergency
department visits, as well as regional poison center calls, for cannabis-related issues. Compton, Volkow, and Lopez (2017) identify an increase in
poison center calls after the law legalizing cannabis passed. There has been one published study focusing on Arizona. Cheon et al. (2018) analyzed
data on a sample of arrestees in Maricopa County, finding that medical marijuana use and diverted medical marijuana use was correlated with
involvement in property crime, violent crime, DUI, and drug sales and manufacturing.
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2 | DATA

Our analysis utilizes two datasets: a list of dispensary applications with associated zip codes and emergency room visit
records. ADHS provided us with a list of applications and associated five-digit zip codes. This application-level dataset
lists the lottery results for each CHAA and the five-digit zip code of the proposed dispensary site. ADHS published a list
of CHAAs and the status of the associated dispensary on their website (Arizona Department of Health Services, 2015).
This dataset notes when ADHS anticipated each dispensary would open.

ADHS makes hospital discharge data from Arizona emergency rooms available to researchers. These data are kept
at the discharge level and include patient residence zip code, quarter of discharge, and patient primary diagnosis code.
Emergency room patients later admitted as inpatients and whose hospital bills are combined do not appear in the emer-
gency room dataset, though those with separate bills do appear. This means that the dataset likely does not include
some visits by patients with severe acute presentations.

Using this dataset, which covers 2010 to 2016, we produce the outcomes of interest by aggregating discharges at the
zip code-quarter level. Appendix S1 shows the International Classification of Diseases, Ninth Revision (ICD-9) codes
used for outcomes of interest. We classify the ICD-9 primary diagnosis codes based on previously published articles in
medical journals. Arizona switched from using ICD-9 to ICD-10 codes at the beginning of the fourth quarter of 2015.
There are 23 quarters of ICD-9 codes and five quarters of ICD-10 codes in the data. The ICD-9 codes were forward
mapped to ICD-10 codes using a mapping file developed by the Centers for Medicare & Medicaid Services and the
National Bureau of Economic Research (see Appendix S1 for more information).

Only acute visits for abuse and poisoning are tallied. Visits for chronic problems stemming from dependence are
not included. We constructed a time series of visits per quarter per zip code for cannabis, opioids, alcohol, and cocaine.
The primary outcome is the count of visits per zip code-quarter. The full sample consists of 84 zip codes over seven
years (28 quarters), or 2,352 observations.

Table 1 shows that the set of zip codes allocated dispensaries and the set of zip codes not allocated dispensaries are
balanced during the pre-lottery period when inverse probability weighting is applied (see Section 3 for more informa-
tion). Table 1 shows that the two groups of zip codes are balanced for three variables from the 2010 U.S. Census as well
as the emergency room visit variables. The emergency room visit data in this table are restricted to 2010Q1 to 2012Q3,
before the lottery.

3 | ANALYTIC APPROACH

We improve on the DID and time series designs by utilizing the lottery run by ADHS. This method aims to eliminate
the possibility that confounding factors changed at the state level at the same time that medical marijuana was legal-
ized. Our analytic approach allows identification of a group of zip codes with dispensaries and a group of zip codes
without dispensaries given a prior set of precisely known probabilities of dispensary allocation. After weighting using
inverse probability weights (IPWs), the two groups are statistically indistinguishable prior to the August 2012 lottery.
The analytic approach allows estimation of the causal effect of having a medical marijuana dispensary allocated to a
particular zip code on emergency room visit outcomes by residents of that zip code.

TABLE 1 Balance check

Variable name
Mean in non-allocated
zip codes (n = 48)

Mean in allocated
zip codes (n = 36)

Difference between allocated
and non-allocated zip codes p value

Total population (U.S. Census 2010) 26,807 22,254 −4,553 .234
Median age (U.S. Census 2010) 38.240 41.683 3.443 .147
Percent male (U.S. Census 2010) 50.167 50.062 −0.105 .807
Cannabis visits 0.518 0.435 −0.083 .482
Opioid visits 2.841 2.361 −0.480 .388
Alcohol visits 15.455 19.838 4.383 .413
Cocaine visits 0.454 0.563 0.109 .634

Note. The U.S. Census 2010 variables include data from 2010 only (one observation per zip code). The emergency room visit variables include quarters from

2010Q1 to 2012Q3 (11 observations per zip code). Standard errors are clustered at the zip code level. Inverse probability weighting is utilized.
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3.1 | Propensity scores and inverse probability weighting

ADHS's use of random assignment at the CHAA level allows a true propensity score approach at the zip code level.
Analogizing to the randomized controlled trial context, this is equivalent to randomization with the probability of treat-
ment varying by subject. A single zip code can lie in more than one CHAA. Therefore, zip codes with more applications
in a single CHAA and those with applications in more than one CHAA have a higher probability of winning. The prob-
ability of winning is precisely calculable and need not be estimated.

Arizona received 435 applications across 99 of the 126 CHAAs. The other 27 CHAAs received no applications. Of
these 99, 30 had only one application and a lottery was unnecessary. On August 7, 2012, ADHS held lotteries for the
69 contested CHAAs (Arizona Department of Health Services, 2012). The average number of applications in the con-
tested CHAAs was 5.94. The CHAA with the largest number of applications received 14.

Because a zip code can fall in more than one CHAA, a zip code may participate in more than one lottery. Using the
probabilities of zip code i winning each CHAA lottery, the overall probability of a zip code i receiving a license can be
computed. These probabilities range from 0 (exclusive) to 1 (inclusive). If all of the applications for a particular CHAA
are from the same zip code, that zip code will have a probability of receiving a license of 1. Fifty-one zip codes are
dropped because they were certain to win at least one CHAA lottery. Probability of allocationi is calculated as 1 minus
the probability of zip code i losing the lottery in every CHAA with applications from zip code i. For example, if a zip
code participates in two CHAA lotteries with probabilities of winning of .4 and .3, then the probability of winning at
least one is calculated as 1 − (.6 × .7), or .58. There were 84 zip codes with a probability of allocation between 0 and
1 (exclusive). These probabilities are shown in the histogram in Figure 2. Thirty-six of these zip codes were allocated
dispensaries, whereas 48 were not. By December 2015—the last available update from ADHS—dispensaries had opened
in 34 of the 36 zip codes that were allocated dispensaries (Arizona Department of Health Services, 2015).

Figure 2 shows that the allocated and non-allocated zip codes differ in their probability of allocation. Zip codes with
a higher probability of allocation tend to be allocated dispensaries, and zip codes with a lower probability of allocation
tend to not be allocated dispensaries. For example, of the 10 zip codes with probability of allocation between .8 and .9,
eight were allocated a dispensary and two were not. This probability of allocation is known in the statistics literature as
a “balancing score” (Rosenbaum & Rubin, 1983), also known as a “true propensity score” (Abadie & Imbens, 2016; Aus-
tin, 2011). It is commonly only estimated with error. Here, there is no danger of misspecification of the propensity score
estimation model because the scores are precisely known.

We then use these true propensity scores to weight the regressions discussed below. IPWs are calculated as follows:

weightallocated = 1=probability of allocation,

weightnon−allocated = 1= 1−probability of allocationð Þ:

The inverse probability procedure weights allocated dispensaries with a low probability of allocation higher than
allocated dispensaries with a high probability of allocation. It weights non-allocated dispensaries with a high probability

FIGURE 2 Zip code allocation status by probability of

allocation
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of allocation higher than non-allocated dispensaries with a low probability of allocation. This procedure reduces possi-
ble bias associated with the endogeneity of the probability of allocation, producing a set of allocated and non-allocated
zip codes that, when weighted, are statistically identical on prelottery characteristics.

Figure 3 provides a map of the location of allocated and non-allocated zip codes. Figure 3 shows that the sample
includes zip codes predominately in the urban areas of Phoenix and Tucson, though some rural zip codes are also
included.

3.2 | Modeling approach

All models are at the zip code quarter level and weighted using IPW. As described in Section 2, the data cover 84 zip
codes over 28 quarters (seven years), totaling 2,352 observations. Our regression model compares the treatment and
control zip codes before and after the lottery date of August 2012, accounting for each additional quarter after the lot-
tery using a continuous variable. As Figure 1 shows, the volume of medical marijuana dispensed in Arizona increased
approximately linearly from 2013 to 2016. Therefore, taking into account the number of quarters since the lottery is the
appropriate way to model the treatment effect. The fourth quarter of 2012 is the first post-lottery quarter. Because some
zip codes fall into multiple CHAAs, 31 zip codes were allocated one dispensary, four zip codes were allocated two dis-
pensaries, and one zip code was allocated three dispensaries (see Figure 3). Assuming that consumption increases line-
arly with the number of dispensaries, the regression takes the following form for zip code i in quarter t:

outcomeit = β0 + β1 number of dispensariesi + β2 quarters since lotteryt + β3 number of dispensariesi × quarters
since lotteryt + ρi + θt + ε,

where outcomeit is the number of emergency room visits in particular zip code in a particular quarter, number of dis-
pensariesi is the number of dispensaries allocated to a particular zip code, ranging from 0 to 3, quarters since lotteryt is
a continuous variable indicating the number of quarters after 2012Q3 and taking the value of 0 before the lottery, num-
ber of dispensariesi × quarters since lotteryt is an interaction term, ρi are zip code fixed effects, and θt are quarter-year
fixed effects. The fixed effects are included to increase the precision of the estimates. Zip codes are randomly allocated 0

FIGURE 3 Map of allocated and non-allocated zip codes

[Colour figure can be viewed at wileyonlinelibrary.com]
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or ≥ 1 dispensaries conditional on the propensity score. The allocation of two or three dispensaries is not perfectly ran-
dom. However, balance tests analogous to Table 1 comparing zip codes allocated one dispensary with the five zip codes
allocated more than one dispensary show full balance.

We use Poisson regression models given that the outcome variables are count data. A substantial number of zeros
and low integers characterize the outcome variables. For example, of 2,352 observations for cannabis-related hospital
visits, 1,507 are 0s, 516 are 1s, 190 are 2s, and so on. Because this is a time series model, standard errors are clustered at
the zip code level.

3.3 | Date of opening

Data provided by the ADHS include the date of dispensary opening for each CHAA. We do not utilize the opening date
in our analysis because of endogeneity concerns. The first dispensary opened in December 2012 and the last in
December 2015. A dispensary in a zip code with greater demand for cannabis will have an incentive to open earlier. A
dispensary in a zip code without much demand may delay opening a dispensary. Because these opening dates are likely
correlated with zip code level characteristics, using them would bias the effect of a dispensary allocation. Zip codes with
early open dates would have overly large representation in the “treated” sample. The direction of bias would be away
from zero, with a dispensary allocation appearing to have a greater effect than is accurate.

3.4 | Other considerations

Three considerations are important when evaluating the results. First, zip codes are commonly not large areas and trav-
eling to an adjacent zip code to visit a dispensary will commonly have low cost. Therefore, the spillover of cannabis use
into adjacent zip codes is likely. This important dynamic will bias our results toward zero.

Second, dispensaries are allowed to move their location, though the process is complex (Arizona Administrative
Code). For the first three years after the dispensary registration certificate issued, dispensaries were allowed to move
within their CHAA. After three years, dispensaries were allowed to move anywhere. Full mobility was therefore avail-
able in late 2015 or early 2016 for most dispensaries, based on the data on dispensary registration certificate issue dates
(Arizona Administrative Code, 2015). These considerations will also tend to bias estimates to zero as residents of control
zip codes may have ready access to dispensaries. In October 2016, Arizona issued 31 additional licenses to operate dis-
pensaries (Arizona Department of Health Services, 2016b). Because our data end in December of 2016, this is unlikely
to affect the results.

Third, emergency room patients later admitted as inpatients and whose hospital bills are combined do not appear in
the emergency room dataset. The dataset therefore likely does not include some visits by patients with severe acute pre-
sentations. For these reasons, our findings are likely to be an underestimate of the true effects.

FIGURE 4 Cannabis visits. Data shown are the average of visits

per quarter across allocated and non-allocated zip codes, weighted by

propensity score. The vertical dashed line represents the lottery date.

The first three quarters of 2015 are missing one ICD-9 code, 9696,

due to a data production error [Colour figure can be viewed at

wileyonlinelibrary.com]
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4 | RESULTS

Figures 4–7 show the time series of each outcome variable by date and allocation status. These figures provide context
for the regression model, showing trends over time and the relative levels of visits for the allocated and non-allocated
zip codes. Table 1 showed that before the lottery, the allocated and non-allocated zip codes were statistically indistin-
guishable from each other.

The Poisson regression results appear in Table 2. Turning to the results for cannabis visits, Table 2 presents the
results of Model 1 showing a positive coefficient on the interaction term for cannabis visits of 0.022 (95% confidence
interval [0.008, 0.035]). For each quarter since the lottery for each allocated dispensary, the log of the count of visits
increases by 0.022. A dispensary allocation increases cannabis abuse visits per zip code by approximately 2.2% per

FIGURE 5 Opioid visits. Data shown are the average of visits

per quarter across allocated and non-allocated zip codes, weighted by

propensity score. The vertical dashed line represents the lottery date

[Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 6 Alcohol visits. Data shown are the average of visits

per quarter across allocated and non-allocated zip codes, weighted by

propensity score. The vertical dashed line represents the lottery date

[Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 7 Cocaine visits. Data shown are the average of visits

per quarter across allocated and non-allocated zip codes, weighted by

propensity score. The vertical dashed line represents the lottery date

[Colour figure can be viewed at wileyonlinelibrary.com]
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quarter. This coefficient is significant at well under the 1% level. Because of spillover effects to neighboring zip codes, as
discussed in Section 3.4, these are likely underestimates of the true effect.

In the 17 quarters from the 2012 lottery to the end of 2016, the model therefore indicates an increase of 0.37 log
points, or an approximately 45% increase (95% confidence interval, 14% to 82%) in cannabis visits from the prelottery
baseline after the control group is accounted for. Here, that baseline was 0.52 cannabis visits per zip code per quarter,
and a 45% increase suggests that this has risen to approximately 0.75 cannabis visits per zip code per quarter. These
numbers are consistent with Figure 4.

Regarding opioid visits, the outcome of interest has a positive coefficient of 0.008 (95% confidence interval [−0.001,
0.017]), significant at the 10% level, representing an increase of approximately 0.8% per quarter. We estimated the same
model for heroin alone (IDC-9 Code 96501) and the point estimate is 0.015, also statistically significant at the 10% level
(95% confidence interval [−0.003, 0.032]). Without heroin included, the coefficient for the remainder of the opioid visits
drops to 0.006 (95% confidence interval [−0.003, 0.015]) and is no longer statistically significant at the 10% level. This
result weakly suggests that illegal opioid use may drive these results.

Alcohol and cocaine visits show no measurable change due to the dispensary allocation.

5 | CONCLUSION

This true propensity score analysis shows that, relative to a control group of zip codes and conditional on receiving a
dispensary application, those zip codes that were allocated a medical marijuana dispensary experienced higher total
visits to the emergency room for cannabis by their residents. In addition, we find weak evidence of an increase in opioid
visits. The results suggest that in the approximately four years since the 2012 lottery and 2016, emergency room visits
for acute cannabis causes have grown approximately 45% in allocated zip codes relative to non-allocated zip codes. We
find no measurable effect for alcohol- and cocaine-related emergency room visits. As noted, the emergency room
dataset does not include visits for patients who were later admitted as inpatients if the patients were billed together for
the emergency room and inpatient services, likely excluding some visits with severe acute presentations. Zip codes, par-
ticularly in urban areas, are small, allowing travel across zip codes to purchase medical marijuana, which likely biases
our results toward zero. The experience of Arizona is broadly relevant as jurisdictions consider the legalization of
cannabis.
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TABLE 2 Regression results of Model 1

Cannabis visits Opioid visits Alcohol visits Cocaine visits

Number of dispensaries X
Quarters since lottery

0.022***

(.002)
0.008*
(.083)

0.002
(.610)

0.003
(.725)

Observations 2,352 2,352 2,352 2,352
Zip code FE YES YES YES YES
Quarter-year FE YES YES YES YES

Note. Data are at the zip code-quarter level. Standard errors are clustered at the zip code level. Inverse probability weighting is utilized. p values in parentheses.
The first three quarters of 2015 for cannabis visits are missing one ICD-9 code, 9696, due to a data production error.
Abbreviation: FE, fixed effect.
*Significant at the 10% level.
**Significant at the 5% level.
***Significant at the 1% level.
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