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The opioid crisis is now widely recognized as one of the most important public health
emergencies of our time. Opioid overdoses led to over 40,000 deaths in 2016, more than fivefold
the levels from the late 1990s (Department of Health and Human Services, 2019). The issue is
particularly acute for rural communities, where residents face higher opioid prescription and
drug-related mortality rates, and which may face relatively high barriers to effective policy
responses that rely on infrastructure like transportation and healthcare supply (Garcia et al.,
2019; Hancock et al., 2017). Recent high-profile litigation and settlements among states and
local governments with drug companies have highlighted some of the costs of the opioid
epidemic. The dollar amounts discussed in some of these cases have been huge; for example,
Purdue Pharma and Mallinckrodt agreed to national settlements of about $10 billion and $1.6
billion, respectively, and a judge in Oklahoma recently awarded a settlement of $465 million in a
suit brought against Johnson and Johnson. The settlements in these cases brought by various
state attorneys general are based on estimated additional costs to state and local governments
generated by the opioid crisis such as public healthcare, treatment facilities, law enforcement,
criminal justice, and jail expenses. While these figures are notable, the total societal costs of the
opioid epidemic are likely much higher when the less direct harm that is visited on communities
by the crisis is factored into the equation. In this study we open the examination into one of these
indirect channels, the extent to which exposure to the opioid crisis may be negatively affecting
the education outcomes of children.

We are aware of no research directly linking the ravages of the opioid epidemic to the
educational outcomes of children in affected areas. Children, of course, are not immune to the
effects of what may happen in their homes and communities, and there is ample evidence that

negative home or community factors can be associated with lost learning opportunities. One



example is that children exposed to higher levels of toxic stress or neighborhood violence have
worse education outcomes than children who are less exposed (e.g., Ang, 2018; Juster et al.,
2010; McEwan & Gianaros, 2010; Sharkey et al., 2014; Sharkey et al., 2012; Shonkoff &
Garner, 2012). In a similar vein, childhood exposure to the ravages of the opioid epidemic,
whether that exposure be in the home, the neighborhood, or the school, may result in worse
education outcomes.

Drawing on the literature regarding the effects of childhood exposure to environmental
stressors and violence, we propose a simple model of how opioids in a community can impact
the education outcomes of young children. The model suggests that children’s education
outcomes will depend on the level or intensity of the crisis in a community, the extent of a
child’s exposure to the community-wide crisis level, and the child’s vulnerability given their
level of exposure.

Following a discussion of the model relating the opioid crisis to education outcomes, we
document the spatial dimensions of the intersection between the crisis and education outcomes
across the nation, with a focus on rural counties. County-level drug-related mortality rates are
our primary measure of the intensity of the opioid crisis in a given county and year, and 3™ grade
and 8" grade test scores from the years 2009 to 2014 represent the education outcomes of
interest. There is a marked spatial component to this intersection—with notable “hot spots” in
the Appalachian Belt and the industrial Midwest, but also concerning areas in the Southwest and
West—suggesting a more acute need for concern in some areas of the country than in others.
Finally, we estimate the extent to which variation in one measure of the opioid crisis, average

lifetime drug-related mortality rate, is related to variation in test scores. We find strong



relationships between the two, as well as evidence that the relationship is particularly salient for
3" grade students in rural communities.

Education can be a pathway to economic and social mobility, especially for children from
disadvantaged backgrounds. When this pathway is imperiled, it is the most vulnerable children
who have the most to lose. The fact that some of the areas hardest hit by the opioid crisis—the
Appalachian belt, the industrial Midwest, impoverished rural communities across the nation—are
also areas associated with markers of childhood disadvantage such as high levels of poverty and
parental unemployment, lends urgency to the opioid crisis-education question. For if the opioid
crisis has negative education spillovers, then the possibility that the crisis will exacerbate already
existing education gaps and thus economic opportunity is real and ongoing.

Brief Background on the Opioid Crisis

The opioid crisis is generally divided into three waves, with each wave characterized by
the category of opiate—natural and semisynthetic substances, heroin, or synthetically derived
substances—that is serving as the primary driver of overdose rates at the time.! The first wave
began in the 1990s with a steady rise in overdose deaths from prescription natural and
semisynthetic opioids, as well as prescribed methadone. In 2010, the second phase began with a
dramatic rise in heroin overdose deaths, tripling between 2010 and 2015. An even steeper
increase in overdose deaths from synthetic opioids brought the third and current phase which

began around 2013 (Dasgupta et al., 2018). The timeframe for our analysis coincides with the

! Natural and semisynthetic opioids are derived from the naturally occurring sap of the opium poppy plant and
include morphine and codeine. Semisynthetic opioids are drugs derived from chemically manipulated natural opiates
and include prescription opiates such as oxycodone and hydrocodone. Synthetic opioids are entirely artificial and
include substances such as methadone and fentanyl. Each phase is classified by the main driver of opioid overdose
deaths, but users often consume multiple type of opioids simultaneously.



end of the first wave and beginning of the third wave, capturing the changing face of the crisis as
legislative actions on prescription drugs lowered the supply of semisynthetic drugs, setting the
stage for increased heroin and synthetic opioid usage across the nation.

Our primary measure for the intensity of opioid use in our analysis is county-level drug-
related mortality rates from the Institute for Health Metrics and Evaluation (IHME,
http://www.healthdata.org/). The IHME drug-related mortality data is based on records from the
Centers for Disease Control and Prevention (CDC) but imputes mortality rates for all county-
year combinations between 1980 and 2014 because of small cell reporting limitations and
potential error in death certificate codes (Dwyer-Lindgren et al., 2018). See Appendix A for a
description of the data used in this paper. While mortality rates based on all drug-related deaths
overestimates mortality rates due strictly to opioid-related deaths, the latter are estimated to
account for about 70% of drug-related mortality in recent years and opioid-related deaths are the
primary driver of the growth in drug-related deaths over the past 20 years (CDC, 2018a).
Moreover, mortality related to all types of drugs, not just opioids, would be expected to affect
students according to our conceptual model, presented below. Of course, in addition to fatalities,
there are other potential negative effects of opioid use, including nonfatal overdose emergencies
that lead to hospitalization and ongoing addiction with all the associated negative societal
spillovers. Moreover, opioid abuse can co-occur with other substance use disorders, depression,
and other physical and psychological ailments. Thus, our measure represents a relatively extreme
consequence of opioid use.

We display the trend in average county-level drug-related mortality rates from 1980 to
2014 in Figure 1. Drug-related mortalities have been steadily increasing since the early 1980s,

with a notable increase starting around the year 2000. As displayed in Panel A, from 2000 to



2014, average drug-related mortality in counties rose from 3.7 to 10.0 (per 100,000 deaths), an
increase of about 170 percent. The variation in mortality rates also grew substantially, with
standard deviations around the mean plotted in the dashed lines. This growing gap across heavily
affected and less heavily affected counties is also reflected in Panel B. We divide counties into
quartiles based on their mortality rates in our last analysis year, 2014. All counties had relatively
similar drug-related mortality rates until the mid-1990s, after which point the mortality rate in
the most severely affected counties (those in the highest quartile depicted by the line with square
markers) rose most sharply. A related measure of the crisis, opioid prescriptions, also increased
every year for two decades, from 76 million in 1991 to a high of 255 million in 2012 (CDC,
2018b). While changes in state policy and prescription practices have contributed to a decrease
in opioid prescriptions since 2011, the number of overdose deaths has continued to rise
(Rummans et al., 2018).

The opioid crisis, as proxied by drug-related mortality rates, has a marked spatial
component. In Figure 2, we display drug-related mortalities by county, averaged over the 2009-
2014 time period, where richer shading indicates relatively higher county-level mortality rates.
Drug-related mortality is notably severe in the Appalachian region, the industrial Midwest,
Oklahoma, Florida, and the Southwest and regions of the Far West. Of the counties which
experienced high to severe increases in the overall number of mortalities between 2000 and
2015, 72 percent were estimated to be rural counties, but only 15 percent of rural counties have a

registered non-profit dedicated to addressing substance abuse (Kneebone & Allard, 2017).

2 Kneebone and Allard (2017) define a county as having a “high to severe” increase in overdose deaths as one where
there were 12 to 28 additional overdose deaths per 100,000 population and caution that data limitations may lead to
an undercount of rural non-profits.



We display the trend in mean drug-related mortality rates by rurality in Figure 3, panel A.
The mean drug-related mortality rate for rural (red solid line) and nonrural (blue dashed line)
counties are quite similar and track each other closely over the time period. However, the
standard deviations, as shown by dotted lines, increase more for rural areas than for nonrural
areas over time. In Panel B, we see that this differential growth is driven primarily by greater
increases in drug-related deaths at the high end of the distribution of rural counties (see the full
distribution of drug-related deaths for each year in Appendix Figure B1). We calculate the 50,
75%, 90", and 99™ percentiles in each year for rural (red solid lines) and nonrural (blue dashed
lines) counties and then plot these percentiles over time. The 50, 75%, and 90™ percentile trends
track rather closely across rural and nonrural areas. However, though similar until about 2000,
the 99™ percentile in drug-related deaths in rural areas rises more steeply in recent years and is
around 40% higher than in nonrural areas by the end of the period.
Children, Education, and Opioids

Our conceptualization of how the opioid crisis in a community can impact education
outcomes begins with a model proposed by Harding et al. (2010) that relates a neighborhood
factor to a child-level outcome of interest.? In their model outcome Y is a multiplicative function
of the neighborhood context under consideration, N, exposure level, E, of a child to N, and the
vulnerability of the child, V, given the exposure:

Y=(NxExV) (1)

3 Qur focus in this study is on children who are likely too young to be suffering from substance use disorders
themselves. There are children who are exposed to opioids while in utero and may be born experiencing symptoms
of opioid withdrawal, a condition known as Neonatal Abstinence Syndrome (NAS). NAS is associated with
increased morbidity and incidences of low birthweight, which is itself associated with adverse outcomes, such as
developmental delays and language problems, lower education attainment, and lower lifetime earnings (e.g.,
Behrman and Rosenzweig, 2004; Bharadwaj et al., 2016; Corman and Chaikind, 1998; Patrick et al., 2012; Ribeiro,
2011).



Consider Y as some education outcome of interest for a child, N as some measure of the intensity
of the opioid crisis in the child’s community, E as the exposure of the child to crisis, and V" as the
vulnerability of the child to the given exposure of the crisis. Variation in exposure across
children can arise from many factors. A child who loses a family member to an opioid overdose
or lives in a home with a family member or members who have an opioid use disorder has higher
levels of exposure than children in the same community who do not have similar experiences.
Less directly, a child who sees ambulances responding to opioid overdoses on their street has
some level of exposure to the crisis, as does finding discarded syringes, hearing parents talk
about opioid-related incidents, or seeing local news about the crisis. And, a child isolated from
these kinds of events may still experience exposure to the crisis if their peer group have crisis
exposure. Thus, childhood exposure to the opioid crisis can range from the direct and traumatic
to the less direct, but still potentially pervasive and destructive.

Moderating the effects of exposure is the vulnerability of a child to the adverse effects of
the crisis, where vulnerability is a function of family, school, and community supports. While
families are considered important to creating safe and nurturing environments that can buffer
children from adverse experiences, communities can also provide critical supports through
formal and informal organizations, structures, and social networks (Shonkoff, 2003). For
example, if suburban or urban communities or schools have a wider array of available support
systems in place than do rural communities, then we might expect a more pronounced effect of
the crisis on education outcomes in rural areas, even with the same levels of crisis intensity and
exposure for a given child.

There is a well-established literature on the effects of childhood exposure to

environmental stressors. While all children are exposed to stress at times, child development



experts distinguish between “positive stress” and “tolerable stress” responses, and a “toxic
stress” response in children. Toxic stress responses are consequences of “strong, frequent, or
prolonged activation of the body’s stress response systems” (Shonkoff & Garner, 2012).
Neuroscience research has established that toxic stress can alter the size and neuronal
architecture of the developing brain in young children. These changes can leave a child with
proximate learning and behavioral challenges, and also weaken foundations for later learning,
behavior, and health (Ledoux, 2000; Shonkoff & Garner, 2012).

Childhood environmental conditions are also tightly linked to the formation of a child’s
executive functioning capabilities, defined as mental capacities associated with working
memory, inhibitory control, and cognitive or mental flexibility, and are considered not only
critical for the beginning learner, but healthy development through middle childhood and
adolescence relies on opportunities to build further on these capacities (Center on the Developing
Child at Harvard University, 2011). Research has shown that chaotic and stressful environments
can inhibit executive functioning development and that environments lacking in healthy parent-
child relationships can dampen the development of executive capacities (Barkley, 2001; Evans &
Wachs, 2010; Lengua et al., 2007; Masten & Cicchetti, 2010; Rutter et al., 2000). Therefore,
traumatic or prolonged exposure to stressors can lead to toxic stress response, which in turn can
change the architecture of a child’s developing brain, changes that can have proximate and
lasting effects on physiological, cognitive, behavioral, and/or psychological functioning (e.g.,
Juster et al., 2010; McEwan & Gianaros, 2010).

Research exploring the effects of exposure to neighborhood violence on education
outcomes directly links environmental stressor exposure to adverse education outcomes. Sharkey

et al. (2014) find that students who live on blockfaces where violent crimes occur just before a



standardized test perform significantly worse than observationally similar students who live on
blockfaces where violent crimes occur just after an exam. In a similar vein, other work by
Sharkey and colleague’s links exposure to recent local homicides to reductions in children’s
performance on assessments of cognitive skills (Sharkey, 2010; Sharkey et al., 2012).
Meanwhile, Ang (2018) finds that relative to others in their neighborhood, students living
proximate to police officer-involved killings have persistently lower grade point averages, and
immediate, but short-lived, spikes in absenteeism. The path from violence-related trauma to
worse education outcomes is consistent with a toxic stress response explanation.

Despite the now well-published magnitude and extent of the nation’s opioid problem, the
literature on how this public health crisis may be spilling over beyond individuals struggling with
substance use disorder is relatively limited. Quast, Storch, and Yampolskaya (2018) found a
positive association between county-level opioid prescription rates and removal of children from
homes in Florida. Nationally, county-level drug overdose and hospitalization rates are correlated
with both higher child welfare caseloads and high rates of complex child welfare cases (Radel et
al., 2018). Exposure to parental opioid abuse during childhood has been linked to increased risk
for adolescent substance abuse and suicidality (e.g., Biederman et al., 2000; Brent et al., 2019;
Griesler et al., 2019). Meanwhile, Kreuger (2017) links a portion of the fall in labor force
participation among working age men to opioid usage increases. These studies support the
proposition that the ongoing opioid crisis in this country has potentially far reaching and negative
societal effects, particularly on children, that are just beginning to be studied.

The Link Between Opioids and Educational Outcomes
Like the opioid crisis, educational performance is not evenly distributed geographically.

In Figure 4, we display maps that show county-level 3 grade (Panel A) and 8™ grade (Panel B)



math and reading standardized test score performance averaged over the 2009-2014 time period
based on data from the Stanford Educational Data Archive (SEDA). Richer shading indicates
relatively lower county-level test scores. As has been well-documented, test scores are generally
lower in the south and southwestern U.S., though there are pockets with higher test scores in
these areas as well as pockets with lower test scores that exist in the rest of the country.

In Figure 5, we display the geographic intersection of 3™ and 8™ grade test scores and
drug-related mortality rates. The richer shading in these graphs represent particularly troubling
opioid—education “hot spots:” counties with both relatively high levels of drug-related mortality
rates and relatively low test score performance. The Appalachian Belt again is notable — running
from northern Alabama and Georgia, up into West Virginia, and parts of Ohio, Virginia, and
Pennsylvania. Similarly, the Southwest and West stand out, with troubling hot spots throughout
New Mexico, Arizona, Nevada, and California. Taken together, Figures 2-5 suggest that concern
about how the opioid crisis may be related to children’s education should be more acute in some
areas of the country.

We next consider unconditional correlations between drug-related mortality and
educational outcomes for 3™ grade and 8™ grade students. We average mortality rates over
students’ lifetimes to try to capture the overall lifetime intensity of student exposure to the crisis.
Specifically, we average drug mortality rates over the prior 9 years for third grade outcomes (we
call these “mortality rates associated with 3™ graders”) and the prior 14 years for eighth grade
outcomes (“mortality rates associated with 8™ graders™). For example, for the year 2009, we
calculate mortality rates associated with 3rd graders as the average of mortality rates from 2000
to 2008 in their county and calculate mortality rates associated with 8™ graders as the average of

mortality rates from 1995 to 2008 in their county. As previously discussed, counties with the
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highest levels of drug-related deaths also had the highest drug-related mortality growth rates,
especially among rural counties. Therefore, the mortality rates associated with 3™ grade students
— averaged over a shorter, more recent set of years — are typically higher than the mortality rates
associated with 8 graders in the same county. The average intensity of average mortality rates
associated with nonrural 3™ graders is higher than those for rural 3™ graders, based on our
measure (see Appendix Table B2); however, the distribution of mortality rates for students living
in rural counties has a longer right tail, reinforcing the need to consider the heterogeneous
experiences students face across counties both within and across rural and nonrural areas.

To examine this heterogeneity, consider the bin scatter plots in Figure 6, Panels A and B.
We group mortality rates into twenty equally sized bins (i.e., 5% of counties are in each bin),
with each marker representing the average mortality rate (on the x-axis) and average test score
(on the y-axis) within each bin. For both 3™ and 8" grade, the relationship between test scores
and mortality is negative and non-linear. The test score—mortality gradient is steepest in
counties with mortality rates below the median, which is about 7 deaths per 100,000 persons
over the prior 9 years of 3rd graders in our sample and about 6 deaths per 100,000 persons over
the prior 14 years of 8th graders. After about the median for each sample, the plotted
relationships are slightly downward sloping to flat. In other words, for counties with below-median
mortality rates, the unconditional mortality—test score relationship is steeply negative, but there is less of
a decrease in test scores as you move from lower to higher mortality counties among counties with above-
median mortality rates.

We next consider differences among rural and nonrural areas. There is no universally
accepted definition of rurality. For our main specification, we consider a county to be rural if at

least 75 percent of the county population lives in a rural area (we explore three alternative
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definitions of rurality in section 7, and Appendix C).* We display summary statistics for our
sample and by our preferred measure of rurality in Appendix B, Tables 1 and 2. Students in rural
areas are more likely to be white, and counties have fewer college educated residents and lower
household income levels. Rural areas also tend to have a smaller number of schools per county,
lower population density, and lower job density. On average, students in rural counties perform
slightly worse on standardized tests than students in nonrural counties. As previously discussed,
rural counties have slightly lower average mortality rates over the lifetime of students, but
distributions of county-level average lifetime rates for students by rurality illustrate the
complexities of the crisis.

Next, consider the scatter plots by rural and nonrural counties in Figure 6, Panels C and
D. For both rural and nonrural counties, we again see the steepest relationship among counties
with lower levels of opioid intensity, a relationship that flattens out among counties with
relatively high levels of opioid intensity. Rural and nonrural test scores are similar in counties
with the lowest mortality rates, but begin to diverge starting around counties in the 20
percentile (the fourth bin/dot, moving from left to right on the graph); after this point test scores
in rural counties are always lower than scores in nonrural counties with similar levels of drug-
related mortality.
Estimating the Opioid Crisis—Test Score Relationship

To further understand the relationship between the opioid crisis and education outcomes,

we estimate test scores while controlling for available school district and county characteristics,

4 Based on data from the 2010 Census, where an urban area is defined as an area with a density of at least 1,000
persons square mile and over 2,500 residents, any resident of a county outside of a defined urban area is classified as
rural.

12



including per-pupil expenditures, county demographics, poverty rates, and unemployment rates.
Specifically, we estimate:

Yies = Bo + Y Mir + B1Ei + B2Ci + BoUs + dy + ds + € (2)
where, Y is educational outcome for county i in state s and year ¢ and M is drug-related mortality
in the county. Our educational outcomes are county average 3™ grade and 8" grade math and
English Language Arts (ELA) test scores in year . We use mortality rates associated with 3™
graders and mortality rates associated with 8 graders in our estimates of 3™ and 8™ grade test
scores, respectively, to capture the overall lifetime intensity of student exposure to the crisis. As
the majority of drug-related mortality involve opioids, this serves as a proximate measure of the
intensity of the opioid crisis (National Institute on Drug Abuse, 2020). For ease of interpretation
we standardize average mortality rates to have a mean of zero and a standard deviation equal to
one. Results can be interpreted as a one standard deviation change in average mortality rate
associated with 3™ or 8 graders related to a change in test scores. E is a vector of county-level
education measures including:

e Percent in each grade (3™ and 8™) and county of Black/African American students,
Hispanic/Latino students, English language learner students, and Special Education
students;

e Number of schools;

e Number of charter schools;

e Average pupil-teacher ratio; and

e Average expenditures per pupil.

C is a vector of county-level, non-school measures, all from 2010 including:

e Percent with a bachelor’s degree or higher;
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e Percent foreign born;

e Median household income;

e Percent of households in poverty;

e Percent of single parent households;

e Percent non-white race/ethnicity;

e Population density;

e Total population;

e Total area (in millions of square miles); and

e Percent rural population.
U is a vector of county-level economic measures including:

e Unemployment rate;

e Annualized job growth 2004-2013; and

e Job density in 2013.
We also include year, d;, and state, d, fixed effects and cluster standard errors by state. We
clustered at the higher level of clustering (state instead of county) because many policies related
to opioids are enacted at a state level, and because we view this as the more conservative
approach. However, inferences are similar when clustering at a county level, and in most cases
lead to more precise estimates.

We do not include county fixed effects in the regression because they would remove the
most amount of variation in our educational outcomes and measures of mortality over our time
period, and more importantly, the variation on which we are primarily focused in this paper,
which is across-county variation. About 83 and 85 percent of the 3™ and 8™ grade test score

variation in our data is cross-sectional, respectively, while about 16 and 14 percent is within
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county variation over time (the remaining variation is the contribution of the national time trend).
About 94 and 92 percent of the variation in mortality rates associated with 3™ graders and 8™
graders, respectively, is cross-sectional, as compared to just 2 percent that is due to within county
variation over time. Recall that we average mortality rates over students’ lifetimes in an attempt
to capture the overall lifetime intensity of student exposure to the crisis, which is part of the
reason there is little over-time variation in the mortality rates that we use.

We interpret estimates of y from this model as the extent to which test scores and
mortality rates covary conditional on included covariates, not as causal estimates of the effect of
the opioid crisis on test scores. There are numerous unobserved factors that could be correlated
with both academic outcomes and drug-related mortality. Our intention in this paper is to better
understand the relationship between the opioid crisis and education, and to explore the extent to
which that relationship may be different for rural and nonrural counties. Planned future work
exploits naturally occurring events to better identify causal relationships between the crisis and
education outcomes.

To explore the extent to which there may be correlational differences by rurality, we add
to equation (2) a rural indicator, where we define rural counties (R = /) as counties where at least
75 percent of the population live in a rural area. We use estimates based on equation (3) to
explore the rural nature of the opioid crisis:

Yits = Bo + vaMit + v2(M X R);e + B1Ejx + B2C; + B2Uie + B3Ry + di + ds + €its (3)
From these estimates, we interpret y, as the as the increment (decrement) to the conditional
relationship between test scores and mortality rates in rural counties relative to this relationship
in nonrural counties as captured by y;. We can recover the “total” conditional relationship

between test scores and mortality rates in rural counties as the linear combination of y, and y; .
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Finally, to understand whether conditional relationships are nonlinear (as the
unconditional graphs in Figure 6 suggest), we also substitute a vector of indicators for deciles of
mortality rates for M in equations (2) and (3). We set the coefficient for the first decile (i.e., the
counties with mortality rates in the lowest ten percent) to be equal to zero, such that coefficients
on each of the indicators for the second to tenth deciles are estimates of how much lower the test
scores are in counties with drug-related mortality rates in that decile, relative to the first decile.
Findings

We display estimates of equation (2) in Table 1 where columns 1 through 5 represent
estimates from models that have increasing sets of control variables. First consider the estimates
for 3 grade test scores displayed in Panel A of Table 1. Counties with higher mortality rates by
one standard deviation have 0.045 standard deviations lower 3™ grade test scores. As we add
education characteristics in column 2, point estimates increase to -0.058 (though this coefficient
is not statistically different than the one in column 1); coefficients attenuate to -0.015 once we
add county demographic characteristics in column 3 and are no longer statistically significant.
Point estimates remain similar with the addition of county economic characteristics in column 4
and state fixed effects in column 5, with the result statistically significant in our preferred model
in column 5. The inclusion of state fixed effects account for a portion of the residual variation,
resulting in more precise point estimates.

We display corollary results for 8" grade test scores in Panel B. Estimates with only year
fixed effects yield a result in column 1 that counties with higher mortality rates by one standard
deviation have lower 8" grade test scores of 0.058 standard deviations. Similar to 3™ grade, the
coefficient gets larger when we add education controls, to 0.067, though again this is not

statistically different than the result in column 1. Results then attenuate to about -0.021 to -0.023
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in columns 3 through 5, all statistically significantly different than zero, with our preferred model
indicating that counties with counties with higher mortality rates by one standard deviation have
lower 8™ test scores of 0.21 standard deviations. In results not displayed for brevity but available
upon request, we find generally similar results when examining ELA and math test scores
separately, though the point estimates for math scores are slightly larger in magnitude than for
ELA.

We next display results from our analysis of potentially differential relationships between
rural and nonrural areas in Table 2. Our results, using just our preferred specification, are
suggestive evidence that the test score-opioid gradient is steeper in rural than in nonrural
counties for younger students. Our estimate of the test score—overdose link relationship among
3 graders is -0.016 (in column 1), with the corresponding 8" grade estimate smaller (-0.004)
and not statistically significant. This again suggests potentially different mechanisms at play at
different grade levels.

In Figure 7, we present results that allow for the mortality-test score relationship to differ
between rural and nonrural counties nonparametrically. We see that among both rural and
nonrural counties, and as we first saw in Tables 1 and 2, test scores and mortality rates are
negatively related. The estimated test scores for rural counties are always lower than those of
nonrural counties (though not statistically different in most cases). Both panels indicate the rural-
nonrural gap appears to grow as mortality levels increase, with an especially pronounced, though
less precise, growing gap among third graders. The estimated gaps between rural and nonrural
students are only statistically different among 3™ grade students living in counties with the
highest drug-related mortality rates (8™, 9", and 10™ deciles). These results offer suggestive

evidence that the role of the opioid crisis in affecting educational outcomes may be especially
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concerning in rural areas and, particularly, in rural areas with especially high drug-related
mortality rates. The magnitude of that difference is noteworthy: rural counties in the highest
(10™) deciles of drug-related mortality have 3™ grade test scores that are almost two tenths of a
standard deviation lower than rural counties in the lowest (1*) decile. The contrast appears
especially stark when compared to the analogous difference for nonrural counties which is half
as large.

We display the average drug-related mortalities per 100,000 persons within each decile
associated with each grade in Appendix Table B3. In that table there is a notable jump from the
9 to 10™ decile in the 9-year average drug-related mortality measure we associate with 3™ grade
test scores (reflecting the recent rise in hard hit counties in more recent years as we show in
Figure 3). This might explain why we observe a relatively large coefficient for the 10" decile in
panel A — the students who live in these hardest hit rural counties face a disproportionately large
opioid epidemic that could be impeding educational achievement.

Students within a community could be affected differentially by the opioid crisis. To
investigate this, we next consider how opioids relate to achievement gaps between students who
are and are not considered economically disadvantaged (ECD). We use the measure of economic
disadvantage available in the Stanford Educational Data Archive, which is based on states’ own
definitions. If economically disadvantaged students have fewer familial resources to insure their
children against exposure to the opioid crisis, as suggested in our conceptual framework, we may
see NonECD—ECD gaps widen as exposure to the crisis increases, a relationship we examine in
Table 3. The point estimates are consistently small and statistically insignificant, suggesting that
on average, higher opioid mortality rates are not differentially related to students test scores

based on broad categorizations of economic status.
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In Figure 8, we further consider this question by examining ECD status by decile of
mortality rates. Similar to Figure 7, we set the coefficient for the first decile to be equal to zero,
such that each marker represents, at that decile in mortality rate, the gap in scores between less
and more economically disadvantaged students relative to that gap in the first decile of mortality.
As seen in both panels, the NonECD—ECD gap is generally lowest in the first decile, though the
point estimates are only mildly increasing from left to right and confidence intervals generally
overlap zero for rural students. The coefficients for nonrural 3™ and 8" grade students are
statistically different from zero starting with the 3™ decile and 4™ decile, respectively, with the
magnitude of the point estimates remaining similar across mortality rate deciles.

Taken together, among nonrural students, there is mild evidence of a NonECD—ECD
gap in areas with higher levels of the opioid crisis; however, results do not reveal a strong pattern
to suggest that rural ECD students have lower test scores on average when exposed to similar
levels of the opioid crisis as compared to their NonECD peers within the same county. We
proffer a few possible explanations for these findings. It could be that the measures of economic
disadvantage we use do not correspond well to vulnerability to the opioid epidemic. The SEDA
ECD measure is highly correlated with free and reduced-price lunch (FRPL) status (Fahle et al.,
2018). Though commonly used, there is some question about how well point-in-time FRPL
status measures disadvantage more broadly (e.g., Domina et al., 2018; Michelmore & Dynarski,
2017; Koedel & Parsons, 2020), and more work is needed to identify the factors that leave
children vulnerable specifically to the opioid crisis. Another issue could be variation in
disadvantage identification across states that introduces error in a national analysis. For example,
in Florida, FRPL students are considered ECD, while in Massachusetts students are defined as

ECD if they participate in a program such as the foster care system or SNAP ((Florida
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Department of Education, n.d.; Massachusetts Department of Elementary and Secondary
Education, n.d.). Beyond measurement, it is also possible that community- and school-level
conditions, supports, and programs mitigate the effects of family supports or resource
constraints. This is clearly a question that deserves examination in future work.
Alternative Definitions of Rurality

In our preferred definition, we classify a county as rural if over 75% of the population
lives in a rural area. We employ three additional measures of rurality based on commonly
employed rural classification schemes. Waldorf and Kim (2015) suggest that rurality is
characterized by population size and density, with lower population and lower density indicative
of greater rurality. Additionally, remoteness, or distance from concentrated population centers, is
often conceptualized as a dimension of rurality. In our case we wish to see whether the
characteristics of rurality and rural education such relative isolation and lower social service
provision interact with the opioid overdose crisis and are associated with differential outcomes
compared to less rural areas.

In the first alternative definition, we define rural as counties which are classified as
noncore counties under Office of Management and Budget (OMB) guidelines; these are counties
which are not contained within a metropolitan or micropolitan statistical area.’ This noncore
definition is employed by the National Center for Health Statistics to identify the most rural
areas in the country (CDC, 2017). In our second alternative definition, we use a measure of deep
rurality drawn from the Economic Research Service (ERS) rural-urban continuum classification.

The ERS classification expands upon OMB county designations with a greater number of

5 Metropolitan areas are central counties and outlying counties with strong commuting ties and an urban population
of over 50,000 while micropolitan areas follow the same definition but for counties with greater than 10,000
residents in an urban area.
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categories based on population and remoteness. We define deep rurality as counties which are
classified as the most rural according to the ERS; these are counties which are completely rural
or have less than 2,500 residents in urban areas (United States Department of Agriculture, 2019).
Finally, in the third alternative definition, we employ National Center for Education Statistics
(NCES) school classifications to capture the share of students who attend a school classified as
rural in each county. We mirror our main specification and define a county as rural if more than
75% of students in a county attend a school which is classified as rural.

Our three alternative definitions of rurality capture a general continuum of relative
rurality (see Appendix Tables C1-C3 and Appendix Figure C1). The noncore definition is the
broadest definition of rural, with about 79% of the population in counties, based on percentage of
residents in a county that live in a rural area drawn from 2010 Census, defined as rural living in
rural areas. On the other end of the spectrum, about 99% of the population living in counties
identified under our deep rurality definition live in rural areas. The third definition, based on
NCES, lies between these two measures, with about 90% of the population living in counties
identified as rural under alternative definition 3.

In Table 4 we display the estimated test scores—drug-related mortality rate relationships
for the alternative rurality definitions. Estimates of the relationship between mortality and test
scores for nonrural counties remain directionally consistent across specifications and with our
preferred measure. The negative relationship between test scores and overdose mortality for 3
grade students in rural counties increases as the share of rural residents per the 2010 Census
increases. This association ranges from a statistically insignificant -0.007 with the noncore
definition and -0.010 using the NCES classification to a statistically significant -0.032 for 3™

grade students in deeply rural counties. These results taken in combination with our main
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specification suggest that the extent of negative relationship between rural students and poorer
outcomes grows as counties become increasingly rural as defined by Census share of rural
residents. All of the rural coefficients for 8" grade students are negative but statistically
insignificant, though they trend in the same direction as the estimates for 3™ grade students with
consistently lower point estimates as rurality increases.

Discussion

To our knowledge this is the first use of national data to examine the relationship
between the nation’s opioid crisis and the education outcomes of our children. To this point,
much of the opioid epidemic research has been focused on those most directly impacted by the
epidemic: individuals with opioid substance use disorder. Our research agenda focus has been
less proximate as we ask: what happens to the education of children who live in communities
where the opioid crisis has taken hold? In this case we have focused on the collateral damage
that impacts children and potentially manifests in measurably reduced learning outcomes. Our
evidence suggests a need to be aware of the potentially negative effects of the crisis on the
education outcomes of children, particularly in the hardest hit areas, many of which are
considered rural.

While these estimates offer suggestive evidence that exposure to the opioid crisis and its
collateral consequences negatively impacts the learning of children, we caution that they do not
establish the causal conclusions that are better suited to inform policy initiatives. For brevity, in
this paper we have examined only 3™ and 8™ grade test scores; however, it is likely that
detrimental educational effects of exposure to the opioid crisis vary depending on the age and
developmental stage of the child or young adult. Exposure to the epidemic is likely to impact

important education outcomes other than test scores such as attendance, probability of school
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disciplinary action, graduation, or college enrollment. Future investigations into a broader set of
outcomes would be a fruitful inquiry.

In addition to potential age-related differences in the impact of the epidemic on children’s
learning, the issue of cumulative exposure versus immediate exposure is an avenue that also
warrants further study. That is, to what extent does it matter that, say, a 3rd grader has grown up
in a community that has persistently dealt with the epidemic for many years relative to a 3rd
grader who finds her or his self in a community that has been more recently engulfed in the
opioid epidemic. Given variation in the timing of the introduction of large amounts of opioids
into communities as a result of pharma distribution decisions or local pharmacy and physician
dispensation practices, we are exploring the respective roles of cumulative versus more recent
exposure in ongoing work.

With those caveats in mind, graphically and with conditional estimates we have shown
strong correlations between counties that have high drug-related mortality rates and counties
with worse education outcomes among both 3™ and 8™ grade students. At least for 3™ grade
students, these relationships appear to increase as the depth of the opioid crisis in a county
increases and in areas with higher degrees of rurality. The concept of what it means to be rural is
nuanced given the different ways in which rurality can be defined. In recognition of this fact, we
examine multiple potential definitions of rurality. 3™ grade students in the most rural parts of the
country appear to have the worst educational outcomes in the face of the opioid crisis when
compared with both their nonrural peers and corresponding 8™ grade cohorts. In order to further
examine the rural education-opioid crisis link, future work would be well served to examine
rurality at a finer level, as aggregate county level measures of rurality may miss out on variation

which is key to understanding the relationship in question.
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It is beyond the scope of this paper to recommend specific support mechanisms through
which states, school districts, and schools could respond to the problem at hand, and we are
cautious to avoid strong recommendations since there is limited evidence on the efficacy of
current attempted solutions. We view this paper instead as a first step in raising awareness of the
potential collateral damage of the opioid epidemic. Nonetheless, our opioid-education model can
offer some suggestions regarding possible points of intervention.

Our previously described conceptual framework allows the opioid epidemic to negatively
affect children through the interaction of their exposure and their vulnerability given exposure. It
would be difficult for schools to address a child’s direct exposure to the epidemic because of
what may be happening in the child’s home or community. However, schools potentially have a
role to play in reducing the vulnerability of their students to the aftermath of these experiences or
incidents. For example, children may be better positioned to deal with trauma if they have
greater access to school counselors and support personnel. The emergence of the “trauma-
sensitive school” model is one promising approach to providing school-based supports aimed at
helping students cope with trauma (Jones et al., 2018). Schools could also reduce vulnerability
by coordinating with other community services. For example, the Handle with Care program in
Charleston, West Virginia and replicated elsewhere works to coordinate emergency responders
and local school officials so that if, for example, emergency personnel respond, for any reason,
to an address where a minor child is present, school officials will be notified before the start of
the next school day. Thus, school personnel will be more aware that a child had or witnessed a
potentially traumatic experience and will be “handled with care” as per the training of school

personnel that is a part of the program.

24



A challenge associated with building such supports to reduce children’s vulnerability to
the opioid crisis is that school and community resources are not distributed equally across
geographic regions. The opioid crisis is particularly acute in areas that are also experiencing
other types of hardship, such as challenging economic and job market conditions. These
conditions can tax available community and health supports and can also affect resources
available to schools. We display two measures of school resources from the 2013-2014 school
year in Figure 9: local revenue (panel A) and total expenditures (panel B) per student. Local
revenue is largely a function of local property taxes, which can be supplemented by state and
federal sources to fund total expenditures. Examining school district revenue reveals a troubling
pattern: many of the communities where children have the highest exposure to the opioid crisis
also have relatively low revenue levels, potentially limiting the assistance and programs schools
can offer to reduce children’s vulnerability.

This paper presents a new and potentially troubling side of the nation’s opioid crisis,
namely, the adverse effects this scourge may be having on the learning potential of our children.
We view this as a first step in examining the connections between the opioid crisis and education
outcomes, and these findings suggest a need for further research on several fronts. A next research
step is to better establish causal connections between the crisis and education outcomes. To do this
requires variation in the intensity of the opioid epidemic across time or place that is “exogenous”
or plausibly unrelated to other factors that drive education outcomes. While there are challenges
to identifying such variation, there are some potential avenues for researchers. For example, we
are currently working with data from Florida where we examine how plausibly exogenous
variation in opioid-related measures like mortalities, emergency room visits, and pill distributions,

brought about by legislatively induced “pill mill” closures, affects the education outcomes of
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children. Research into the mechanisms through which the crisis impacts the learning in of children
should follow. Finally, programs and policies through which children’s vulnerabilities to the
effects of the crisis can be mitigated, along with the role of resource constraints in establishing

effective programs and policies are areas worthy of research.
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Figure 1: County Level Drug-Related Mortality Rate Trends

(A) Mean Drug-Related Mortality Rates per 100,000 Persons
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(B) Trends in Drug-Related Deaths per 100,000 Persons, Quartiles of 2014 Mortality Rate
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Notes: Panel (A): Solid lines are the county mean per year; dashed lines are standard deviations around
the mean. Panel (B): Counties are divided into quartiles based on 2014 mortality rates. Drug-related
deaths are per 100,000 persons. Source: Data are from the Institute for Health Metrics and Evaluation.
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Figure 2: Drug-related Overdose Mortality Rates by County, 2009-2014
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Notes: Shading is based on drug-related overdose mortality rates (of which opioids account for over 70%)
per county, averaged over 2009-2014. Richer colors indicate relatively higher mortality rates, while
lighter colors indicate relatively lower mortality. Percentiles are calculated by ranking each county from 1
to N, where 1 is the county with the lowest average measure in the country and N is the county with the
highest. This ranking is divided by N (the number of counties in the data) to yield the percentile rank.
Drug-related deaths are per 100,000 persons. Source: Data are from the Institute for Health Metrics and
Evaluation.
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Figure 3: Drug-Related Mortality Rate Trends by Rurality, 1995—2014

(A) Mean Drug-Related Mortality Rates, by Rurality
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(B) Trends in Drug-Related Deaths, by Rurality Selected Percentiles
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Notes: Panel (A): Mean drug-related deaths per 100,000 persons displayed by rurality. Rural death rate indicated by
solid red line, nonrural death rate indicated by dashed blue line. Standard deviations are dotted lines in
corresponding colors. Panel (B): Median (circle), 75" (diamond), 90" (square), and 99* (triangle) percentiles of
drug-related deaths per 100,000 by rurality. Percentiles are calculated separately for each year. Nonrural measures
are in blue while rural measures are in red. For both panels, a rural county is defined as having >75% of the
population in a rural area drawn from the 2010 Census. Source: Data are from the Institute for Health Metrics and
Evaluation.
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Figure 4: Standardized Test Scores by County, 2009-2014

(A) 3" Grade Test Scores
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Notes: Test score outcomes are the average percentile rank for 3™ grade standardized test scores, averaged
across math and ELA standardized tests, and averaged over the 2009 to 2014 period. Richer colors
indicate relatively lower county-level test scores, while lighter colors indicate relatively higher county-
level test scores. Percentiles are calculated by ranking each county from 1 to N, where 1 is the county
with the highest average test score in the country and N is the county with the lowest. This ranking is

divided by N (the number of counties in the data) to yield the percentile rank. Source: Data are from the
Stanford Educational Data Archive (SEDA).
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Figure 5: Test Scores and Drug-related Mortality Rates, 2009-2014

(A) 3™ Grade Test Scores & Mortality Rates
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Notes: Shading is based on taking the average of the average percentile rank for 3" grade standardized test scores and
drug-related overdose mortality rates. Test scores are the average percentile rank for 3™ grade standardized test scores,
averaged across math and ELA standardized tests, and averaged over the 2009 to 2014 period. Drug-related overdose
mortality rates are per 100,000 persons, averaged over 2009-2014. Percentiles are calculated by ranking each county
from 1 to N, where 1 is the county with the lowest average measure in the country and N is the county with the highest.
This ranking is divided by N (the number of counties in the data) to yield the percentile rank. Richer colors indicate
relatively worse outcomes, where worse (i.¢., higher average mortality rates and lower test scores), while lighter colors
indicate relatively better outcomes (i.e., lower average mortality rates and higher test scores). Source: Education data
comes from the Stanford Educational Data Archive (SEDA) and drug-related mortality is from the Institute for Health
Metrics and Evaluation.
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Figure 6: Test Scores and Drug-Related Deaths

(A) 3" Grade
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Notes: Binned scatter plots of normalized test scores vs. opioid death rates. Mortality rates are drug-
related deaths per 100,000 persons, normalized to have a mean of zero and a standard deviation of one.

Mortality rate is the average for the prior 9 years for 3" graders and prior 14 years for eighth graders. A

rural county is defined as having >75% of the population in a rural area drawn from the 2010 Census.

Source: Education data are from the Stanford Educational Data Archive (SEDA) and mortality data are

from the Institute for Health Metrics and Evaluation.
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Figure 7: Test Scores and Drug-Related Deaths (Average), by Rurality

(A) 3" Grade Math & Reading
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Notes: Estimates are obtained by regressing annual test scores on drug-related death deciles, district-level
education measures, county-level demographic measures, county-level economic measures, and year and
state fixed effects; standard errors are clustered by state. A rural county is defined as having >75% of the
population in a rural area drawn from the 2010 Census. D1 to D10 represent the first to tenth decile in
drug-related deaths per 100,000 persons, averaged for the 9 prior years for 3" graders and 14 years for 9™
graders. Standardized test scores are averaged across math and ELA standardized tests. We set the
coefficient for the first quintile (i.e., the ten percent of counties with lowest mortality rates) to be equal to
zero, such that each marker represents how much lower the test scores are in counties with drug-related
mortality rates in that quintile, relative to the first quintile. Vertical lines are 95% confidence intervals.
Source: Education data are from the Stanford Educational Data Archive (SEDA) and mortality data are
from the Institute for Health Metrics and Evaluation.
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Figure 8: NonECD-ECD Test Scores Gaps & Drug-related Mortality Rates, 2009-2014
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Notes: Estimates are obtained by regressing annual test scores gaps between non-economically
disadvantaged and economically disadvantaged students on drug-related death deciles, district-level
education measures, county-level demographic measures, county-level economic measures, and year and
state fixed effects; standard errors are clustered by state A rural county is defined as having >75% of the
population in a rural area drawn from the 2010 Census. D1 to D10 represent the first to tenth decile in
drug-related deaths per 100,000 persons, averaged for the 9 prior years for 3" graders and 14 years for 9™
graders. Standardized test scores are averaged across math and ELA standardized tests. We set the
coefficient for the first quintile (i.e., the ten percent of counties with lowest mortality rates) to be equal to
zero, such that each marker represents how much lower the test scores are in counties with drug-related
mortality rates in that quintile, relative to the first quintile. Vertical lines are 95% confidence intervals.
Source: Education data are from the Stanford Educational Data Archive (SEDA) and mortality data are
from the Institute for Health Metrics and Evaluation.
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Figure 9: School District Finances, 2014

(A) Local Revenue Per Student

b

Notes: Shading is based on the average percentile rank for local revenue per capita (panel A) and total
expenditures per capita (panel B) Richer colors indicate relatively lower revenue or spending, while lighter
colors indicate relatively higher revenue or spending. Data was missing for many districts in Maine, so
state-level spending was used for missing districts in the state. Source: Data comes from the Local

Education Agency (School District) Finance Survey (F-33) Data from the US Department of Education,
National Center for Education Statistics for 2014.
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Table 1. Estimates of the Test Score—Drug-Related Mortality Relationship, 2009-2014

) 2) 3) 4) (%)

A. 3" Grade
Mortality Rate -0.045%** -0.058*** -0.015 -0.014 -0.015%*

(0.017) (0.012) (0.012) (0.012) (0.006)
R-squared 0.032 0.272 0.458 0.459 0.584
Observations 16,215 16,215 16,215 16,215 16,215
B. 8" Grade
Mortality Rate -0.058*** -0.067*** -0.023** -0.023** -0.021***

(0.016) (0.010) (0.009) (0.009) (0.004)
R-squared 0.049 0.377 0.576 0.581 0.651
Observations 16,193 16,193 16,193 16,193 16,193
Year FE YES YES YES YES YES
Educ Controls NO YES YES YES YES
County Demo Controls NO NO YES YES YES
County Econ Controls NO NO NO YES YES
State FE NO NO NO NO YES

Notes: Mortality rates are drug-related deaths per 100,000 persons, normalized to have a mean of zero and a standard deviation of one. Mortality
rate is the average for the prior 9 years for 3" graders and prior 14 years for eighth graders. Results in each panel and column are from separate
estimates. Parameter estimates for covariates not displayed. Standard errors clustered by state in parentheses; *** p<0.01, ** p<0.05, * p<0
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Table 2. Estimates of the Test Score—Drug-Related Mortality Relationship by Rurality, 2009-
2014

€)) 2)
3" Grade 8" Grade
Mortality Rate -0.009 -0.020%**
(0.007) (0.005)
Mortality Rate X Rural -0.016%** -0.004
(0.006) (0.004)
Observations 16,215 16,193
R-squared 0.586 0.651
Mortality Rate + (Mortality Rate X Rural) -0.025%** -0.024***
(0.008) (0.003)
Year FE YES YES
Educ Controls YES YES
County Demo Controls YES YES
County Econ Controls YES YES
State FE YES YES

Notes: Mortality rates are drug-related deaths per 100,000 persons, normalized to have a mean of zero and
a standard deviation of one. Mortality rate is the average for the prior 9 years for 3" graders and prior 14
years for eighth graders. A rural county is defined as having >75% of the population in a rural area drawn
from the 2010 Census. Results in each panel and column are from separate estimates. Linear
combinations are included below point estimates in each panel. All estimates include state and year fixed
effects, and county-level education, demographic, and economic controls. Parameter estimates for
covariates not displayed. Standard errors clustered by state; *** p<0.01, ** p<0.05, * p<0.1
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Table 3. Estimates of the NonECD—ECD Test Score Gap—Drug-Related Mortality

Relationship, 2009-2014

€)) 2) 3) 4)
3" Grade 8" Grade 3" Grade 8" Grade
Mortality Rate 0.000 0.001 -0.000 0.002
(0.005) (0.005) (0.006) (0.006)
Mortality Rate X Rural 0.001 -0.003
(0.005) (0.006)
Observations 13,990 14,090 13,990 14,090
R-squared 0.305 0.306 0.306 0.306
Mortality Rate + (MR X Rural) 0.001 -0.001
(0.005) (0.004)
Observations 13,990 14,090 13,990 14,090
R-squared 0.305 0.306 0.306 0.306
Year FE YES YES YES YES
Educ Controls YES YES YES YES
County Demo Controls YES YES YES YES
County Econ Controls YES YES YES YES
State FE YES YES YES YES

Notes: Mortality rates are drug-related deaths per 100,000 persons, normalized to have a mean of zero and
a standard deviation of one. Mortality rate is the average for the prior 9 years for 3" graders and prior 14
years for eighth graders. A rural county is defined as having >75% of the population in a rural area drawn
from the 2010 Census. Results in each column are from separate estimates. Linear combinations are
included below point estimates in each panel. All estimates include state and year fixed effects, and

county-level education, demographic, and economic controls. Parameter estimates for covariates not
displayed. Standard errors clustered by state; *** p<(0.01, ** p<0.05, * p<0.1
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Table 4. Estimates of the Test Score—Drug-Related Mortality Relationship, by Rurality
Definition, 2009-2014

® @)
3" Grade 8" Grade
A. Noncore Definition
Mortality Rate -0.012* -0.02]***
(0.006) (0.003)
Mortality Rate X Rural -0.007 0.000
(0.006) (0.005)
Observations 16,215 16,193
R-squared 0.585 0.651
Mortality Rate + (Mortality Rate X Rural) -0.019** -0.02]***
(0.008) (0.005)
Mean Share of Residents in a Rural County 79%
B. Deep Rurality Definition
Mortality Rate -0.011 -0.020%***
(0.007) (0.004)
Mortality Rate X Deep Rural -0.032%** -0.008
(0.008) (0.005)
Observations 16,215 16,193
R-squared 0.587 0.651
Mortality Rate + (Mortality Rate X Rural) -0.043*** -0.028***
(0.011) (0.007)
Mean Share of Residents in a Rural County 99%
C. NCES Definition
Mortality Rate -0.011 -0.02]***
(0.007) (0.004)
Mortality Rate X Rural -0.010 -0.002
(0.008) (0.009)
Observations 16,215 16,193
R-squared 0.586 0.651
Mortality Rate + (Mortality Rate X Rural) -0.021** -0.023***
(0.008) (0.005)
Mean Share of Residents in a Rural County 90%

Notes: Mortality rates are drug-related deaths per 100,000 persons, normalized to have a mean of zero and
a standard deviation of one. Definition A defines rural status as all noncore counties based on Office of
Management and Budget (OMB) 2013 county classifications. Noncore counties are counties which are
neither in metropolitan nor micropolitan statistical areas. Metropolitan areas are central counties and
outlying counties with strong commuting ties and an urban population of over 50,000 while micropolitan
areas follow the same definition but for counties with greater than 10,000 residents in an urban area.
Definition B defines rural status as all counties which are completely rural or have less than 2,500
residents in an urban area drawn from United States Department of Agriculture’s Economic Research
Service (USDA ERS) 2013 classifications. Definition C defines rural status as all counties in which over
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75% of students attend a school classified as rural based on National Center for Education Statistics
(NCES) 2010-2011 school year classifications. Mean Share of Residents in a Rural County is the mean
share of residents in a county classified as rural for each definition of rurality, drawn from the 2010
Census. Results in each panel and column are from separate estimates. Linear combinations are included
below point estimates in each panel. All estimates include state and year fixed effects, and county-level
education, demographic, and economic controls. Parameter estimates for covariates not displayed.
Standard errors clustered by state; *** p<0.01, ** p<0.05, * p<0.1
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Appendix A: Data

Since there is no comprehensive measure for opioid use or educational outcomes, we
have collected data national county-level opioid measures and educational outcomes from
numerous sources. Our education dataset beings in 2009 while the most recently available opioid
morality data extends to 2014, which provides us with 2009-2014 as our period of analysis. This
covers parts of all three waves of the opioid crisis, with first years coinciding with the transition
between prescription opioids and heroin and the last year capturing the beginning of the rise in
overdoses caused by synthetic opioids.

Working at the county level allows us the greatest ability to link the disparate data
sources that we employ for the study. The county level also provides us with a unit of analysis
that for the most part exists nationally, which facilitates cross-region comparison. We miss out
on some level of variation by aggregating to the county level, as there may be differential effects
in more granular units of analysis such as school catchment zone. Populous counties may be
particularly affected, future research may use alternative measures which capture this variation.
Furthermore, school district boundaries may cross multiple counties which may introduce some
level of measurement error. This may be less of an issue for our results on rural counties, as they
may be more likely to have populations relatively fixed within county borders.

Opioid Data

Our primary measure of opioid use is drug-related overdose mortality rates as based on death
record data from the Centers for Disease Control and Prevention (CDC). Because of small-cell
reporting limitations, potential underreporting of drug overdoses, and ambiguity or
misspecification in underlying death certificate codes, we use data from the Institute for Health

Metrics and Evaluation (IHME) which produces estimates of mortality rates for substance use
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disorders and intentional injuries for each county and year, using de-identified death record data
from the CDC, Census population counts, and small area Bayesian estimation models. While the
IHME data do not represent exact numbers of opioid-related deaths by county, they offer the best
approximations allowing comparison across counties and years. One important factor supporting
the use of imputed data is “the existence of ‘garbage codes’ — insufficiently specific or
implausible cause of death codes ... that may lead to misleading geographic or temporal
patterns” (Dwyer-Lindgren et al., 2018). As we are specifically examining geographic patterns it
is important for our model to account for these codes. The IHME data provide mortality rate
estimates for every county in the United States for every year from 1980 to 2014. With these
data we average morality rates over the approximate lifetime of the student, 9 years for 3™
graders and 14 years for 8" graders, which allows us to capture the cumulative effect of their
lifetime exposure to the opioid crisis. As opioids account for around the majority of drug-related
overdoses this measure serves to capture the relative intensity of the opioid crisis.
Education Data

The primary data source for educational outcomes comes from the Stanford Educational
Data Archive (SEDA). SEDA data contain academic performance metrics, measured through
standardized test scores that are re-scaled and standardized, county in the United States. Our
primary outcomes are math and English language arts (ELA) standardized test scores in grades 3
and 8. The SEDA data allows cross-county comparison of the relative test performance of 3™ and
8™ grade students. As standardized test scores inherently reflect the totality of schooling (teacher
quality) and non-schooling (toxic stress response) factors over the course of a student’s lifetime
we include a variety of control variables in order to isolate the variation which is due to exposure

to opioid use.
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Rurality Data

Our main specification uses Census defined percentage of county residents in a rural area
to define a rural county as one in which over 75% of the population resides in a rural area. Our
second measure uses the 2013 OMB designation of noncore counties to signify rural status.
Noncore counties are counties which are neither in metropolitan nor micropolitan statistical
areas. Metropolitan areas are central counties and outlying counties with strong commuting ties
and an urban population of over 50,000 while micropolitan areas follow the same definition but
for counties with greater than 10,000 residents in an urban area. The NCHS considers noncore
counties to be the most rural (Ingram and Franco, 2014). Our third measure, deep rurality, uses
the 2013 rural-urban commuting area codes from the USDA’s Economic Research Service. We
define deeply rural counties as those counties which are “completely rural or less than 2,500
urban population” (USDA, 2019). Our final measure of rurality uses 2010-2011 school year data
from NCES. These data classify schools as urban, suburban, town, or rural and we define a
county as rural if over 75% of the total student population attends a school classified as rural.
Student enrollment data are based on enrollment as of October 2010.
Covariates

We have three categories of control variables — district-level education controls, county-
level demographic controls, and county-level economic controls. Education controls are district-
level school characteristic and demographic measures from the SEDA dataset. We include
percent black and percent Hispanic/Latino in 3™ or 8" grade, school level percentages of English
language learners and special education students, and county-level measures of total schools,

total charter schools, pupil-teacher ratio, and expenditures per pupil.
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County-level demographic controls are percentages measuring residents which are
foreign born, single parents, non-white, rural residents, holders of a bachelor’s degree or higher,
and in poverty. Additionally, we control for median household income, population density, total
population, and total land area. County-level controls are drawn from the Opportunity Insights
dataset and the 2010 Census. The timeframe we analyze is short enough that static measures in
2010 ought to be representative enough of the timeframe to be comparable across counties. Our
county-level economic indicators are the unemployment rate, annualized job growth between

2004 and 2013, and job density in 2013.
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Appendix B: Supplemental Figures and Tables

Appendix Table B1: Data Summary Statistics

Mean Std Dev
A. Test Scores
3" Grade Math & ELA 0.02 0.28
8" Grade Math & ELA -0.09 0.28
B. Opioid Measures
Drug-Related Death Rates 9-yr lag (3™ Grade) 7.44 422
Drug-Related Death Rates 14-yr lag (8 Grade) 6.07 3.45
C. K-12 Education Measures
% Black 3" Grade 0.12 0.20
% Black 8" Grade 0.12 0.20
% Hispanic 3" Grade 0.11 0.17
% Hispanic 8" Grade 0.10 0.16
% ELL 0.04 0.06
% Special Ed 0.14 0.04
# of schools 12.74 39.30
# of charter schools 0.76 5.23
Pupil-teacher ratio 14.88 2.84
Expenditures per pupil 11,687 3,373
D. County Demographic Measures
% BA+ 2010 0.19 0.08
% Foreign born 2010 0.04 0.05
Median HH Inc 2016 48,520 13,128
% Poverty 2010 0.16 0.06
% Single parents 2010 0.31 0.09
% Non-white 2010 0.21 0.20
Population density 2010 219.54 1,383.21
Total population 2010 94,248.73 299,634.37
Total area (millions sq. meters) 2010 2800 9640
% rural population 2010 58.90 30.99
E. County Economic Measures
Unemployment rate 8.15 3.04
Annualized job growth 2004-13 0.00 0.01
Job density 104.61 714.62

Notes: All measures at a county level. Drug-related Death Rates are per 100,000 persons. Sample Size:
17,093 Source: Education data are from the Stanford Educational Data Archive (SEDA). Mortality data
are from the Institute for Health Metrics and Evaluation. Demographic and economic data are from the
2010 Census and the Opportunity Insights dataset.
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Appendix Table B2: Data Summary Statistics by Rurality

Nonrural Rural

Mean Std Dev Mean Std Dev
A. Test Scores
3" Grade Math & ELA 0.03* 0.27 -0.01* 0.31
8" Grade Math & ELA -0.08* 0.27 -0.12* 0.30
B. Opioid Measures
Drug-Related Death Rates 9-yr lag (3™ Grade) 7.57* 3.94 7.17* 4.72
Drug-Related Death Rates 14-yr lag (8™ 6.19* 3.26 5.82% 3.78
Grade)
C. K-12 Education Measures
% Black 3™ Grade 12.89%* 19.10 10.22%* 20.87
% Black 8™ Grade 13.37* 19.68 10.55%* 21.43
% Hispanic 3™ Grade 13.72% 18.41 6.66* 11.79
% Hispanic 8™ Grade 12.40%* 17.90 5.80%* 11.02
% ELL 4.28%* 6.44 2.09* 4.60
% Special Ed 13.51* 3.48 14.07* 4.09
# of schools 16.81%* 47.65 4.70%* 3.39
# of charter schools 1.12%* 6.39 0.06* 0.29
Pupil-teacher ratio 15.42%* 2.67 13.81%* 2.87
Expenditures per pupil 11,481%* 3,154 12,093* 3,736
D. County Demographic Measures
% BA+ 2010 20.43* 8.92 14.92* 5.23
% Foreign born 2010 5.12% 5.73 2.23% 4.14
Median HH Inc 2016 50,938* 13,971 43,744* 9,638
% Poverty 2010 15.39%* 6.26 16.40%* 6.58
% Single parents 2010 31.56* 8.29 29.05%* 9.92
% Non-white 2010 23.77* 19.73 16.34* 18.49
Population density 2010 317* 1,689 28%* 25
Total population 2010 134,639%* 360,975 14,467* 12,526
Total area (millions sq. meters) 2010 2770 7380 2850 13,000
% rural population 2010 41.11%* 21.59 94.04* 8.82
E. County Economic Measures
Unemployment rate 8.11 2.85 8.10 3.46
% Annualized job growth 2004-13 -0.07* 1.35 -0.63* 1.56
Job density 182.14* 1,055.39 10.67* 10.57

Notes: All measures at a county level. In this table, a county is considered rural if at least 75% of
residents live in a rural area drawn from the 2010 Census. Drug-related Death Rates are per 100,000
persons. Sample Size: Total = 17,093; Rural = 5,745 (34%); Nonrural = 11,348 (66%). * indicates means
are statistically different at the 95% level. Source: Education data are from the Stanford Educational Data
Archive (SEDA). Mortality data are from the Institute for Health Metrics and Evaluation. Demographic
and economic data are from the 2010 Census and the Opportunity Insights dataset.
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Appendix Table B3: Average drug-related mortalities per 100,000 persons per decile, 3™ Grade

Decile ‘ Mean
A. 3" Grade

1% Decile 2.61
2" Decile 3.75
3" Decile 4.60
4™ Decile 5.35
5% Decile 6.10
6™ Decile 6.94
7" Decile 7.95
8™ Decile 9.23
9'h Decile 11.17
10" Decile 16.69
B. 8" Grade

1% Decile 2.13
2" Decile 3.05
3" Decile 3.74
4™ Decile 4.35
5% Decile 4.98
6™ Decile 5.5
7% Decile 6.48
8™ Decile 7.54
9™ Decile 9.19
10" Decile 13.80

Notes: Average drug-related mortality for 3" grade is the average for the 9 years preceding the
observation year. For a 3 grade student in 2009 this is the average between 2000 and 2008. Average
drug-related mortality for 8" grade is the average for the 14 years preceding the observation year. For an
8™ grade student in 2009 this is the average between 1995 and 2008. Source: Institute for Health Metrics
and Evaluation.
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Appendix Figure B1: Distribution of Drug-Related Deaths Per 100,000 by Rurality
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Notes: Line in box indicates median value. Bottom and top of the box indicates 25" and 75" percentiles.
Whiskers extend to 1.5 times the IQR and dots are county-observations outside of those ranges. Each plot
is for drug-related deaths per 100,000 persons by year and rurality. Blue plots are for nonrural counties
and red plots are for rural counties. Rural status is defined as all counties in which over 75% of the
population resides in a rural area based on 2010 Census. Source: Mortality data are from Institute for
Health Metrics and Evaluation.
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Appendix Figure B2: Distribution of Drug-Related Deaths Per 100,000 by Rurality
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Notes: Dividing line in box indicates median value. Bottom and top of the box indicates 25™ and 75"
percentiles. Whiskers extend to 1.5 times the IQR and dots are county-observations outside of those
ranges. Drug-related deaths per 100,000 persons are the average for the 9 years prior to the observation
year for 3" graders and 14 years prior to the observation year for eighth graders (e.g. for a student in 3™
grade in 2009 this measure captures the drug-related deaths over the course of the lifetime 2000-2008).
Observation years are 2009-2014. Source: Institute for Health Metrics and Evaluation.
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Appendix C: Alternative Definitions of Rurality

Appendix Figure C1: Maps of the United States using various definitions of rurality

(A) Over 75% of County Residents in Rural Area
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(C) Deep Rural Counties based on ERS Definitions
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Notes: Definition A defines rural status as all counties in which over 75% of the population resides in a rural area
based on 2010 Census designation of rural status. Definition B defines rural status as all noncore counties based on
Office of Management and Budget (OMB) 2013 county classifications. Noncore counties are counties which are
neither in metropolitan nor micropolitan statistical areas. Metropolitan areas are central counties and outlying
counties with strong commuting ties and an urban population of over 50,000 while micropolitan areas follow the
same definition but for counties with greater than 10,000 residents in an urban area. Definition C defines rural status
as all counties which are completely rural or have less than 2,500 residents in an urban area drawn from United
States Department of Agriculture’s Economic Research Service (USDA ERS) 2013 classifications. Definition D
defines rural status as all counties in which over 75% of students attend a school classified as rural based on
National Center for Education Statistics (NCES) 2010-2011 school year classifications (data gathered October
2010). Number of counties by each definition: (A) Rural = 1,063, Nonrural = 2,079; (B) - Rural = 1,335, Nonrural =
1,807; (C) — Rural = 643, Nonrural = 2,497; (D) — Rural = 1,072, Nonrural = 2,065. Due to missing counties in
certain datasets the number of counties by each measure ranges from 3,442 for our main specification to 4,337 under
the NCES definition.
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Appendix Table C1: Summary Statistics by Rurality, Noncore

Nonrural Rural

Mean Std Dev Mean Std Dev
A. Test Scores
3" Grade Math & ELA 0.04* 0.26 -0.02 0.31
8" Grade Math & ELA -0.07* 0.26 -0.13 0.30
B. Opioid Measures
Drug-Related Death Rates 9-yr lag (3™ Grade) 7.74%* 4.00 7.03 4.48
Drug-Related Death Rates 14-yr lag (8 Grade) 6.32* 3.30 5.71 3.61
C. K-12 Education Measures
% Black 3™ Grade 13.38* 18.79 10.08* 20.85
% Black 8" Grade 13.94%* 19.47 10.33* 21.27
% Hispanic 3™ Grade 12.79%* 17.14 9.37* 16.16
% Hispanic 8™ Grade 11.48* 16.63 8.40* 15.47
% ELL 4.10* 6.21 2.78* 5.56
% Special Ed 13.45%* 3.41 14.05* 4.05
# of schools 18.68* 50.75 4.56* 3.05
# of charter schools 1.27* 6.82 0.06* 0.27
Pupil-teacher ratio 15.61%* 2.65 13.86* 2.79
Expenditures per pupil 11,358* 2,984 12,140* 3,800
D. County Demographic Measures
% BA+ 2010 21.06* 9.26 15.15%* 5.03
% Foreign born 2010 5.17* 5.85 2.73% 4.39
Median HH Inc 2016 52,433%* 14,083 43,132% 9,298
% Poverty 2010 14.87* 6.03 16.91* 6.66
% Single parents 2010 31.04* 8.11 30.28%* 9.98
% Non-white 2010 23.01%* 18.95 18.88* 20.31
Population density 2010 356* 1,803 32% 98
Total population 2010 151,923* | 383,385 14,832* 11,488
Total area (millions sq. meters) 2010 2300* 3860 3470%* 14,100
% rural population 2010 44 45% 28.50 78.80* 21.93
E. County Economic Measures
Unemployment rate* 8.22% 2.73 8.07* 3.42
% Annualized job growth 2004-13* -0.01* 1.30 -0.61* 1.57
Job density* 171.41% 932.80 12.62* 34.16

Notes: All measures at a county level. * indicates means are statistically different at the 95% level. Drug-
related Death Rates are per 100,000 persons. Rural status is defined as noncore county designation in the
2013 OMB county classifications. Noncore counties are counties which are neither in metropolitan nor
micropolitan statistical areas. Metropolitan areas are central counties and outlying counties with strong

commuting ties and an urban population of over 50,000 while micropolitan areas follow the same
definition but for counties with greater than 10,000 residents in an urban area. Sample Size: Total =
17,093; Rural = 7,191(42%); Nonrural = 9,902 (58%). Source: Stanford Educational Data Archive;
Institute for Health Metrics and Evaluation; 2010 Census; Opportunity Insights dataset. Rural status data
are from the 2013 OMB county classifications.
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Appendix Table C2: Summary Statistics by Rurality, Deep Rural - ERS

Non-Deep Rural Deep Rural
(N =14,910) (N=2,183)

Mean Std Dev Mean Std Dev
A. Test Scores
3 Grade Math & ELA 0.02* 0.27 0.00* 0.34
8" Grade Math & ELA -0.09* 0.27 -0.07* 0.31
B. Opioid Measures
Drug-Related Death Rates 9-yr lag (3™ Grade) 7.62% 4.11 6.21% 4.74
Drug-Related Death Rates 14-yr lag (8" Grade) 6.21* 3.37 5.06* 3.80
C. K-12 Education Measures
% Black 3™ Grade 12.99* 20.13 5.18* 15.35
% Black 8" Grade 13.47* 20.74 5.25% 15.45
% Hispanic 3™ Grade 11.85% 17.10 7.93* 14.27
% Hispanic 8™ Grade 10.64* 16.55 7.05%* 13.41
% ELL 3.67* 5.98 2.68%* 5.87
% Special Ed 13.61%* 3.58 14.34%* 4.39
# of schools 14.11* 41.89 3.39* 1.90
# of charter schools 0.87* 5.59 0.04* 0.22
Pupil-teacher ratio 15.21%* 2.67 12.62%* 2.95
Expenditures per pupil 11,451* 3,118 13,296* 4,444
D. County Demographic Measures
% BA+ 2010 18.95%* 8.57 16.02* 5.43
% Foreign born 2010 4.38%* 5.34 2.55% 5.70
Median HH Inc 2016 49,133* 13,387 44,334* 10,260
% Poverty 2010 15.70 6.28 15.92 7.08
% Single parents 2010 31.23* 8.50 27.23% 10.94
% Non-white 2010 22.25% 19.63 14.57* 18.32
Population density 2010 250* 1,479 13* 16
Total population 2010 107,092%* 318,796 6,528* 5,201
Total area (millions sq. meters) 2010 2,590%* 6,620 4,190* 20,600
% rural population 2010 53.00* 28.73 99.18* 4.99
E. County Economic Measures
Unemployment rate 8.33* 2.88 6.93%* 3.72
% Annualized job growth 2004-13 -0.21%* 1.34 -0.62* 2.00
Job density 119.19* 764.06 5.03* 5.86

Notes: All measures at a county level. * indicates means are statistically different at the 95% level. Drug-
related Death Rates are per 100,000 persons. Rural status is defined as all counties which are completely

rural or have less than 2,500 residents in an urban area drawn from United States Department of
Agriculture’s Economic Research Service (USDA ERS) 2013 classifications. Sample Size: Total =
17,093; Deep Rural = 2,183 (13%); Nonrural = 14,910 (87%). Source: Stanford Educational Data

Archive; Institute for Health Metrics and Evaluation; 2010 Census; Opportunity Insights dataset. Rural

status data are from the 2013 ERS county classifications.
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Appendix Table C3: Summary Statistics by Rurality, Over 75% Students Attend a Rural School -

NCES
Nonrural Rural
Mean Std Dev Mean Std Dev
A. Test Scores
3" Grade Math & ELA 0.02* 0.27 0.00* 0.31
8™ Grade Math & ELA -0.08* 0.27 -0.11% 0.30
B. Opioid Measures
Drug-Related Death Rates 9-yr lag (3™ Grade) 7.65% 3.97 7.04* 4.65
Drug-Related Death Rates 14-yr lag (8" Grade) 6.25%* 3.28 5.71% 3.73
C. K-12 Education Measures
% Black 3™ Grade 12.87* 19.36 10.30* 20.39
% Black 8™ Grade 13.34* 19.93 10.65%* 20.96
% Hispanic 3™ Grade 13.50* 18.44 7.18* 12.07
% Hispanic 8™ Grade 12.20* 17.92 6.27* 11.31
% ELL 4.15% 6.25 2.38%* 5.22
% Special Ed 13.57* 3.48 13.96* 4.10
# of schools 16.80%* 47.81 4.87* 3.70
# of charter schools 1.12* 6.41 0.07* 0.32
Pupil-teacher ratio 15.42* 2.63 13.82* 2.95
Expenditures per pupil 11,467* 3,078 12,112* 3,847
D. County Demographic Measures
% BA+ 2010 20.24* 8.93 15.34* 5.63
% Foreign born 2010 5.06* 5.87 2.38%* 3.84
Median HH Inc 2016 50,583* 13,963 44,523* 10,214
% Poverty 2010 15.45%* 6.17 16.26* 6.75
% Single parents 2010 31.61* 08.20 28.99* 10.03
% Non-white 2010 23.41* 19.70 17.12* 18.83
Population density 2010 316* 1,695 32% 36
Total population 2010 134,879* 362,097 15,551* 18,356
Total area (millions sq. meters) 2010 2,740% 6,950 2,900%* 13,400
% rural population 2010 42.80%* 23.80 90.09* 15.80
E. County Economic Measures
Unemployment rate 8.20* 2.84 8.07* 3.40
% Annualized job growth 2004-13 -0.11* 1.32 -0.56* 1.62
Job density 151.79* 876.17 13.21%* 16.42

Notes: All measures at a county level. * indicates means are statistically different at the 95% level. Drug-
related Death Rates are per 100,000 persons. Rural status is defined as a county where >75% of students
attend a school designated as rural for the 2010-2011 academic year (data gathered October 2010). Data
on membership based on school membership as of October 2010. Sample Size: Total = 17,093; Rural =
5,820 (34%); Nonrural = 11,273 (66%). Source: Stanford Educational Data Archive; Institute for Health
Metrics and Evaluation; 2010 Census; Opportunity Insights dataset. Rural status data are from the 2010-

2011 school year NCES school classifications.






