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Chapter 1

Human Capital, Schooling Allocation in the Family, and Longevity:

Evidence from US Twins

with Peter A. Savelyev, Robert F. Krueger, and Matthew K. McGue

1.1 Introduction

Although demographic data reveal a sharp positive correlation between education and
longevity, this correlation alone is insufficient evidence to suggest that there is a causal
effect of education on longevity, since confounding factors and reverse causality are likely
present. Based on our analysis of a unique US twins data set, we present new empirical
evidence that acquiring additional years of education does, in fact, lead to greater longevity,
at least for men. We further leverage the data to examine the role of potential mediators
between education and mortality and to investigate the degree to which families distribute
educational investments to either compensate for or reinforce differences in the genetic
endowments of their children.

This research contributes to two bodies of literature. First, we demonstrate a beneficial
causal effect of education on health and longevity. Prior investigations of this effect based
on natural experiments and twin studies yielded mixed findings, despite a long history of
research. One class of estimation approaches uses compulsory schooling laws as natural
experiments. Lleras-Muney (2005) finds a strong effect of compulsory schooling on mor-
tality in the US. However, Mazumder (2008) argues that Lleras-Muney’s estimated effect
is weak at best and that her instrument may not be valid. Clark and Royer (2013) find
no effect of compulsory schooling on mortality in their study of UK data, a result which
matches Arendt (2005) and Albouy and Lequien (2009). Many other studies find a causal

effect of compulsory education on health-related outcomes (Grossman, 2004; Grossman



and Kaestner, 1997; Silles, 2009).

Similarly, there is no uniformity among results based on the twins fixed effect approach.
Some papers using twins data find that there is a causal effect of education on health or
longevity (Fujiwara and Kawachi, 2009; Lundborg et al., 2016), while other papers find no
effect (Behrman et al., 2011; Kohler et al., 2011). We contribute to the resolution of this
controversy by using the largest available dataset of US twins. In particular, we address
this question through the analysis of monozygotic (MZ, or “identical”) twins, who share
both a common genetic makeup and a shared childhood environment.

We also examine a second controversial topic: the manner in which families allocate
resources among siblings. If one twin has a poorer genetic health endowment, will he or she
receive more or less schooling than the other twin? We perform this analysis by comparing
results for monozygotic twins with those for dizygotic (DZ, or “fraternal”) twins, who have
a shared childhood environment, just as MZ twins do, but differ from each other genetically,
unlike MZ twins.

Our unique data come from the Minnesota Twin Registry (MTR), which is a project
that was initiated in 1983 to identify and study twins born in Minnesota, and from the
Socioeconomic Survey of Twins (SST), which is a 1994 follow-up survey of MTR partic-
ipants. In particular, we consider same-sex twin pairs of whom both twins participated in
both surveys and both twins provided information about their education levels. Our sample
contains 944 twin pairs born between 1936 and 1955. We match the twin respondents from
these surveys with information about their mortality that we recently collected. For iden-
tification we rely on the presence of identical genes in monozygotic (MZ, or “identical’)
twins, genetic variation in dizygotic (DZ, or “fraternal”) twins, shared family background
within all observed twin pairs, and the availability of essential background controls: birth
weight and disabling injury. We also account for measurement error in schooling.

We apply a linear probability model to within-pair first-differences in order to estimate

the extent to which a twin who has more years of schooling is expected to outlive his or



her twin who has fewer years of schooling. This within-twin-pair approach leverages the
common background shared by twins in a given pair.

Our findings for males indicate that there is a strong protective effect of education on
longevity, though we do not find a similar statistically significant effect for females. We
do, however, find a protective effect of education on physical health among females. The
statistically significant longevity effect that we find for males persists when we control
for birth weight and for early life health events or conditions which may have affected
education choices. We argue that the twin-based approach, combined with these robustness
checks, reasonably enables us to interpret the estimated effect of education on longevity as
a causal one. We also find that there is a protective effect of education on overweight for
males. Finally, we show that parents tend to use educational investments to compensate for

genetic health endowment gaps between their children.

1.2 Data

We use multiple data sets, gathered between 1983 and 2017, which longitudinally de-
scribe the lives of a set of twin pairs who were born in Minnesota. Each pair in the sample

was raised together.

1.2.1 Minnesota Twin Registry

Collected by researchers at the University of Minnesota, the Minnesota Twin Reg-
istry (MTR) represents the largest twins study conducted in the US, and it has been used
in a number of influential publications in economics (e.g., Antonovics and Town, 2004;
Behrman and Rosenzweig, 1999, 2002, 2004; Zyphur et al., 2009), in addition to numer-
ous publications in other fields of study. As described in Krueger and Johnson (2002), the
MTR was initiated in 1983 and includes data on twins born in Minnesota between 1936
and 1955. The MTR staff identified the twins retrospectively from their birth records and

contacted twins to ask for their participation in surveys in person, by mail, and over the
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phone. The MTR staff located about 80% of the identified twins. Among those who were
located, about 80% agreed to participate. There were 4307 twin pairs in which both twins
participated. MTR participants answered survey questions about an array of topics, includ-
ing their education and health backgrounds, and researchers gathered participants’ birth

weight data directly from their birth certificates.

1.2.2  Socioeconomic Survey of Twins

In 1994, MTR respondents from same-sex twin pairs were re-surveyed in the Socioe-
conomic Survey of Twins (SST), which gathered further information from each twin re-
garding labor market participation, wages, health, and education.! SST respondents were
also asked to provide information about their parents, siblings, spouses, and children. Im-
portantly for our analysis, the SST gathered reports of educational background for both the
respondent and the respondent’s twin, meaning that we have two separate observations on
years of schooling for each twin who is part of a participating SST pair. 1325 intact twin

pairs returned valid SST questionnaires. (Behrman and Rosenzweig, 2002)

1.2.3 Characteristics of the Twin Sample

The MTR sample is almost entirely white, which is consistent with the historical demo-
graphics of Minnesota. We exclude from the estimation sample the small number of twins
with at least one non-white parent, since the data are insufficient for a reliable study of the
minority population.> Our twin sample thus consists of twin pairs who are white and the
same sex, and in which both twins provided education information and also participated in
both the initial MTR and the follow-up SST surveys. This gives us a sample of 674 male
and 1214 female twins, whose individual characteristics are described in Table 1.1. Sum-

mary statistics for pairs of twins are shown in Table 1.2, including intra-pair differences

!'See Behrman and Rosenzweig (1999) for a more thorough description of the SST.
%In 1960, people of color represented 1.2% of Minnesota’s total population (US Census Bureau, 1960).
Only two non-white twin pairs with non-missing data are excluded from the estimation sample.
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for key measures. Although twins are generally similar to one another, they do differ in
education level by over one year on average. Twins have lower birth weight on average
than singletons, but the MTR twins in our sample are otherwise reasonably representative
of their Minnesota birth cohort (Krueger and Johnson, 2002).

In the initial surveys conducted in the mid 1980s, respondents indicated whether they
had experienced any disabling injury; we code this information as a dummy variable equal
to one if any such injury is reported and zero otherwise. From the 1994 SST survey, we
also obtained respondents’ self-rated overall health on a five-point scale (1 being bad and
5 being excellent), as well as dummy variables for a report of any “family, job, or health

problems due to alcohol use” and for any report of physical health problems.>

Table 1.1: Summary Statistics for Individual Twins

Males Females

Year of Standard Standard
Variable observation Mean Deviation Mean Deviation
Year of birth At birth  1947.7 5.4 1947.9 5.6
Birth weight in pounds (1936-1955) 5.96 1.14 5.68 1.11
Monozygotic 1983 0.61 0.49 0.58 0.49
Ever had a disabling injury? 0.32 0.47 0.33 0.47
Years of education 15.1 2.3 14.1 2.2
Physical health problems 0.51 0.50 0.51 0.50
Self-reported health (1-5) 1994 4.42 0.64 4.36 0.66
Overweight 0.66 0.47 0.42 0.49
Alcohol problems 0.045 0.206 0.016 0.124
Died by 2014? 0.096 0.295 0.063 0.244
Age at death if died 1994-2014 62.8 7.6 62.9 8.8

Number of individuals 674 1214

3Respondents were asked about a list of physical health problems which included migraine headaches;
hay fever; frequently occurring skin rash; hearing impairment; high blood pressure; heart condition; and loss
of function in the neck, back, arms, or legs.



Table 1.2: Summary Statistics for Pairs of Twins

Males Females
Year of Standard Standard
Variable observation Mean Deviation Mean Deviation
Both died by 2014 Death  0.030 0.170 0.020 0.139
At least one died by 2014 (1994-2014) 0.16 0.37 0.11 0.31
Absolute difference within pairs
Birth weight, pounds Birth (1936~ eg 0.77 0.69 0.61
1955)

Ever had a disabling injury? 1983 0.13 0.33 0.12 0.32
Education, years 1.52 1.62 1.19 1.42
Physical health problems 0.42 0.49 0.38 0.49
Self-reported health (1-5) 1994 0.53 0.63 0.51 0.61
Overweight 0.29 0.46 0.30 0.46
Alcohol problems 0.07 0.26 0.03 0.17
Age at death if both died 1994-2014 4.90 5.16 8.00 6.30

Number of individuals 674 1214

1.2.4 Mortality Data

To construct mortality data for these twins, we gathered data from both the Social Secu-
rity Death Master File and Centers for Disease Control’s National Death Index. Research
on the reliability of these databases in identifying deaths found that over 90% of deaths are
correctly identified by each database (Hauser and Ho, 2001; Wentworth et al., 1983). We
further improve this figure by cross-referencing multiple databases, as well as contacting
next-of-kin in some cases. The most recent year for which decedent data are currently avail-
able is 2014; we are reasonably certain that we know 1) whether any given twin respondent
died before 2015 and 2) the date of death for any respondent who died before 2015. The
last SST surveys were completed by respondents in December 1994. The available mortal-
ity data provides us with a 20 year risk period window between the initial date when living
twins participated in the SST and the date when the mortality status of respondents was last

observed.



1.3 Methodology

We apply a linear probability model to within-twin-pair first differences among monozy-
gotic twins in order to determine the effect of education on health outcomes. We then
compare results for monozygotic twins to those for dizygotic twins in order to characterize
the manner in which families allocate educational resources among siblings with differing

health endowments.

1.3.1 Model of Schooling Decision and Health

Behrman et al. (1994) lay out a model for the determination of schooling and wages for
twins. We adapt this model to the case of schooling and health outcomes as follows.
Consider a family j with twin children i and k. The family allots S years of schooling

to each twin according to the equations

Sij:Otlaij+a2akj+5hij—|—fj—|—Oc3x,'j—|—ul~j (1.1)

and

Skj:(Xlakj-i-(Xza,’j+5hk]‘—|—f]‘+053ij+”kj- (1.2)

Here, a;; and a; ; represent individual-specific endowments which are associated with poor
health. 4;; and h;; represent genetic background. f; represents family environment. x;; and
Xy j represent vectors of exogenous confounders—in our case, birth weight and history of
disabling injury. u;; and u; are random shocks to educational attainment.

Mortality outcomes M for each twin are determined by equations:

Ml'j:ﬁlsij—th—i—aij—}—’}’fj—FﬁzX,'j—FD,'j (1.3)

and

Mkj:BISkj+hj—|—akj+')/fj+ﬁzxkj+vkj7 (1.4)

7



where v;; and v ; are random shocks to health.

B1 is a key parameter of interest. ; < 0 would imply that additional years of school-
ing beneficially reduce mortality. Other key parameters are o and o, which describe the
own- and cross-effects of individual health endowments on the family’s distribution of edu-
cational resources between twins. If we have oy < 0 and o > 0 (case 1), this would imply
that families reinforce differences in health endowments by increasing years of schooling
for the better-endowed twin (the twin with the lower value of a) at the expense of the worse-
endowed twin (the twin with the higher value of a).* If we have a; > 0 and oy < 0 (case 2),
this would imply that families instead compensate for differences in health endowments.
Finally, oy = 6 and o = 0 (case 3) would imply that the educational investment for each

twin is set individualistically and without regard to the other twin’s endowment.

1.3.2  Within-Twin-Pair First Differences

Monozygotic twins have identical genetic endowments; for monozygotic twin pairs
in our model, a;; = ayj. Taking the difference between Equations (1.1) and (1.2) yields
the following equations for the difference in years of schooling and for the difference in

mortality among monozygotic twin pairs:
ASY = oAyt + Auf (1.5)

and

AM} = BASY + BAx) + Av), (1.6)

from which we can identify f;.

Dizygotic twins from the same pair have different genetic endowments, a, so the anal-

“Note that the signs of these relationships are reversed from those described in Behrman et al. (1994),
since we normalize the latent health endowment associated with the adverse outcome of mortality, while they
normalize the latent wage-earning endowment associated with the beneficial outcome of wage.



ogous equations for dizygotic twin pairs are:
ASY = (a1 — o) Aaj+ o3AX? + Au? (1.7)

and

AM? = BiAS? + Aaj+ BAVXY + AvP. (1.8)

In the system of equations represented by Equations (1.5)—(1.8), a; and o, are not in-
dividually identified. However, as shown by Behrman et al. (1994), if we impose two
restrictions—p3, is identical for both MZ and DZ twins, and the individual-specific stochas-
tic components v;; and u;; are drawn from the same distribution for both MZ and DZ

twins—then the difference (o — o) is identified and can be calculated in the following

way:
1—-R
Q| —0) = ———7 (1.9)
BP B
where 0 < R = :i’; ((ii,ﬁ,j)) < 1, and BP and B} represent the estimates from Equation (1.6)

for the DZ and MZ twin subsamples, respectively. The sign of (a; — o) matches the sign
of (BP — BM). 1dentification of this difference is sufficient to determine whether families
engage in compensating behavior versus two alternatives. As follows from cases 1-3 dis-
cussed in the previous section, o — 0 > 0 implies compensation (case 2). o — 0 < 0
implies either reinforcement or allocation without regard for the other twin (cases 1 and
3). Here we assume that in case 3 6 < 0, given the well-known complementarity between

education and health (e.g. Becker (2007)).

1.3.3  Addressing Measurement Error through Instrumental Variables

As Griliches (1979) points out, measurement error bias is particularly troublesome in
estimates derived from twin data, like ours. Although birth weights as well as dates of death

and birth for the twins in our sample are drawn from official records, years of schooling



are reported by the twins themselves and are likely subject to sizable measurement er-
ror.> Ashenfelter and Krueger’s (1994) elegant instrumental variables approach eliminates
measurement error bias resulting from any individual’s tendency to over- or under-report
education levels. The Ashenfelter-Krueger approach uses one twin’s report of the intra-
twin-pair difference in education as an instrument for the other twin’s report of the same
difference. We apply this IV approach in our analysis, using the 1994 SST survey data in
which each twin reported both own and twin’s education backgrounds.

Consider twins 1 and 2 from same-sex pair j. Let S}; represent twin i’s report of twin
k’s years of schooling, and let Ag; = (S’1 — Sé),i = 1,2, which is how many more years of
schooling twin 1 had than twin 2 based on twin i’s reports. Then the first stage regression

for each gender in this two-stage least squares framework can be written as
Ag1 :a0+bA52+cAXj+8j. (1.10)

In the second stage of this IV approach, the observed difference in mortality outcomes is
regressed on the predicted value of the difference in education A/\Sl as calculated in the first
stage regression:

AM;j = BiAs1 + YAX; + Ag;, (1.11)

Ashenfelter and Krueger demonstrate that this approach generates unbiased estimates of
B1, the coefficient of interest, even when a twin’s reports of her own education and of her
twin’s education have measurement errors that are correlated with one another. We estimate
bootstrapped standard errors for the estimate of ;.

We estimate versions of (1.10) and (1.11) under each of two alternative specifications:
(1) with no control for Ax;; and (2) controlling for Ax ;, with missing values for Ax; imputed

using Markov chain Monte Carlo multiple imputation as described in Rubin (1987) and

>Twins from the same pair were likely weighed on the same hospital scale at birth, so differencing birth
weights cancels out any possible systematic additive measurement error that may result from miscalibration
of scales.
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Schafer (1997), a method that preserves the variance-covariance matrix of variables in the
data. Results from estimating approaches (1) and (2) are close to one another. We report
results for specification (2) in the main text and show a comparison with specification (1)
in appendix table A.1.

As evidenced by Behrman and Rosenzweig (2002) and follow-ups to that work (Antonovics
and Goldberger, 2005; Behrman and Rosenzweig, 2005), there is no single, straightforward
way to translate each individual’s responses to the array of SST questions into a count of
total years of schooling. We follow the same procedure used by Antonovics and Gold-
berger (2005) for coding years of schooling from the raw SST responses, in which years
of schooling are defined based on the highest degree achieved as well as any additional

reported schooling beyond the highest degree.®

1.4 Results
1.4.1 Health Outcomes

Results from estimation of the first stage regression in Equation (1.10) each for monozy-
gotic (MZ) twins and dizygotic (DZ) twins are shown in Table 1.3. Unsurprisingly, one
twin’s report of the intra-pair difference in years of schooling is a strong instrument for the
other twin’s report of the same difference.

Applying the 2SLS approach described above to the samples of MZ twins of each sex
allows us to identify f3; from Equation (1.11), the effect of education on health outcomes.
Specifically, we consider the outcomes of mortality (death within 20 years after the 1994
SST survey), any report of physical health problems in the SST, and overall health as self-

reported in the SST.

For example, a high school degree is coded as 12 years of schooling or a college degree as 16. A twin
who reports a high school degree plus one year of college will be coded 13 years of schooling. However, a
twin who has not completed a particular degree can be coded with at most one less year than is associated
with that degree, regardless of how many years they report. Thus a twin who reports a high school degree
plus five years of college but no college degree will be coded with 15 years rather than 17.
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Table 1.3: First Stage Results, Intra-Pair Difference in Years of Schooling as Reported by
Twin One

Pooled Males Females
genders
Monozygotic coefficient 0.780 *** 0.860 *** 0.710 ***
standard error (0.040) (0.068) (0.049)
F -statistic 380 160 210
# of twin pairs 558 204 354
Dizygotic coefficient 0.854 *** 0.855 *** 0.850 ***
standard error (0.029) (0.039) (0.039)
F -statistic 867 481 475
# of twin pairs 386 133 253

Notes: We use specification (1.10) for each gender. For the pooled sample we additionally control for a
gender dummy.

Rather than assume any particular asymptotic behavior of our coefficient estimates, we
use bootstrap standard errors. In light of consistent evidence in the literature that the effects
of education on health, longevity, and a number of health behaviors are non-harmful,” we
use one-sided tests for the estimated coefficients on years of schooling in our regressions.®

Second stage results for the estimated values of ; are shown in Table 1.4. The estimate
for males indicates that each additional year of schooling yields a 3.1 percentage point drop
in the probability of death during the 20 years immediately following the 1994 SST survey.
The comparable estimate for females is not statistically significant at conventional levels,
though the estimate for the pooled sample of males and females is statistically significant
and negative. Among the sample of all MZ twins, each additional year of schooling is

associated with improvements of 3 percentage points in the probability of reported physical

health problems and .03 standard deviations in self-reported overall health (both as reported

7See, for example, Grossman (2006) and Grossman and Kaestner (1997).

8There is one exception to this practice in this paper: due to the lack of consensus on the existence or
direction of a causal effect of education on alcohol consumption, we perform two-sided significance tests
when estimating the influence of years of schooling on the occurrence of alcohol-related problems.

12



Table 1.4: Second Stage Results, Effects of Education on Mortality and Health

Pooled Males Females Gender
genders Difference
Mortality coefficient -0.023**  -0.031** -0.015 -0.015
standard error (0.012) (0.018) (0.015) (0.024)

# of twin pairs 558 204 354
Physical Health coefficient -0.029** -0.022 -0.034* 0.012
Problems standard error (0.019) (0.028) (0.025) (0.038)

# of twin pairs 694 244 450
Self-reported  coefficient 0.029* 0.040 0.015 0.025
Health standard error (0.022) (0.032) (0.033) (0.046)

# of twin pairs 680 241 439

Notes: Bootstrapped standard errors reported from 300 replications. One-sided p-values reported for esti-
mated coefficients on years of education, two-sided for difference in coefficient estimates across genders.
Asterisks represent statistical significance levels: *** 1%, ** 5%, * 10%.

in the 1994 SST).

Given the lack of a strong relationship between education and mortality among women,
the presence of a stronger connection between education and physical health problems may
seem puzzling. This pattern of results could be related to the established fact that at any
given age women tend to report worse health than men but are also less likely to die than
men (Case and Paxson, 2005). It is also important to note that the list of health conditions
captured by our dependent dummy variable includes relatively minor conditions like hay
fever or frequently occurring skin rash alongside major ones. Such minor conditions are
unlikely to be strongly related to middle age mortality.

On the other hand, prior research established that individuals with higher income and
education consume more health care, all else equal (Strauss and Thomas, 1998). Some

health conditions, like high blood pressure or heart conditions, are not likely to be known to
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the respondent in the absence of a diagnosis from a medical professional. Accordingly, our
coefficient estimates, which describe the protective effect of education on the probability
of reporting awareness of having experienced a physical health problem, likely understate
education’s effect on the probability of truly experiencing a physical health problem. In-
deed, if the more educated had the same amount of health issues as the less educated but
were more aware of them, we would find a positive effect of education on the probability of
reporting health problems. Despite this expected bias, we find a negative effect, suggesting
a substantial true effect of education on the probability of experiencing health problems.
While health problems are self-reported by twins and measure awareness rather than objec-
tive health status, mortality, which is our main outcome of interest, is an objective measure
and is not susceptible to the same type of bias.

At the start of our observed mortality window on December 1, 1994, twins’ ages ranged
from 39 to 58. At the end of the mortality window, ages ranged from 59 to 78. In order
to identify possible heterogeneity in the effect of education across birth cohorts and at
different ages, we divide the 20 year mortality window into two halves, divide the twin
sample’s twenty year birth cohort into two halves, and re-estimate our mortality model for
each of the four combinations of birth cohort and mortality window. The results, displayed
in Table 1.5, show that the protective effect of education on mortality is concentrated at the
oldest ages. Among the subsample born 1946-1955, there is no evidence that additional
years of education improved mortality between December 1994 and November 2004, i.e.
between ages 39 and 58. The younger cohort during the later mortality window fell in the
same age range that the older cohort did during the earlier mortality window; in each case,
the twins ranged from age 49 to 68. Effects for each birth cohort during this age range
are not precisely determined. We find statistically significant evidence of an improvement
in mortality due to additional years of schooling among male twins only among the older
cohort and in the later ten-year mortality window (between ages 59 and 78). Among this

older subsample, for each additional year of schooling there is an estimated 4.8 percent
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reduction in the likelihood of dying during the ten year span beginning December 1, 2004.

Table 1.5: Effects of Education on Mortality by Cohort and Date of Death

Pooled Males Females
genders
" Mortality coefficient 0.012 0.016 -0.004
§ 12/94 - 11/04 standard error (0.019) (0.027) (0.010)
gé # of twin pairs 242 86 156
(@)
FC' Mortality coefficient -0.035* -0.048** -0.007
g 12/04 - 11/14 standard error (0.022) (0.025) (0.041)
# of twin pairs 224 74 150
" Mortality coefficient 0.001 -0.001 0.001
§ 12/94 -11/04 standard error (0.003) (0.003) (0.006)
$ # of twin pairs 378 129 249
(@)
2 Mortality coefficient -0.004 -0.006 -0.004
,E 12/04 - 11/14 standard error (0.011) (0.021) (0.012)
# of twin pairs 369 126 243

Notes: Bootstrapped standard errors reported from 300 replications. One-sided p-values reported for esti-
mated coefficients on years of education. Asterisks represent statistical significance levels: *** 1%, ** 5%,
*10%.

The available sample of twins is not sufficiently large to allow us to fully analyze the
effects of education on mortality separately by each cause of death. However, the fact that
the overall effect is concentrated among relatively older ages suggests that the key medi-
ating factors between education and mortality relate to health stock (e.g. due to smoking
or diet) more than they relate to accidental or external causes of death (e.g. due to seat
belt use), which are relatively more frequent at younger ages of the US population (CDC,
2015). Indeed, the most common causes of death observed among the twin sample are

those related to cancer, heart disease, or respiratory disease.
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1.4.2 Mediators

We have limited data on the possible mediators that drive the effects of education on
health outcomes, but alcohol problems and overweight are two key health-related factors
which were queried in the 1994 SST. Twins indicated their height and weight at the time of
the SST, from which we generate a dummy variable for overweight based on a body mass
index of 25 or above. The twins also indicated whether they had ever experienced “family,
job, or health problems due to alcohol use.”

2SLS estimates for the effects of education on overweight and alcohol problems are
presented in Table 1.6. Among men, each additional year of education yields a statistically
significant 4.5 percentage point decrease in the likelihood of being overweight. No such
statistically significant relationship between education and overweight is identified among
women. We find statistically weak evidence suggesting that education causes a reduced
propensity for alcohol problems among the pooled sample of men and women. Because
of the lack of a consensus in the health economics literature regarding the relationship
between educational attainment and alcohol use, we apply a two-sided test of statistical

significance to the coefficient estimates for alcohol problems.

Table 1.6: Effects of Education on Potential Mediators of Health

Pooled Males Females Gender
genders Difference
Overweight coefficient -0.010  -0.045** 0.025  -0.070**
standard error (0.014) (0.022) (0.017) (0.028)

# of twin pairs 670 240 430
Alcohol coefficient -0.012* -0.016 -0.009 -0.007
standard error (0.007) (0.013) (0.008) (0.015)

# of twin pairs 694 244 450

Notes: Bootstrapped standard errors reported from 300 replications. One-sided p-values reported for coeffi-
cient estimates for overweight, two-sided for alcohol and for gender differences. Asterisks represent statistical
significance levels: *** 1%, ** 5%, * 10%.
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The overweight dependent variable is based on the twins’ self-reported height and
weight, and the alcohol problem dummy variable is based on twins’ answers to the ques-
tion of whether they ever experienced “family, job, or health problems due to alcohol use.”
Neither of these two measures would involve any specific diagnosis from a medical profes-

sional, unlike some of the physical health measures considered in Table 1.4.

1.4.3 Intra-Household Allocation of Resources

We can determine whether parents compensate for or reinforce endowment differences
in siblings by estimating the value of (Bp — Bas). Our estimates of this difference are shown
in Table 1.7. Statistically significant positive numbers are indicative of compensating be-
havior, in which the less healthy twin receives more education, and the healthier twin less
education. Our estimation results provide some evidence of compensating behavior when
health is measured in terms of eventual mortality, and strong evidence of compensating
behavior when health is measured in terms of physical health problems. The outcome of
self-reported health provides no precisely determined estimate of the difference, but this
outcome is arguably the noisiest. The implied point estimates for the values of (o — o)
are shown in Table A.2. Our finding of compensating behavior with respect to health en-
dowments contrasts with Behrman et al. (1994), who find that families reinforce earnings
endowments.

There are different dimensions of latent endowments. In particular, each individual may
have a wage-earning endowment which is not perfectly correlated with the health endow-
ment. Since wages as well as education can affect longevity, our estimates of (a; — o)
may be biased due to the omission of an unobserved earning endowment. The data avail-
able for our sample of twins does not include early-life measures of ability which would
allow us to model such a multi-dimensional endowment framework. We do, however, have

good data from the SST on the wages of male respondents.” We leverage this wage data by

9Wage data were gathered for women as well as men, but an insufficient number of female twin pairs have
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Table 1.7: Difference in Education Coefficients between DZ and MZ Twins, (B2 — BM)

Pooled Males Females

genders
Mortality coefficient 0.026* 0.036 0.019
standard error  (0.015) (0.022) (0.018)
Physical Health coefficient 0.066***  0.060* 0.073**
Problems standard error  (0.024) (0.036) (0.032)
Self-reported coefficient 0.020 0.022 0.029
Health standard error  (0.030) (0.044) (0.044)

Notes: Bootstrapped standard errors calculated from 300 replications. Two-sided p-values reported for dif-
ference in coefficient estimates between DZ and MZ twins. Asterisks represent statistical significance levels:
% 1%, ** 5%, * 10%.

re-estimating the DZ-MZ differences in estimates of f3; as shown in Table 1.7 with wage
as an added regressor. In this way, wage proxies for earning ability. Though wage itself is
an endogenous outcome, we argue that this approach provides a helpful robustness check.
If the DZ-MZ differences are robust to the inclusion of the wage control, then we have
evidence that our results are not driven by the wage-earning endowment.

Results from estimating models that include wage as a background control are shown
in Table 1.8. The implied effect of education on mortality is not greatly affected by the
inclusion of a wage control (and in fact the result is strengthened). There is little change in
the implied effect of education on self-reported health and a modest decrease for the effect
on physical health problems. Taken together, we interpret these results as evidence that the
single-dimensional measure of child’s endowment a; which we consider in our analysis
does in fact capture a health-related endowment and is not dominated by non-health-related

wage-earning potential.

wage information provided for both twins.
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Table 1.8: Robustness Check: Difference in Education Coefficients between DZ and MZ
Twins, (BP — M), with and without Wage Controls, Males

No wage Wage

control control

Mortality coefficient 0.036 0.039*
standard error (0.022) (0.023)

Physical Health coefficient 0.060* 0.051
Problems standard error (0.036) (0.036)
Self-reported coefficient 0.022 0.021
Health standard error (0.044) (0.066)

Notes: Bootstrapped standard errors calculated from 300 replications. Two-sided p-values reported for dif-
ference in coefficient estimates between DZ and MZ twins. Asterisks represent statistical significance levels:
**% 1%, ** 5%, * 10%.

It is likewise possible that parents respond to differences in children’s health endow-
ments by reinforcing some of the resulting gaps in outcomes while simultaneously com-
pensating for other gaps. This is precisely the finding of Yi et al. (2015), who use Chinese
twins data to show that when one twin experiences a negative health shock in childhood, the
parents divert educational resources toward the healthier twin (reinforce) but divert health
resources toward the less healthy twin (compensate). Parents compensate more than they
reinforce, so the authors find that families’ overall behavior is compensatory. We do not
observe information about childhood health investments, e.g. physician visits, for our twin
sample, so we are unable to identify this kind of multidimensional response to differences
in health endowments. However, our findings for US twins indicate that parents divert ed-
ucational resources toward the less healthy twin, which is the opposite of the finding by Yi

et al. for Chinese twins, suggesting differences in the representative household objective
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function for the Chinese versus US families sampled.'”

1.5 Conclusions

We use a longitudinal data set of US twins and newly collected mortality data to ex-
amine the relationship between educational attainment, health, and longevity. We find that
increased education is associated with improved mortality among male twins. We find no
statistically significant relationship between schooling and mortality among female twins.

Our results for the effect of schooling on overweight follow a similar pattern; men
but not women show a reduction in probability of overweight for each additional year of
schooling. Furthermore, we find suggestive evidence of a small beneficial effect of school-
ing on the incidence of problems associated with alcohol use. Together, these findings sug-
gest a mediating role for diet and exercise in translating education into improved health.
This hypothesis is further supported by our finding that the effects of education on mor-
tality are concentrated on ages 59—78 when death usually stems from medical conditions,
rather than on younger ages when death from accidental causes is more prevalent.

Our analysis has limitations given the specific population that we consider. Generaliza-
tion outside of the twin population should be done with caution, as twins have the unique
experience of having another twin present throughout childhood.!! Our findings are not
representative of racial minorities, who are absent from our sample of Minnesotans, nor
are our findings representative of cohorts born after 1955. In particular, it is possible that
changes in females’ demand for education, the market for women’s labor, and societal gen-
der roles may mean that these effects will be different for young women today than they

are for the women in the sample we consider here.

10 Apart from the differences in countries considered in these papers, there are also differences in the types
of educational investments and health differences considered. Yi et al. analyze payments for schooling, while
we analyze total years of schooling. They consider responses to early life health shocks, while we consider
health endowments identified by observed longevity.

"However, to a first-order approximation, our approach of taking within-twin-pair differences successfully
controls for any unique aspects of being a twin.
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We do find evidence among the pooled-gender twin sample indicating that additional
schooling reduces the likelihood of reporting any physical health problems at middle age.
This effect is stronger among women. We do find evidence that education improves women’s
physical health, but we find no effect of education on mortality for women at the ages we
observe. This combination of findings may indicate that education affects women’s health
in ways that improve quality of life but not mortality; alternatively, it is possible that the
effects of education on mortality among women are significant only beyond the ages that
we observe (up to a maximum of 78).

Finally, by comparing calculations for monozygotic twins who share the same genes
to dizygotic twins who differ genetically, we show that families tend to distribute educa-
tional investments between their twin children in a way that compensates for differences
in the health endowments of those twins. Among families with twins who differ in terms
of genetic health endowments, there is an average tendency to divert schooling resources
away from the healthier twin and toward the less healthy twin. This finding contributes
to our economic understanding of patterns of intra-family allocation of resources. Given
that related studies found evidence that families reinforce rather than compensate for gaps
in children’s non-health endowments, our results suggest that families consider the health
and non-health endowments of their children separately when they allocate educational
resources. Simultaneous estimation of families’ responses to multiple dimensions of en-
dowments requires richer background data than is available to us; pursuit of this type of

multidimensional approach represents a promising avenue for further research.
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Chapter 2

Random Urine Screening as a Tool to Deter Opioid Abuse: Evidence from Louisiana

with Aaron M. Gamino

2.1 Introduction

Between 1999 and 2014, the rate of deaths from opioid painkiller overdoses in the US
quadrupled, with a total growing to over 18,000 deaths per year (CDC, 2016b). Due largely
to this drug problem, overall mortality rates have worsened among middle-aged white non-
Hispanic males during this period, even as medical technologies and access to health care
have improved (Case and Deaton, 2015). As the devastating scope of this epidemic has
come into focus, a number of policy responses have been implemented in order to curtail
the misuse and abuse of opioids. One such policy is the requirement of routine drug testing
for pain clinic patients who receive opioid prescriptions for the treatment of their chronic
pain. Such patients are at a particularly high risk of developing an opioid addiction (Volkow
and McLellan, 2016). Mandates for drug testing are intended to enable practitioners to
quickly identify problematic drug use patterns among patients and to address such problems
appropriately and proactively. In particular, Louisiana introduced a policy in 2008 requiring
that prescribers practicing at pain clinics conduct random urine drug testing (UDT) of each
patient receiving long term opioid prescriptions at least four times per year.

In this paper, we examine the effects of Louisiana’s UDT policy on outcomes related
to the use and abuse of opioids. We find evidence of sharp reductions in the quantity of

opioids distributed and in overdose deaths following the introduction of this policy.
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2.1.1 Policy background

A number of policy responses have been deployed in an effort to remedy the devastating
opioid epidemic in the US. New training initiatives have been introduced to better educate
medical practitioners about the potential dangers of prescribing opioids for pain. Starting
with the popular prescription drug Oxycontin in 2010, abuse-deterrent formulations of opi-
oids have been introduced which prevent users from inappropriately consuming the active

ingredients all at once.!

Law enforcement agencies have carried out crackdowns on so-
called “pill mills"—medical practices at which professionals irresponsibly issue excessive
quantities of prescriptions to patients, many of whom may be addicted.

The most widely used weapon in the fight against the US opioid epidemic has been
the introduction of prescription drug monitoring programs (PDMPs), which are central-
ized databases that track patients’ prescription histories in an effort to help practitioners
and pharmacists identify and prevent excessive drug use. Of particular concern is “doctor
shopping” behavior by addicted patients, who visit multiple practitioners in hopes of secur-
ing opioid prescriptions to satisfy their addictions. As of 2017, every US state has initiated
some form of PDMP. Not all PDMP’s are created equal, however. Recent studies by Patrick
etal. (2016) as well as Buchmueller and Carey (2018) have found that state PDMP’s which
include stringent requirements on practitioners or pharmacists to use the database when is-
suing prescriptions have served to reduce rates of drug misuse and overdose deaths. These
researchers find no evidence that less stringent state PDMP’s have had any beneficial effect
on opioid outcomes.

The above-listed policy efforts have made strides in fighting the US opioid epidemic,
but they also have limitations. In particular, none offers a consistent means of identifying
patients who misuse or divert legitimately prescribed opioids. By administering urine drug

testing (UDT) to his or her patient, a prescriber can determine what drugs, and in what con-

ISee Alpert et al. (2018) for analysis of the consequences, both intended and unintended, of introducing
abuse-deterrent opioids.
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centrations, are in the patient’s system. The results can indicate multiple possible issues.
The presence of narcotics or other unprescribed drugs is indicative of possible drug abuse.
If UDT indicates a greater than expected concentration of the prescribed opioid in the pa-
tient’s system, this may mean that the patient is overusing the prescribed drug or acquiring
additional quantities of the drug through either doctor shopping or illegal acquisitions from
a third party. If the prescribed drug is absent from the UDT results, this may mean that
the patient is inappropriately diverting the prescribed drug by giving it to acquaintances or
selling it on the black market. All of these possibilities involve a high risk of addiction or
overdose. Given the potential of UDT to identify these problems or prevent them altogether,
the CDC issued a 2016 guideline recommending that clinicians use UDT at the commence-
ment of a patient’s therapy when prescribing opioids for the treatment of chronic pain and
that they consider re-using UDT at least annually as treatment continues(CDC, 2016a).

Despite the CDC’s recommendation, practitioners may be hesitant to adopt a blan-
ket strategy of ordering UDT for all of their patients who receive opioid prescriptions for
chronic pain treatment. Prescribers may expect that even those patients who have a le-
gitimate medical need for opioids might balk at participating in a drug test and instead
seek another prescriber who doesn’t administer UDT. To induce the consistent use of UDT
among a high risk set of patients, Louisiana introduced a policy in 2008 mandating UDT
practices among the state’s pain clinics, defined as facilities that primarily engage in the
treatment of pain by prescribing narcotic medications.

Though UDT requirements have received little research attention, researchers have in-
vestigated the effects of laws regulating pain clinics generally. Meara et al. (2016) find that
state pain clinic regulations are associated with reductions in long-term receipt of prescrip-
tion opioids among Medicaid recipients. Dowell et al. (2016) find that the combined use
of mandatory PDMP review laws and pain clinic laws were associated with a decrease in
opioid prescriptions and overdose deaths.

The 2008 Louisiana pain clinic mandate required that pain clinic patients receiving

24



opioid prescriptions for the treatment of chronic pain have UDT administered once at the
start of treatment and at least four times per year thereafter. Furthermore, the timing of the
ongoing tests should be “unannounced,” such that the patient cannot easily feign adherence
to the appropriate prescription regimen by following it only when a test is anticipated. If
a pain clinic patient or staff member is found to be diverting or illegally using opioids,
administrators of the clinic are required to make a medical referral to an addiction facility.
Patients must sign a document acknowledging that they are subject to the established rules,
including periodic, unannounced drug screens. As long as a patient is treated by a pain
clinic and for six years thereafter, the clinic is required to maintain records of the patient’s
agreement to the rules as well as drug screening results and PDMP inquiry results (LA
Admin Code Title 48:1 7801-7861). Individuals who violate Louisiana’s pain clinic law
face up to five years in prison and a fine of up to $50,000 (LA Rev Stat 40:971.2).

Florida introduced a similar UDT requirement for its pain clinics in 2011. Because of
the idiosyncratic way in which the opioid epidemic and the battle against it unfolded in
Florida during our sample period, we do not analyze Florida’s UDT policy here, nor do we
include Florida in the set of donor control states.”

A handful of other states also implemented UDT policies between 2000 and 2015,
though none of these states’ policies were as stringent as those of Louisiana and Florida.
In particular, these other states’ policies lacked either a requirement that the timing of
drug tests be unannounced or a stipulation that UDT must be used more than once per
year. Accordingly, we classify these other state policies as “weak” UDT requirements,
in contrast to the “strong” ones implemented in Louisiana and Florida. In our analysis,
we control separately for the presence of a weak UDT policy, and in all cases we find no

evidence that such policies have an impact on the outcomes considered.

ZPrior to 2010, Florida was an epicenter of the opioid epidemic, driven largely by a glut of so-called
“pill mills,” medical facilities which catered to drug addicts through unscrupulous or negligent prescribing
practices. Between 2010 and 2012, Florida policymakers deployed a number of policy remedies, including
conventional ones like a PDMP but also a less conventional crackdown on pill mills. See Rutkow et al. (2015)
for further discussion and analysis of Florida’s experience with opioids.
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Louisiana’s 2008 pain clinic policy is unique in its inclusion of a strong UDT require-
ment, but additional regulatory changes were included as well. In particular, the 2008
policy further required practitioners at pain clinics to consult Louisiana’s PDMP when is-
suing opioid prescriptions. We are thus able to estimate the effects of Louisiana’s entire
policy bundle but not the effects of its UDT requirement alone. However, because a num-
ber of other states also introduced must-access PDMP requirements in between 2000 and
2015, we are able to estimate the extent to which improvements stemming from Louisiana’s
bundle of policies exceed improvements from other states’ PDMP-only policies. Though
evidence suggests that strong state requirements of PDMP use show promise in reducing
opioid overdose rates, these rates remain well above their pre-2000 levels. There remains
an unmet demand among policymakers for additional weapons in the fight against the opi-
oid epidemic. In 2017, the President’s Commission on Combating Drug Addiction and the
Opioid Crisis was established to identify ways to combat problems associated with opioid

abuse.

2.1.2  Opioids and US drug regulation

The US federal government classifies regulated drug types into five classifications,
called “Schedules,” under the provisions of the 1970 Controlled Substances Act. Drugs
in Schedule I, the most heavily regulated class which includes heroin and LSD, are deemed
to have a high potential for abuse and no currently accepted medical use. Under federal law,
Schedule I substances may not be prescribed by anyone. Schedule II drugs are those which
also have a high potential for abuse but which do have accepted medical use. Schedule II
drugs may be administered or prescribed only under strict regulations, which are governed
by both federal and state laws. There are a number of ways in which states differ from
one another in the regulation of Scheduled drugs; for example, some states allow nurse
practitioners to prescribe Schedule II drugs while others do not. The majority of the opi-

oids which we consider in our analysis are Schedule II drugs, but not all Schedule II drugs
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are opioids. Accordingly, each state’s market for opioids may be affected both by opioid-
specific regulations, like UDT requirements, and any changes to the market for Schedule 11
drugs generally.

One of the most commonly prescribed non-opioid Schedule II drugs is amphetamine,
which is included in Adderall and other medications used for the treatment of attention
deficit hyperactivity disorder. Although abuse of legal amphetamine medications does oc-
cur (Maxwell and Rutkowski, 2007), amphetamines are not used to treat the same con-
ditions as opioids, nor would taking an amphetamine satisfy the drug dependence of an
opioid addict. There is no reason to suspect that legal amphetamine medications serve as a
substitute or complement for legal opioid medications. Because of this fact and because of
amphetamine’s Schedule II status, we compare opioid totals to amphetamine totals in order
to evaluate the results of opioid policies while controlling for contemporaneous changes in

each state’s supply of heavily-regulated drugs overall.

2.2 Data

In this section, we describe the datasets used in our analysis. We use two data sets: Au-
tomation of Reports and Consolidated Orders System (ARCOS) and National Vital Statis-

tics System (NVSS) Multiple Cause-of-Death file.

2.2.1 ARCOS

To track changes in the distribution quantities of legal opioids, we use data gathered be-
tween 2006 and 2010 by the US Drug Enforcement Administration’s (DEA’s) Automation
of Reports and Consolidated Orders System (ARCOS). The ARCOS database tracks the
quarterly quantity of certain drugs distributed to retailers—including pharmacies as well
as hospitals and practitioners—in each ZIP3 (a cluster of ZIP codes that share the same
three-digit prefix). For our analysis, we aggregate individual ZIP3 drug totals up to the

state level.
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In particular, we consider the quantities distributed for nine commonly prescribed opi-
oid analgesics: buprenorphine, codeine, fentanyl, hydrocodone, hydromorphone, meperi-
dine, methadone, morphine, and oxycodone. Since the pharmacological strength per mil-
ligram varies across opioid types, we convert the distributed quantity of each drug in grams
into a morphine-equivalent quantity, using multipliers that have been established in the
medical literature (Gammaitoni et al., 2003; Paulozzi et al., 2011), and sum across all opi-
oid types to generate an aggregate quantity. Besides these opioids, we also consider the
reported quantities of the non-opioid drug amphetamine, which is tracked by the ARCOS
database in the same fashion.

Although ARCOS data is available dating back to 2000, only in 2006 did ARCOS
reports begin to include drugs distributed to facilities for the treatment of substance use
disorder (SUD). This results in a large increase in methadone quantities recorded begin-
ning in 2006, as methadone is an opioid that is widely used in the treatment of opioid use
disorder. To explore trends in distribution before the change in reporting, we show each
opioid’s share of the total morphine equivalent quantity of tracked opioids in Figure 2.1 be-
tween 2001 and 2005. Methadone’s share of morphine equivalent quantity among retailers
other than SUD treatment facilities nearly doubles in the entire United States during this
period. This suggests that methadone was been being increasingly used for reasons other
than substance use disorder treatment over this time. Buprenorphine is another opioid that
is commonly used in the treatment of opioid use disorder; it was generally absent from
ARCOS reports prior to 2006 and is included thereafter. In light of these data considera-
tions, for our analysis of drug quantity data we consider a sample period of 2006 to 2010,

centered around the 2008 introduction of Louisiana’s UDT policy.
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Figure 2.1: Individual drugs’ share of total morphine equivalent opioid quantity
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Notes: ARCOS quarterly data from 2001 to 2005, Florida excluded.

A limitation of the ARCOS data set is the fact that it tracks only legally distributed

quantities of drugs. If crackdowns on abuse of prescription opioids should induce an in-

crease in rates of abuse of heroin or illicitly manufactured opioids, as has been indicated by

prior research of another supply-side intervention in the market for opioids (Alpert et al.,

2018), then ARCOS will not enable us to observe this particular change in the drug market.

2.2.2 NVSS

To examine the effect on overdose deaths we use data from the National Vital Statistics

System (NVSS) Multiple Cause-of-Death file, gathered by the CDC. This data set tracks

the number of deaths by state, year, and cause of death. Because the coding system used for

29



classifying causes of death changed from ICD-9 to ICD-10 beginning in 1999, we consider
a sample period that begins in 1999 and ends in 2015. We consider multiple drug-related
causes of death: those associated with prescription opioids, any opioids, and any illicit

drugs.

2.3 Empirical Strategy
2.3.1 Main estimation strategy

Our research designs take advantage of the variation across states and over time in the
regulatory framework for UDT, as well as comparisons of drug types which are affected by
UDT requirements with a drug type that is unaffected.

Our first approach employs a difference-in-differences (DD) model exploiting the pol-
icy variation across states and over time. The estimating equation for outcome Yj; for state

s in period ¢ is:

Yy = a+ B(Post; x Treats) + 6 Xy + pZg + Ns + 6 + & (2.1)

The coefficient of interest is B. Post; x Treaty is an indicator that takes a value of one for
Louisiana after the implementation of random urine drug testing and zero for all other state-
years. Xy contains controls for key state policies that may affect the market for opioids:
the presence of a PDMP, the inclusion of “must-access” PDMP regulation requiring use
of the system by medical professionals,’> medical marijuana,* naloxone access laws and

good Samaritan laws.> Z; includes state demographic controls: distributions of age, race,

3Variation in the effects of states’ PDMP’s with respect to the characteristics of those programs are exam-
ined by Buchmueller and Carey (2018) and Patrick et al. (2016), who find evidence of significant improve-
ments in opioid outcomes only when a state’s PDMP includes robust provisions like required use or frequent
updating.

“Bradford and Bradford (2016) and Powell et al. (2018) find that prescription opioid use drops among the
examined populations when legal access to medical marijuana is introduced.

SRees et al. (2017) find that opioid-related death rates fall when states introduce laws that expand access
to naloxone, a drug which can counteract the effects of ingested opioids in an effort to prevent overdose.
They also examine good Samaritan laws, which protect individuals from legal repercussions when seeking
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and schooling level; unemployment; average income; poverty rate; and uninsurance rate.
State and time fixed effects, 7, and &, are included. We consider two types of outcome Y:

quarterly ARCOS drug totals and annual rates of death from drug-related causes.

2.3.2 Additional regression strategies

Our additional regression strategies take advantage of further ARCOS data tracking
pharmaceutical amphetamine, a drug which is not an opioid and is most notably contained
in the prescription drug Adderall, as a comparison group. Like most of the opioids we con-
sider, amphetamine is classified as a Schedule II drug under the US Controlled Substances
Act, the most heavily-restricted class of prescription drugs. Because it treats an entirely
different set of conditions than do opioids, prescription amphetamine is neither a substitute
nor a complement for prescription opioids. It thus represents a suitable control for opioids,
as the opioid-specific state policies which we examine here should have no effect on the
prescribing or dispensing of non-opioid amphetamine, while state or federal policies which
target Schedule II drugs generally should affect both opioids and amphetamine in a similar
manner.

Our first additional estimation strategy is a DD model using variation in type of drug
(opioid vs amphetamine) and timing, within a single state. The estimating equation for

outcome Yy, for drug d in quarter ¢ is:

YdSI = + B (POSZ’[ X OplOldd) + GXg[ + pZSt + 5[ + Td + gdSl‘ (22)

The coefficient of interest is . Opioid, is an indicator taking a value of one if drug d is an
opioid and a value of 0 otherwise. The equation follows the same definitions as equation
2.1, with the addition of a drug fixed effect 7,.

Our second additional estimation strategy is a difference-in-difference-in-differences

(DDD) model using variation in type of drug, state, and timing.

assistance for someone who is in danger of overdose.
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Yy =a + B (Post, x Treats X Opioidy)
2.3)

+0Xy+pZy+ M5+ O+ 1Ty +sigmag + Vg + Yas + East

where the coefficient of interest is 8 and the terms follow the prior definitions. The addi-
tional terms included are drug-time and drug-state fixed effects, v;; and 7y, respectively.
This DDD approach enables us to estimate the effect of Louisiana’s 2008 opioid policy
specifically on opioid distribution rates, net of any unobserved factors affecting the overall

use of heavily-regulated drugs in Louisiana or any other state.

2.3.3 Permutation tests

Because we consider only a single state that is treated by a strong UDT mandate, deter-
mining the appropriate way to handle standard errors is not straightforward, and clustering
at the state level in particular is likely to generate inaccurate standard errors. As an al-
ternative means of assessing the statistical significance of our coefficient estimates, we
apply a permutation test approach. For this approach, we re-estimate the regression models
described in Equations 2.1 and 2.2 once for each donor state other than Louisiana under
the counterfactual assumption that the state in question, and not Louisiana, introduced the
strong UDT policy in 2008. We then compare the point estimate for the policy’s effect in
Louisiana with the distribution of the counterfactual point estimates for the other states. If
the Louisiana point estimate is larger in absolute value than all or nearly all of the coun-
terfactual point estimates, then this represents evidence against the null hypothesis that the

strong UDT policy had no effect on Louisiana outcomes.
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2.3.4 Synthetic control

We also apply to our analysis the synthetic control method developed in Abadie and
Gardeazabal (2003) and Abadie et al. (2010). This approach is analogous to the difference-
in-differences approach, but rather than using as a comparison control the equally-weighted
set of all untreated states, we generate a “synthetic” Louisiana comprised of a weighted
subset of donor states, with weights chosen so as to match the observable characteristics
of the control in the pre-treatment periods to those of Louisiana. We then compare the
post-treatment trajectory for the outcome variable in Louisiana with the same trajectory
for the synthetic control. If the trajectories for Louisiana and the control do match well in
the pre-treatment periods but don’t match well in the post-treatment periods, then this is

evidence that the treatment did in fact have an impact on the measured outcome.

2.4 Results

2.4.1 Drug quantities

Results from estimating the DD model described in Equation 2.1 for drug quantities
are shown in Table 2.1. The first outcome considered is log of morphine equivalent grams
of legal opioids distributed per capita, aggregated within each state by quarter year. The
second outcome is log of grams of amphetamine per capita, a non-opioid drug not affected
by the UDT requirement. The coefficient estimates shown are for f3, the coefficient on the
Post x Treat term in equation 2.1. Each column represents a different set of regression
controls. The coefficient estimates for opioids imply approximately a 20 percent reduction
in opioid quantities distributed in Louisiana following the start of the UDT policy. Control-
ling for demographic patterns and several relevant policy controls, Louisiana amphetamine
distribution decreased slightly relative to other states following the introduction of the UDT
policy, though these estimates are not statistically significant at conventional levels. Am-

phetamine is not affected by the UDT policy, so we use observed changes in amphetamine
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in the distribution of heavily regulated drugs overall.

Table 2.1: DD results: Drug quantities

totals in our DDD approach, depicted later in this section, to control for underlying changes

@) @) 3) “
Opioids -0.222%%%  .0.231%¥*  -Q0.219%**  -(Q.227%**
(0.013) (0.024) (0.013) (0.022)
Louisiana pre-treatment mean 0.313
Amphetamine -0.017* -0.014 -0.014 -0.018
(0.010) (0.025) (0.011) (0.025)
Louisiana pre-treatment mean 0.013
Demographic controls No Yes No Yes
State policy controls No No Yes Yes

Notes: Outcomes are log of morphine equivalent grams of opioids distributed per capita and log of grams
of amphetamine distributed per capita. Outcome data represent quarterly state aggregate drug quantities
measured in ARCOS from 2006 to 2010. Standard errors clustered by state are presented in parentheses. The
sample includes all US states except Florida, plus DC. Significance levels of 0.10, 0.05, and 0.01 are denoted
by *, **, and ***, respectively.

Permutation tests results corresponding to this DD approach are shown in Figure 2.2.
The set of controls included for each model corresponds to the same-numbered regression
model in Table 2.1. Depending on the specific model, the DD estimates for prescription
opioid quantities in Louisiana lie somewhere in the two lowest estimates among all 50
states considered, a threshold which corresponds to at least a 5% significance level for a
one-sided test or a 10% significance level for a two-sided test. Permutation tests of the DD

estimates for Louisiana amphetamines do not yield statistically significant results.
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Figure 2.2: Permutation tests: Drug quantities
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We supplement this DD analysis with synthetic control estimation of the effects of
Louisiana’s UDT policy. In the DD framework, we are able to control for changes in other
state policies that affect opioid outcomes by including policy dummies among our control
variables. There is no such mechanism in the synthetic control framework for differencing
out the effects of other state policies aside from UDT. Instead, we discard from the set of
donor controls the five states which introduced either a must-access PDMP or legal access
to medical marijuana during our sample period, two key policy types which have been
linked to opioid outcomes in recent studies (Bradford and Bradford, 2016; Buchmueller
and Carey, 2018; Powell et al., 2018).

Synthetic control results for log of per capita opioid quantities are shown in Figure 2.3.%
The estimated effect size for each quarter, equal to the difference between the amount for
the synthetic control and the actual observed amount for Louisiana, is depicted in Figure
2.3. Panel (a) of this figure shows that the “synthetic Louisiana,” generated from a weighted
average of donor states, closely tracks with the true Louisiana opioid distribution data prior

to 2008, after which time the observed Louisiana totals are considerably lower than the

6Synthetic control calculations were performed with Stata, using the synth_runner package created by
Quistorff and Galiani (2017).

35



synthetic ones. Panel (b) shows the estimated effect of the policy for each quarter. The
dotted line in panel (b) represents the effect size implied by the DD estimate shown in

column 4 of Table 2.1.

Figure 2.3: Synthetic control: Opioids
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An identifying assumption of the DD estimation approach is that the difference in the
outcome variable between the treated and untreated states would have remained unchanged
in the post-treatment period had the treatment not occurred. To examine the validity of
this parallel trend assumption, we plot time series graphs of quarterly per-capita morphine
equivalent totals of legally distributed opioids, for Louisiana and for all other US states plus
DC (excepting Florida, for reasons which are discussed above). These respective lines, also
shown in panel (a) of Figure 2.3, appear to support the parallel trends assumption. Although
opioid distribution levels were higher in Louisiana than in the rest of the US, the two trends
are very similar in the pretreatment period. The same is true of distribution quantities of
the non-opioid drug amphetamine, as shown in Figure 2.4.

The ARCOS data exhibit a sharp upward spike in the final quarter of 2007 for a number
of drug types and across many states. This spike appears to be an artifact of the way the

data were gathered by the DEA in that particular quarter. To ensure that our results are not
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driven by this anomalous quarter, we repeat our DD and DDD analysis of opioid quantities
while omitting data for the final quarter of 2007. The results are shown in Appendix B;

there is no qualitative change to our findings from this robustness check.

Figure 2.4: Amphetamine distribution quantities
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Statistical analysis of the synthetic control results for Louisiana is performed through
placebo trials in which we counterfactually assign treatment to each untreated state and
re-estimate the synthetic control model as though that state were treated, much like the
permutation tests we apply in the DD framework above. For each post-treatment year,
we compare the estimated effect size for Louisiana with the distribution of counterfactual
estimated effect sizes for the control states. Each state is assigned a pseudo t-statistic equal
to that state’s effect size estimate scaled by the quality of the state’s pretreatment match to
Louisiana. The associated p-value for each Louisiana estimate is thus the proportion of all
states’ pseudo t-statistics which are at least as large as Louisiana’s. For opioid quantities,
the estimated effect for each post-treatment quarter has a p-value less than or equal to 0.05.

Next we perform the DD approach described in Equation 2.2, in which we compare the
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difference between opioid quantities and amphetamine quantities within Louisiana only,
before versus after the 2008 introduction of the UDT policy. The results, shown in Table
2.2, imply a drop of approximately 15 percent in opioid distribution quantities in Louisiana
following the introduction of its UDT requirement. Permutation testing, illustrated in Fig-
ure 2.5, shows that the t-statistic associated with Louisiana’s post-2008 drop in opioid

quantities relative to amphetamine is larger than that of any other state.

Table 2.2: DD results: Louisiana opioid vs. amphetamine quantities

@
Postx Opioid -0.166%**
(0.023)
Louisiana pre-treatment mean 0.313

Notes: Outcome is log of grams of drug type distributed per capita (opioids measured in morphine equivalent
grams). Outcome data represent quarterly state aggregate drug quantities measured in ARCOS from 2006 to
2010. The sample includes all US states except Florida, plus DC. Significance levels of 0.10, 0.05, and 0.01
are denoted by *, **, and ***, respectively.

Figure 2.5: Permutation tests: Opioid versus amphetamine quantities, Louisiana
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Finally, we estimate the DDD model described in Equation 2.3 using variation in state,
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policy timing, and type of drug. Here we compare the difference between opioid quanti-
ties and amphetamine quantities, in Louisiana versus untreated states, before and after the
2008 introduction of Louisiana’s UDT policy. If there are post-2008 changes in the market
for heavily-regulated drugs overall that are unique to Louisiana, then this DDD approach
should account for such a circumstance (since amphetamine, like most of the opioids we
consider, is a heavily-regulated Schedule II drug), and our DDD estimates should represent
changes that are specific to opioids. Results from estimating the DDD model are shown
in Table 2.3. The point estimate of -0.205 implies a drop of approximately 19 percent in

Louisiana opioid quantities following introduction of the UDT policy.

Table 2.3: DDD results

@

PostxOpioidxTreat  -0.205%**
(0.019)

Notes: Outcome is log of grams of drug type distributed per capita (opioids measured in morphine equivalent
grams). Outcome data represent quarterly state aggregate drug quantities measured in ARCOS from 2006
to 2010. Standard errors clustered by state are presented in parentheses. The sample includes all US states
except Florida, plus DC. Significance levels of 0.10, 0.05, and 0.01 are denoted by *, **, and ***, respectively.

Louisiana’s pain clinics are located entirely within a small number of urban areas. To
examine whether the effects of the pain clinic policy exhibited spillovers into rural areas
of the state that are farther from pain clinics, we plot time series of Louisiana opioid totals
separately for the state’s three ZIP3’s that are centered on urban areas—specifically, the
cities of New Orleans, Baton Rouge, and Shreveport—and the rest of the state. This graph,
shown in Figure 2.6, suggests that spillovers to rural areas did occur, as opioid distribution
to rural areas dropped at least as much as distribution to urban areas after the policy began.
This pattern would be consistent with rural residents traveling to urban pain clinics but fill-
ing prescriptions at pharmacies nearer to their homes. The pattern would also be consistent

with diffusion of standardized practices among physicians, as those not bound by the UDT
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requirement mimic the use of UDT among pain clinic practitioners.’

Figure 2.6: Opioid distribution patterns by urbanicity, Louisiana
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2.4.2 Opioid deaths

We next consider a measure that captures the tremendous human cost of the opioid
epidemic: deaths related to opioid use. To examine the validity of the parallel trend as-
sumption, we plot time series graphs of annual deaths from prescription opioids, both in
counts and in rate per 100,000 people, for Louisiana and for all other US states plus DC,
excepting Florida. These graphs, shown in Figure 2.7, appear to support the parallel trends
assumption, as the pattern of opioid deaths in Louisiana prior to 2008 is not dissimilar to

that in the rest of the country.

"Coleman et al. (1957) find that physicians may be influenced by what peers practice in uncertain situ-
ations, which in the context of Louisiana’s policy could lead physicians not bound by random drug testing
requirements to adopt the practice as well.
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Figure 2.7: Deaths from prescription opioids
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Results from estimating the DD model described in Equation 2.1 for mortality rates
are shown in Table 2.4. The outcome considered is log of the death rate associated with a
particular cause per 100,000 population.® Each of the first two rows shows regressions for
a different drug type indicated in the death record: prescription opioids, all opioids (both
prescription and illicit combined), and all illicit drugs. The outcome measured in the final
row is the overall death rate from all causes. Each column represents a different set of

regression controls.

8Ruhm (2017) presents statistical evidence that death records systematically undercount the number of
deaths associated with specific drugs, including opioids. The mean death rates we present here for each drug
type thus understate the true death rates. We perform regressions for logged mortality rates. The resulting
estimates of proportional changes in mortality rate will be unbiased by underreporting of drug deaths, so long
as the policies in question do not differentially alter states’ reporting practices.
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Table 2.4: DD results: Mortality rates

@ @) (€)) “

Rx opioids
Postx Treat -0.387#*%  -0.614%*%*  -0.426%**  -0.600%**
(0.173) (0.075) (0.139) (0.074)
Louisiana pre-treatment mean 2.456
All opioids
Postx Treat -0.192  -0.443%**  .0.233%*  -(0.422%**
(0.127) (0.078) (0.092) (0.081)
Louisiana pre-treatment mean 2.552
licit drugs
Postx Treat 0.068 -0.096 0.012 -0.087
(0.048) (0.092) (0.063) (0.084)
Louisiana pre-treatment mean 2.044
All causes
Postx Treat 0.000 -0.009* -0.006 -0.009%**
(0.009) (0.005) (0.008) (0.004)
Louisiana pre-treatment mean ~ 932.948

Demographic controls No Yes No Yes
State policy controls No No Yes Yes

Notes: Data used is CDC Wonder annual state aggregates from 1999 to 2015. Standard errors clustered by
state are presented in parentheses. The sample includes all US states except Florida, plus DC. Significance
levels of 0.10, 0.05, and 0.01 are denoted by *, **, and ***, respectively.

The regressions from column 4 of Table 2.4, which include a full vector of demographic
and policy controls, imply that Louisiana’s UDT requirement led to reductions of approxi-
mately 45 and 34 percent in deaths from prescription opioids and all opioids, respectively.
Permutation tests support the statistical significance of the estimated change in prescription
opioid deaths.

We find no statistically significant evidence of a change to deaths from illicit drugs.
An opioid-addicted individual may view both heroin and illicitly manufactured fentanyl
as possible substitutes for prescription opioids. Policies that erect barriers to the legal
acquisition of opioids by addicts can thus have the unintended consequence of increasing
illicit drug use while decreasing legal drug use. We find no evidence that Louisiana’s pain
clinic policy caused such an increase in abuse of illicit drugs.

Case and Deaton (2015) demonstrate that the opioid epidemic has had such severe
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effects on mortality that overall mortality rates have actually worsened among certain US
demographic groups in the early 21st century. With this pattern in mind, we estimate the
effect of Louisiana’s UDT law on the all-cause mortality rate. When controlling for a
full vector of demographic and policy controls, we find that this effect was approximately
a one percent reduction in mortality. This suggests that the pain clinic regulation had a
measurable impact on the overall health of Louisiana residents. However, permutation
testing does not indicate that Louisiana’s reduction in all-cause mortality after 2007 is
unique among the set of states. Closer examination of patterns in the all-cause mortality
rate is warranted to determine whether estimated effect sizes are biased due to migration

patterns or other omitted variables; we leave this question for future work.
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Figure 2.8: Permutation tests: Mortality rates

(a) Rx opioids (b) All opioids

20
20

a
10

0 GEDEIOMD DO OO D
o O 0 JSENNBE-TEE O
OO GO O O
t-stat
1]
! 1 ! !

- O @ CDQROTOD O @ G O O
FC I ODOEED G O
OO0 TR D G
O OO DEECD

t-stat
10

=10

-10

0
L L L
— o SO O RODGEDOIIN0D ERIRIINGS Q0D O O

-20

T T T T T T
2 3 4 1 2 3 4

maodel maodel
|0 Placebos ¢ Louisiana |0 Placebos = Louisiana
(c) Illicit drugs (d) All causes

20

20

=)
@

10

t-stat

1]
< DT AT 0 [+ < TR )
Leliel cre oo s clbete]
o O A0 GO
& GO0 ODPERGED DT

t-stat

20

<

10
.40

@
L]

20
G0

3
model maodel

< Placebos ¢ Louisiana <« Placebos x Louisiana

We next perform synthetic control estimation of the effect of Louisiana’s UDT policy
on opioid deaths. We discard from the set of donor controls the five states which introduced
either a must-access PDMP or legal access to medical marijuana during our sample period,
just as we do for our synthetic control analysis of drug quantities.

Synthetic control results for log of opioid death rates are shown in Figures 2.9 and
2.10. For death rates from both prescription opioids and all opioids, the pre-treatment fit
for synthetic Louisiana to actual Louisiana is very good. Post-treatment, there is a sharp
and persistent drop in Louisiana’s opioid death rate, while the constructed synthetic control

shows no such drop and instead holds steady near to pre-treatment levels. The difference in
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log death rate between Louisiana and the synthetic control in each year is shown in Figures
2.9b and 2.10b. In each individual post-treatment period for both prescription opioids and
all opioids, the Louisiana estimate has a placebo test p-value below five percent. The
synthetic control results support the findings of the DD model that Louisiana’s 2008 pain

clinic policy led to a large and statistically significant decrease in opioid overdose deaths.
Figure 2.9: Synthetic control: Prescription opioid deaths

(a) Lousisiana vs. control (b) Effect size estimates
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Figure 2.10: Synthetic control: All opioid deaths
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Finally, we repeat the DD analysis to examine changes in the percentage of deaths due

to each drug-related cause. The outcome in each case is simply the annual number of deaths

due to the specified cause divided by the total annual number of deaths from all causes,

multiplied by 100. Results are displayed in Table 2.5. Results in column 4, which include

demographic and policy controls, indicate drops of approximately 0.4 percentage points in

the proportion of deaths due to each prescription opioids and all opioids. Permutation tests

strongly support the significance of the change for prescription opioid deaths regardless of

the set of regression controls used, but this is not the case for deaths from all opioids. We

find no evidence of a significant change in the percentage of deaths that are related to illicit

drugs.

Table 2.5: DD results: Percentage of all deaths

&) &) 3) (C)
Rx opioids
PostxTreat -0.263*%  -0.438%**  -0.265%*  -0.396%**
(0.138) (0.100) (0.101) (0.088)
Louisiana pre-treatment mean 0.263
All opioids
Postx Treat -0.279%*  -0.439%**  _(.275%%*  -(.38]***
0.137) (0.107) (0.085) (0.092)
Louisiana pre-treatment mean 0.273
Mlicit drugs
Postx Treat 0.078%** -0.054 -0.082 -0.032
(0.025) (0.038) (0.050) (0.033)
Louisiana pre-treatment mean 0.219
Demographic controls No Yes No Yes
State policy controls No No Yes Yes

Notes: Data used is CDC Wonder annual state aggregates from 1999 to 2015. Standard errors clustered by
state are presented in parentheses. The sample includes all US states except Florida, plus DC. Significance

levels of 0.10, 0.05, and 0.01 are denoted by *, **, and ***, respectively.
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Figure 2.11: Permutation tests: Percentage of all deaths
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2.5 Discussion and Conclusion

Public awareness of the US opioid epidemic has improved dramatically since 2010,
when the first federal efforts were undertaken to crack down on practitioners who were
over-prescribing the pain drugs. Even as government task forces and celebrity overdose
deaths have generated extensive media reporting of the addiction problem, there remains a
dearth of evidence-based policy options available for reducing rates of prescription opioid
abuse and misuse. Examining the effects of a 2008 Louisiana law which required pain

clinics to carefully monitor patients’ behavior through urine drug testing and consultation
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of a prescription database, we find evidence that it led to large reductions in the distribution
of prescription opioids and the rate of overdose deaths. Based on clinical evidence, the US
Centers for Disease Control and Prevention have recommended that prescribers use drug
testing as a standard part of their practices in treating chronic pain (CDC, 2016a). Our
findings suggest that laws mandating the use of such practices have the potential to greatly
reduce rates of opioid overdose in states where no such law is in place. Further work is
warranted to examine drug testing patterns that result from UDT requirements.® Urine
testing rates in multiple states have increased in recent years as medical professionals have
recognized the profitability of the tests, a development which has earned media scrutiny
(Schulte, 2018; Schulte and Lucas, 2017).

Because substitutes for legal opioids exist in the forms of heroin and illicitly manufac-
tured fentanyl, there is a reasonable concern that any given policy effort to reduce access to
legal opioids may increase rates of abuse of legal drugs. Alpert et al. (2018) find just such
an effect following the 2010 abuse-deterrent reformulation of the popular opioid product
OxyContin, and Mallatt (2017) finds that PDMP’s have the unintended consequence of in-
creasing heroin crime rates. Further examination of Louisiana’s UDT policy is warranted
to determine whether it induces this type of substitution behavior, particularly with regard
to crime rates. Our analysis of mortality rates shows no evidence that this Louisiana law
regulating legal drugs increased the rate of deaths from illicit drugs.

PDMP’s are the most prominent policies aimed at curtailing abuse of prescription drugs;
they have been rolled out in nearly every US state as of 2018. Buchmueller and Carey
(2018) find that legally requiring practitioners to access a PDMP leads to a 2.4 percent
decline in the share of Medicare Part D enrollees who take opioids, but they find no sta-

tistical evidence of an associated drop in overdose rates. Patrick et al. (2016) find that

°In Appendix Figure B.3, we present preliminary evidence using aggregate measures of drug test claims
among Medicare Part B enrollees. These data show a large increase in Louisiana UDT claims that begins
several years after the introduction of Louisiana’s UDT law. This Medicare claims data set extends back only
to 2005, which limits our ability to examine whether the parallel trends assumption holds. As a large majority
of Medicare recipients are over age 65, they are not likely representative of the US population overall.
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PDMP monitoring of four or more drug schedules is associated with 0.55 fewer opioid
overdose deaths per 100,000 residents and that updating PDMP data at least weekly is as-
sociated with a reduction of 0.82. Our results indicate that Louisiana’s unique pain clinic
law, which included a strong drug testing mandate as well as a PDMP access requirement,
led to a drop in prescription opioid mortality of nearly half, much larger than the effects of
PDMP-only policies found in other studies, underscoring the untapped potential of strong

UDT requirements to battle the opioid epidemic.
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Chapter 3

What About the Children? How Opioid Use Relates to Child Well-Being

with Lindsey R. Bullinger

3.1 Introduction

Prescription opioid pain relievers are effective therapies, and use of prescription opioid
medications has increased greatly in the U.S. over the past decade. These drugs are highly
addictive, however, which can lead to dependence and abuse. Indeed, deaths due to drug
overdose have more than doubled between 2000 and 2014 (Rudd et al., 2016), exceed-
ing deaths from motor vehicle accidents and firearms since 2009 (Paulozzi, 2012), driven
largely by overdose deaths from prescription opioid pain relievers (CDC, 2016b).

Although the literature on opioid users is growing, whether and how children are af-
fected by the increases in opioid drug use and misuse is not well understood. Direct
exposure to opioids among children has been documented through increases in the past
decade in the incidence of neonatal abstinence syndrome (Brown et al., 2016; Patrick et al.,
2012) and child hospitalizations due to opioid poisoning (Gaither et al., 2016). But chil-
dren may experience indirect effects of opioid abuse without ingesting the drugs. Bullinger
and Wing (2017) find opioid dependency has increased among adults living with children.
Specifically, 40 percent of new opioid-dependent adults live in households with children.
Although there is no existing evidence on the indirect effects of opioid abuse on children,
other types of substance abuse might serve as a model. For example, crackdowns on the
production of illicit methamphetamine led to reductions in the number of foster care cases
and in rates of child neglect and abuse (Cunningham and Finlay, 2013). Together, these
findings imply that the drastic increase in rates of opioid misuse and abuse since 2000

might also have an impact on child welfare.
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Clearly, increases in rates of opioid overdose have the capacity to negatively affect
children if caregivers are among those abusing the drugs. However, it is unclear what rela-
tionship we should expect a priori between child well-being and distribution rates of legal
opioids for medical use. The addictive nature of these drugs may lead to substandard par-
enting or even the death of a caregiver. On the other hand, recent research has uncovered
evidence suggesting that decreases in opioid prescribing (Ray et al., 2017) and an interven-
tion to prevent the abuse of the prescription opioid OxyContin (Alpert et al., 2018) have
had the unintended consequence of increasing rates of abuse of illegal drugs like heroin
and illicitly manufactured fentanyl. Furthermore, the opioid epidemic has affected a dif-
ferent demographic than have other addiction epidemics (Ho, 2017; Hollingsworth et al.,
2017; Martins et al., 2017), and so opioid abuse patterns may have different implications
for children than do other types of substance abuse.

To comprehensively study the relationship between opioid use and child well-being,
we use data from several sources including child maltreatment reports, records of foster
care entrance, retail opioid distribution data, opioid-related emergency department visits,
and records of drug-induced mortality. Our analysis (at both the state and county lev-
els) controls for time-varying characteristics such as macroeconomic conditions, access to
medical care, sociodemographic composition, social safety net program participation, time-
invariant differences across states or counties, temporal changes that occur nationwide, and
underlying secular trends specific to each state or county.

Results suggest that the way we measure opioid patterns matters. Measures that reflect
the human costs of the opioid epidemic—opioid-related emergency department visits and
drug-induced mortality—are associated with higher rates of foster care entrance, demon-
strating how the opioid epidemic has had an indirect and devastating effect on children. In
contrast, a higher rate of legal opioid distribution is associated with a lower rate of reported
child maltreatment and foster care entrance. This relationship is especially pronounced

among maltreatment reports attributed to physical abuse of all children ages 0-17 and those
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attributed to caretaker absence/inability among all ages. These results suggest that while
the consequences of opioid abuse negatively affect children, there is also reason to suspect
that decreases in access to legal opioids have led caregivers to instead abuse illegal drugs,

to the detriment of child well-being.

3.2 Data

We combine data from a variety of sources to construct state and county-level panel
datasets. Not all data are available at the same geographic level for the same time period,

so we merge each measure of child well-being with each measure of opioid use separately.

3.2.1 Measures of Child Well-being

Child maltreatment reports come from the California Child Welfare Indicators Project
(CCWIP). These data include the number of child maltreatment allegations in each county
and year from 2002-2015, by maltreatment type, and by age of the alleged victim. Children
may receive more than one report, and each report can contain multiple allegations of
child maltreatment. Therefore, there may be duplicate child counts. We construct a total
report rate, which is the total number of reports made to the California Department of
Social Services (CDSS) in a particular county-year scaled by the number of children in
the county. We also create maltreatment-specific rates for severe neglect, general neglect,
physical abuse, at-risk of maltreatment (sibling abused), and caretaker absence or inability.

The Administration for Children and Families (ACF) administers the Adoption and
Foster Care Analysis and Reporting System (AFCARS), which provides case-level data on
every child in the foster care system. Since we are concerned with how changes in opioid
use affects the flow of children into the foster care system and the demand on the system,
from 2003-2015, we restrict the sample to children entering the foster care system, rather
than the total number of children in the foster care system during the time period. Children

can experience multiple episodes of removal. We allow for multiple episodes treating each

52



case separately. We construct a foster-care entrance rate for each state, where the numerator
is the total number of entrances in a state during a particular quarter and the denominator is
the number of children in the state. We also create rates for each of the following specific

reasons for removal: parental substance abuse, neglect, and parental death.

3.2.2 Measures of Opioid Use

To track changes in the quantity of legal opioids purchased, we use data gathered be-
tween 2002 and 2015 by the US Drug Enforcement Administration’s Automation of Re-
ports and Consolidated Orders System (ARCOS). The ARCOS database tracks the quar-
terly quantity of certain drugs distributed to retailers—including pharmacies as well as
hospitals and practitioners—in each ZIP3 (a cluster of ZIP codes that share the same three-
digit prefix). In particular, we consider the quantities distributed for each of seven of the
most commonly prescribed opioid analgesics: codeine, fentanyl, hydrocodone, hydromor-
phone, meperidine, morphine, and oxycodone. For the purposes of our analysis we ex-
clude methadone and buprenorphine, two types of opioids that are used in the treatment
of substance use disorders, as they are inconsistently tracked by ARCOS over our sam-
ple period. Since different opioid types have differing levels of per-milligram potency, we
convert the distributed quantity of each drug in grams into a morphine-equivalent quantity,
using multipliers that have been established in the medical literature (Gammaitoni et al.,
2003; Paulozzi et al., 2011), and sum across all opioid types to generate an aggregate quan-
tity. We also use a population-weighted crosswalk to convert ARCOS ZIP3 drug quantities
into county-level totals to facilitate our analysis of child maltreatment data gathered at the
county level. Finally, we scale drug quantities by population estimates from the National
Center for Health Statistics to obtain a rate.

Though the ARCOS data quantify the supply of legal opioids in circulation, they do
not necessarily provide an appropriate measure of the scope of the opioid epidemic’s pub-

lic health threat. One way in which we capture opioid misuse and abuse is by measur-
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ing the rate of opioid-related emergency department visits per capita, which come from
the Agency for Healthcare Research and Quality (AHRQ) Healthcare Cost and Utilization
Project (HCUP) State Emergency Department Databases (SEDD), available through HCUP
FastStats. These data are derived from uniform medical billings at the ED visit level, but
are limited to visits that did not result in an inpatient stay for patients treated in community
hospital-owned EDs. We count each visit separately, and may include the same person mul-
tiple times if the individual visits the ED multiple times per year. Since we are interested in
the parent and caretaker population, we limit to visits among individuals aged 25-44. Not
all states are included in the data; 32 states are included, and among those states, each state
is in the data for various years. We opt for increased data rather than a balanced panel,
leaving us with 1,109 state-quarter observations. Table C.2 indicates the years in which
each state was included.

Data on drug mortality come from National Center for Health Statistics Vital Statis-
tics Multiple Cause-of-Death files, which represent information gathered from death cer-
tificates. Because of underreporting of deaths that are specifically related to opioids (see
Ruhm, 2017), and in light of evidence that opioid addiction has led to increased use of illicit
drugs such as heroin (Alpert et al., 2018), we consider totals of all drug-related deaths. We
consider age-adjusted rates of deaths in the state-level analyses, and crude drug-induced
death rates in the county-level analyses. Sensitivity checks suggest this difference is incon-

sequential.

3.2.3 Control Variables

Other variables in our analyses include several characteristics that change over time and
may have an independent relationship with both opioid use and child well-being. We con-
trol for a variety of socioeconomic and demographic characteristics which could confound
our estimates. These variables include unemployment rate, poverty rate, percent of popu-

lation receiving Supplemental Nutrition Assistance Program (SNAP) nutritional benefits,
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median income, percent of the population that is under age 18, and percent White, Black,
Asian, and Hispanic (all measured annually). The supply of legal opioids in a particular
locale could fluctuate for a number of reasons, including changes in the degree of access to
medical care generally. To distinguish between changes in the prevalence of pharmaceutical
opioids and changes in access to medical care generally, we control for yearly observations
of the number of patient care physicians per capita in each state and the number of commu-
nity mental health centers per capita. These data come from the Area Health Resource File,
with the exception of patient care physician data which come from the American Medical

Association.

3.3 Estimation Approach

We perform regression analyses to estimate the relationship between measures of opioid
use or misuse/abuse and rates of adverse experiences among children. Estimated regres-

sions take the form

Cit:aOit+int+’}/i+Tt+5’}/iXTREND+8i[- (31)

Here C;; represents the rate of reports of a particular type of child adverse event in
geographic area (state or county) i and time period 7. Oj is a selected measure of opioid
use (rate of morphine-equivalent grams of legally distributed opioids; rate of opioid-related
ED visits; drug-induced death rate). X, is a vector of time-varying socioeconomic and
demographic controls, which are described individually above. 7 and 7; are territory and
time period fixed effects, respectively, which control for unobserved heterogeneity in child
welfare conditions across geographical areas and between time periods. We also include
quadratic territory-specific trends, % x TREND. Results are not sensitive to the omission of
territory-specific trends nor to the application of linear or cubic trends rather than quadratic.

€;; 1s a random error term.
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For both the rate of reported child maltreatment and foster care entrance, we estimate
results for the full sample of children under age 18. We also examine potential hetero-
geneity in the relationship between opioid use and child well-being across age groups by
performing subsample analyses for children in each of four age bins (0-1; 2-5; 6-12; and
13-17), where the denominator for each of these measures is the number of children in
each corresponding age group. We further consider heterogeneity across specific types of
maltreatment and specific reasons for foster care entry. In each regression, standard errors
are clustered at the territory level, and analytic weights are assigned to each state or county

based on population.

3.4 Results

3.4.1 Supply of Legal Opioids

We begin by identifying the relationship between the supply of legal pharmaceutical
opioids and child well-being in Table 3.1. Panel A represents all foster care entrances,
regardless of the reason for removal. Results suggest that states with greater quantities
of legal opioids in distribution have lower rates of foster care entrance. Specifically, one
additional morphine-equivalent gram per capita distributed is associated with 23.5 fewer
entrances per 100,000 children, though this relationship is marginally statistically signif-
icant. Relative to the mean during this time period of about 109 entrances per 100,000
children, this change represents about 20 percent. The negative relationship appears to per-
sist for foster care entrances due to parental drug abuse, neglect, and death of a parent. The
relationship is larger among older children, between ages 13 and 17.

The negative relationship between the quantity of legal opioids and adverse events
among children is even stronger when examining rates of child maltreatment, an outcome
that does not necessarily lead to removal from the home (Table 3.2). When looking at

county-level rates of child maltreatment in California, an additional morphine-equivalent
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gram per capita in supply is associated with 195 fewer reports of maltreatment per 100,000
children (roughly 37 percent). This relationship is driven largely by changes in rates of
reports of physical abuse and of caretaker absence or inability to care for a child, and
the relationship is consistent across all age groups. Together, results from Tables 3.1 and
3.2 suggest that reductions in access to legal opioids have had negative consequences for
children which have more than offset any benefits achieved by reducing exposure to the
dangers of these prescription drugs. Taken at face value, this set of findings seems to indi-
cate a beneficial effect of access to opioids for child well-being. In the discussion section
below, we consider our findings in the context of related research and explain why this face

value interpretation is likely misleading.

3.4.2 Opioid-Related Emergency Department Visits

Relative to drug distribution rates, opioid-related emergency department visits better
capture the addictive nature of opioids and some of the primary concerns of increased opi-
oid use. Table 3.3 provides suggestive evidence that an increase in opioid-related visits to
emergency departments is associated with greater foster care entry, though these estimates
are mostly statistically indistinguishable from zero. The exception is foster care entrance
due to neglect, which may be indicative of non-specific coding by case workers in cases re-
lated to drug abuse. Specifically, one more opioid-related ED visits per 100,000 individuals
is associated with about 3 more children out of 100,000 entering the foster care system due
to neglect, which is about 5 percent more. We do not have ED visit data at the county-level,
so we cannot empirically test the relationship between opioid-related ED visits and child

maltreatment at the county-level in California.

3.4.3 Drug-Induced Mortality

The most extreme consequence of opioid use is death from overdose. Tables 3.4 and

3.5 indicate that increases in the rate of negative outcomes for opioid users has troubling
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effects on children as well. Areas with higher rates of drug-induced mortality have higher
rates of foster care entrance, especially among young children between ages 0 and 12. In
particular, one additional death as a result of drug use is associated with an additional 24 out
of 100,000 children entering the foster care system, reflecting increases of about 6 percent.
Though evidence of the relationship between drug-induced mortality and child maltreat-
ment is inconclusive, coefficient estimates suggest a positive relationship (Table 3.5). Our
child maltreatment analysis is limited to the 32 most populous counties in California, due
to data access limitations on drug mortality. Since rural counties have experienced larger
increases in drug poisoning mortality than urban counties (Paulozzi and Xi, 2008), this
sample reduction may be biasing our results toward no consistent and significant relation-

ship.

3.5 Sensitivity Checks: PDMP Policies

Our main results suggest the way in which we measure opioid use matters. We find a
negative relationship between the supply of legal opioids and child maltreatment and foster
care entrance. This relationship is merely correlational, however, and given the positive
relationship found between opioid-related emergency department visits and drug-induced
death, may be the result of endogeneity of legal opioid distribution. For example, areas
with greater access to opioids might also have higher income and socioeconomic status, or
greater access to medical care more generally. Although we control for several observable
demographic factors, access to opioids may change over time for a number of unobserved
reasons, and there may remain omitted variables.

To more exogenously measure access to opioids, we use variation in state-level public
policies. One policy approach that states have adopted to reduce the problems of overpre-
scribing and of diversion of prescription opioids into the black market is the implementa-
tion of prescription drug monitoring programs (PDMPs). PDMPs place requirements on

practitioners and/or pharmacists to consult a central database when providing opioid pre-
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scriptions to patients. This system is designed to prevent patients with opioid addictions or
dependencies from being able to “doctor shop,” by attempting to improperly acquire phar-
maceutical opioids from multiple sources. A number of states instituted or strengthened
PDMPs during our sample period. As a sensitivity check to our analysis of drug outcomes,
we examine how states’ foster care entrance rates are associated with commencement or
strengthening of a state PDMP.

In light of evidence that more robust PDMP regulations have a beneficial impact on
opioid-related mortality in ways that less robust programs do not (Patrick et al., 2016), we
control for multiple dimensions of PDMP characteristics. ‘“Proactive” PDMPs are those in
which information is distributed to practitioners and authorities automatically rather than
only when requested. “Real time” PDMPs are those in which the state database is updated
at least weekly. A mandated PDMP may be proactive, real time, both, or neither; it is
simply mandated that the state have a program. We include a dummy variable for the
presence of each of these programs, and the coefficient estimates on these individual policy
dummies in our regressions are additive. Data on the characteristics and timing of state
PDMP policies come from the Prescription Drug Abuse Policy System.

Table 3.6 shows results of our regressions where PDMP characteristics are the opioid
use measures of interest. They show no clear relationship between the simple mandating
of a PDMP and foster care entrance rates. However, a more stringent requirement that
the PDMP be updated in real time is associated with an increase in all-cause foster care
entrance rates for children across a range of ages, with an estimated increase of about 6
cases per 100,000 children of all ages. In contrast, an increase of about 7 removals due
to parental drug abuse per 100,000 children is associated with the implementation of a
proactive PDMP system. It is unclear why a proactive PDMP would affect drug abuse-
related removals specifically while a real time requirement would not. It could be the
case that these two policies differentially affect intentional doctor shopping behavior by

patients versus appropriate opioid prescribing practices. Alternatively, this set of results
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could simply be an artifact of unobserved variation across states and over time in the degree
of specificity in coding by case workers. In any case, our PDMP findings generally echo our
analysis of opioid distribution quantities, indicating that restrictions on the ease of access

to medical opioids are associated with worsening statistics for child well-being.

3.6 Discussion

3.6.1 Substitution Away from Legal Opioids

Our analysis shows that increased distribution of legal opioids is associated with de-
creases in rates of certain adverse events among children. Given the known dangers of
drug dependence and abuse associated with prescription opioids, this result seems rather
puzzling. It would however, be consistent with a series of findings from recent studies
which have illustrated a pattern of substitution from legal opioids toward illegal drugs like
heroin or illicitly manufactured fentanyl. If it is the case that these substituted illicit drugs
are more dangerous than the quality controlled, legally manufactured products they serve
to replace, and if it is the case that children’s caregivers are among the population engaged
in such substitution, then our pattern of results is consistent with this substitution story.

One of the most popular opioid products both for legitimate analgesic use and for abuse
is the oxycodone-containing pill OxyContin. For many years, the most common means of
abusing OxyContin was to crush the pill and then chew, inject, or snort it, thereby circum-
venting the delayed-release design of the swallowed pill and instead quickly achieving the
desired high. In response to this means of abuse, the pill was reformulated in 2010 to make
it much more difficult to crush and thus much less appealing for abuse. Alpert et al. (2018)
examine the aftermath of this reformulation and find that, while it had the intended effect
of reducing misuse of OxyContin, it also had the unintended effect of increasing abuse of
heroin and possibly also fentanyl, two drugs with an even greater capacity for harm than

oxycodone, and on net there is thus no evidence that the reformulation reduced overdose
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death rates across all drugs.

Ray et al. (2017) examine data gathered between 2010 and 2015 in Marion County, In-
diana, which contains the city of Indianapolis. Using prescription drug data tracked by the
state’s PDMP, they document a decline during this period in the number of prescriptions
for opioids in general and for fentanyl in particular. They show that this decline in prescrip-
tions coincided with large increases in both heroin and fentanyl overdose deaths, as well as
increases in the rates at which law enforcement investigations detected heroin and fentanyl.
Together, these patterns strongly suggest that Marion County residents substituted toward
heroin and illicit sources of fentanyl as ease of access to prescription opioids tightened.

As our study lacks any data which documents illicit drug distribution or rates of death
from such drugs, we are unable to directly document the same types of substitution patterns
from legal to illegal drugs. However, it is clear that our set of results would be consistent
with this dangerous substitution behavior on the part of caregivers. Further research is
warranted to more closely examine the mechanisms linking access to legal opioids with

child well-being.

3.6.2 Limitations

Our analyses illustrate patterns relating opioid use measures with child welfare out-
comes, and suggest differing relationships depending on the measure of opioid use em-
ployed. Our seemingly conflicting findings may be evidence of substitution between legal
opioids and illegal substitutes, as we outline above. Our findings may also, however, be
partially explained by several noteworthy limitations of our study. Although we control for
a number of potential confounding characteristics of the states and counties considered, the
observed changes to opioid outcomes are not exogenously driven, and thus our coefficient
estimates cannot be interpreted as causal.

Our data are aggregated to the state or county level, rather than at the household- or

individual-level. Although this research design is common, such high aggregation may
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mask important variation within counties or states that play an important role in the rela-
tionship between opioid use and child well-being. Our data are also limited in other ways.
For example, our measure of opioid prescriptions consists only of legal distribution. We do
not capture opioids in distribution obtained from illegal origins. We do, however, observe
opioids in distribution that may have been sold or consumed illegally, but were originally
prescribed legally as long as the original prescription was between 2002-2015. If opioids
are subsequently sold in markets beyond the state in which they were originally prescribed,
our measure of legal opioid prescriptions would include measurement error.

Second, our data on child maltreatment are limited to counties in California. Other
states may have different patterns in both opioid use and child maltreatment than those
observed in California. In addition, our analysis on drug mortality and child maltreatment
is further limited to the 32 most populous counties in California. Removing rural counties
may be problematic since the prescribing rate for adults in rural areas is greater than that in

urban areas (Garcia et al., 2017).

3.7 Conclusion

This study contributes to understanding the true scope of opioid use and dependency,
and has implications for what the goals of public policy should be regarding this public
health problem. For example, these results imply that, from a child welfare perspective,
policies to reduce the negative effects of opioid addiction should focus less on reducing
the overall supply of opioids and more on improving the ability to predict addiction and
dependency. Our results also imply the relationship between opioid use and child well-
being is complicated, and depends on how opioid use is measured. Research on increased
opioid abuse in recent years has utilized various sources of data in an effort to quantify the
reach of the epidemic. Our research suggests it is important that researchers think carefully
about data, explore multiple forms of measurement, and understand the implications and

limitations of using certain data sources.
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The findings that increased rates of opioid-related emergency department visits and
drug overdose deaths are associated with simultaneous increases in foster care entry are
striking and concerning. As evidence mounts of the tremendous toll taken by the recent US
opioid epidemic on adults’ health and well-being, these findings suggest that children have
also suffered serious consequences. Policy responses like PDMPs and education campaigns
have endeavored to reverse the trend of increasing misuse and abuse of opioids, and public
resources have been directed toward improving access to the treatment of substance use
disorders among those directly affected. Our findings indicate that there is also a key role
for policies that limit or mitigate the harmful, indirect effects of the opioid epidemic on
children, which appear to be troublingly large.

The national average public cost for a child in foster care annually is $10,302 (Zill,
2011). In addition to the immediate effects child victims of the opioid crisis suffer, our
findings suggest increased opioid abuse may generate considerable additional costs for the
foster care system. These costs are on top of the incredible toll the opioid epidemic has
had through medical costs and loss of life (Birnbaum et al., 2011). Accordingly, policy
approaches designed to reduce the impact of the opioid epidemic on children have the
potential to generate considerable public savings, besides affecting the lives of children
who are at risk.

Our analysis of pharmaceutical drug distribution data paints a very different picture
than our analysis of drug-related hospitalizations and deaths. We show that increased dis-
tribution of legal opioids is associated with decreases in the rates of adverse events among
children. These results are seemingly suggestive of a beneficial effect of access to opi-
oid painkillers on child welfare. This pattern could be consistent with the hypothesis that
restrictions on access to these powerful pain drugs lead to worsened medical problems
for families which in turn spill over into child welfare. Kilby (2015) finds evidence that
restrictions on opioid prescribing through the implementation of state prescription drug

monitoring programs lead to increases in days of work missed due to pain. Her findings
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illustrate the unintended costs of curbing the use of prescription opioids, drugs which are
potentially deadly and very addictive, but also highly effective at treating pain. Currie et al.
(2018) find that opioids may facilitate labor market participation among women. Raissian
(2015) and Nguyen (2013) use data from New York State and California, respectively, to
show that the rate of child maltreatment reports tends to be related to employment market
conditions. If restrictions on opioid prescribing result in greater pain and interruptions to
work among parents, then this pattern may have ill effects for their children too.

In our view, however, a more likely explanation for our findings is that some care-
givers who develop dependence on prescription opioids respond to the cessation of access
to legally prescribed opioids by taking up alternative drugs like heroin or illicitly manufac-
tured opioids such as fentanyl, highly dangerous drugs not captured by the data on legally
distributed pharmaceutical opioids which we consider here. Other researchers have docu-
mented evidence of this pattern of substitution in US populations irrespective of caretaker
status (Alpert et al., 2018; Ray et al., 2017). Further research is warranted to examine these
and other hypotheses regarding the mechanisms which connect access to opioids with child

welfare in particular.
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Appendix A

Supplementary Tables for Chapter 1

Table A.1: Effects of Education on Mortality, Omitting Background Controls

With No

controls controls

Pooled coefficient -0.021* -0.019*
standard error (0.013) (0.010)

# of twin pairs 558 558

Males coefficient -0.031* -0.029*
standard error (0.020) (0.019)

# of twin pairs 204 204

Females coefficient -0.014 -0.008
standard error (0.014) (0.014)

# of twin pairs 354 680

Notes: Bootstrapped standard errors reported from 300 replications. One-sided p-values reported for esti-
mated coefficients on years of education. Asterisks represent statistical significance levels: *** 1%, ** 5%,

*10%.
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Table A.2: Estimates of (a; — o)

Pooled Males Females
genders
Mortality 17.4 11.3 29.4
Physical Health 0.7 6.8 0.7
Log earnings 6.4%

Notes: (a) Estimate for imputed earnings of male MTR respondents as calculated by Behrman et al. (1994).
Positive estimates for mortality and physical health problems imply compensating behavior. Positive estimate
for earnings implies reinforcing behavior.
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Appendix B

Supplementary Tables and Figures for Chapter 2

Table B.1: DD results: Drug quantities omitting 2007 Q4

&) (@) (€)) “
Opioids -0.196%**  -0.204***  -0.192%**  -0.200%**
(0.014) (0.026) (0.014) (0.024)
Louisiana pre-treatment mean 0.298
Amphetamine 0.016 0.015 0.019 0.011
(0.010) (0.027) (0.012) (0.026)
Louisiana pre-treatment mean 0.013
Demographic controls No Yes No Yes
State policy controls No No Yes Yes

Notes: Outcomes are log of morphine equivalent grams of opioids distributed per capita and log of grams
of amphetamine distributed per capita. Outcome data represent quarterly state aggregate drug quantities
measured in ARCOS from 2006 to 2010, omitting 2007 Q4. Standard errors clustered by state are presented
in parentheses. The sample includes all US states except Florida, plus DC. Significance levels of 0.10, 0.05,
and 0.01 are denoted by *, **, and ***, respectively.

Figure B.1: Permutation tests: Drug quantities omitting 2007 Q4
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Table B.2: DD results: Louisiana opioid vs. amphetamine quantities omitting 2007 Q4

&)
Postx Opioid -0.166%**
(0.024)
Louisiana pre-treatment mean 0.298

Notes: Outcome is log of grams of drug type distributed per capita (opioids measured in morphine equivalent
grams). Outcome data represent quarterly state aggregate drug quantities measured in ARCOS from 2006 to
2010, omitting 2007 Q4. The sample includes all US states except Florida, plus DC. Significance levels of
0.10, 0.05, and 0.01 are denoted by *, ** and ***, respectively.

Figure B.2: Permutation tests: Louisiana opioid versus amphetamine quantities omitting
2007 Q4
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Table B.3: DDD results omitting 2007 Q4

@

PostxOpioid x Treat  -0.212%*%*
(0.020)

Notes: Outcome is log of grams of drug type distributed per capita (opioids measured in morphine equivalent
grams). Outcome data represent quarterly state aggregate drug quantities measured in ARCOS from 2006 to
2010, omitting 2007 Q4. Standard errors clustered by state are presented in parentheses. The sample includes

all US states except Florida, plus DC. Significance levels of 0.10, 0.05, and 0.01 are denoted by *, **, and
*#k* respectively.
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Figure B.3: Synthetic control: Medicare drug test claims

(a) Tests: Lousisiana vs. control (b) Tests: Effect size estimates
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(c) Test charges: Lousisiana vs. control (d) Test charges: Effect size estimates
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Notes: Figures are per Medicare enrollee and represent procedures that were approved as eligible for re-
imbursement under Medicare Part B. Annual data constructed from CMS (2017) represent aggregates for
each of the 39 states other than Florida for which complete Medicare carrier summaries are available for
2005-2016.
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Appendix C

Supplementary Tables and Figures for Chapter 3

To examine possible heterogeneity in the relationship between drug distribution and
foster care entry, we produce a set of scatterplots of states or counties, with percent increase
in the considered opioid measure over the sample period plotted on the horizontal axis and
percent increase in total child welfare measure (all causes and all ages) on the vertical axis.
Shown in Figures C.1 through C.5, these graphs do not appear to show clear evidence that
the relationships between rates of adverse child welfare outcomes and opioid distribution
or abuse are significantly different for low- versus high-opioid increase states (or counties).

To examine this difference statistically, we divide the estimation sample for each re-
gression from Tables 3.1 to 3.5 into halves based on the median increase in the opioid
measure considered. We then re-run each regression while allowing a, the coefficient on
the opioid measure, to differ between high- versus low-opioid increase states (or counties).
Table C.1 shows the estimates of this difference in coefficients for each regression. The
statistically significant result in column 2 indicates that the negative relationship between
opioid distribution and child maltreatment reports is stronger in those California counties
which experienced the greatest percentage increases in opioid quantities. The borderline
statistically significant result in column 3 indicates that the observed relationship between
opioid-related ED visit rates and foster care entry is stronger in those states which experi-

enced the greatest percentage increases in ED visits.
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Figure C.1: State changes in opioid distribution and foster care entry, 2003-2015
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Figure C.2: County changes in opioid distribution and child maltreatment reports, Califor-
nia 2002-2015
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Figure C.3: State changes in opioid ED visits and foster care entry, 2005-2014
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Figure C.4: State changes in drug-induced death rates and foster care entry 2003-2015
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Figure C.5: County changes in drug-induced death rates and child maltreatment reports,
2002-2015
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Table C.1: Heterogeneity in areas with high vs. low opioid increases

1 2 3 4 5
Maltreatment Maltreatment
Child outcome FC entry reports FC entry reports FC entry
Opioid measure Distribution Distribution ED visits Mortality Mortality
Level of observation | State-quarter County-year State-quarter County-year State-year
Ahigh@low 13.47 -165.75** 5.98* 29.08 2.09
(36.14) (72.52) (3.48) (23.58) (1.96)

Notes: Standard errors clustered by state or county are presented in parentheses. Significance levels of 0.10,
0.05, and 0.01 are denoted by *, **, and ***, respectively.
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Table C.2: Available ED Data

State

ARIZONA
ARKANSAS
CALIFORNIA
CONNECTICUT
FLORIDA
GEORGIA
HAWAII

ILLINOIS
INDIANA

IOWA

KANSAS
KENTUCKY
MAINE
MARYLAND
MASSACHUSETTS
MINNESOTA
MISSOURI
MONTANA
NEBRASKA
NEVADA

NEW HAMPSHIRE
NEW MEXICO
NEW YORK
NORTH CAROLINA
OHIO

RHODE ISLAND
SOUTH CAROLINA
SOUTH DAKOTA
TENNESSEE
UTAH

VERMONT
WISCONSIN
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Number of Quarters

40
8
40
40
40
40
40
24
40
40
40
28
36
40
40
40
40
4
40
32
40
40
16
20
40
36
40
25
40
40
40
40

Years
2005-2014
2013-2014
2005-2014
2005-2014
2005-2014
2005-2014
2005-2014
2009-2014
2005-2014
2005-2014
2005-2014
2008-2014
2006-2014
2005-2014
2005-2014
2005-2014
2005-2014

2014
2005-2014
2007-2014
2005-2014
2005-2014
2011-2014
2010-2014
2005-2014
2006-2014
2005-2014
2007-2014
2005-2014
2005-2014
2005-2014
2005-2014



