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ABSTRACT

In the first e ssay, w e u se s tochastic d ominance t echniques t o u nderstand how 

the reporting of behavioral problems as well as ADHD prevalence has changed between 

2000 and 2004. This time period coincides with changes in national educational policy 

which we hypothesize may have influenced t he r eporting o f b ehavioral p roblems i n chil-

dren and a change in ADHD prevalence. We use stochastic dominance techniques and 

find t hat t he d istribution o f b ehavioral p roblems i n 2 004 fi rst-order st ochastically domi-

nates that of 2000. We then use decomposition techniques to study the primary drivers 

of changes in mother reported behavioral problems. We find e vidence t hat c hanges in 

the educational policy between 2000 to 2004 led mothers of elementary school children 

to alter their reporting of child hyperactivity.

In the second essay, we explore whether the introduction of school accountabil-

ity policies can account for changes in ADHD diagnosis. We exploit differences across 

states and time in the introduction of school accountability laws to estimates differ-

ences in mean ADHD diagnosis. The results from our analysis suggest that one policy, 

state-level rewards given to high-performing schools, leads to approximates a 3 percent-

age point increase in the probability of an ADHD diagnosis among children. We find 

that the children most impacted by the policy are those whose mothers’ reported zero 

behavioral problems in the pre-policy period, perhaps indicating that prior to the pol-

icy these mothers did not believe that their child had behavioral problems.

In the third and final e ssay, I  s tudy t he i mpact o f c hild ADHD o n p arental la-

bor market and relationship dissolution outcomes. As unobserved characteristics may 

simultaneously impact the likelihood of having a child diagnosed with ADHD and out-

comes of the parent, results using OLS estimation are likely biased. I mitigate issues 

of endogeneity using an instrumental variables framework where I utilize state-level 

educational policy as an instrument for child ADHD diagnosis. To be a valid instru- 
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ment, the educational policy should be correlated with child ADHD, while exogenous to 

parental outcomes. While in several specifications, I find negative effects of child ADHD 

on parental outcomes using OLS, interestingly, IV estimates all lead to a switching  of 

sign and are largely insignificant. Findings indicate that parental labor market and 

marital status outcomes are not impacted by child ADHD
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We rely on the construction of a measure called the Behavioral Problems Index

(BPI). The BPI score is comprised of answers to specific questions regarding impul-

siveness and inattentiveness, the two primary behavioral problems associated with the

ADHD. Though this measure of symptoms is not a perfect indication of diagnosis, it

serves as a sufficient proxy that allows the comparison of children across an entire dis-

tribution of behavioral problems associated with hyperactivity. Given the relative ease

of collecting data regarding childhood behavior, this score is an ideal measure of pop-

ulation hyperactivity and ADHD prevalence. The BPI score is also useful when study-

ing a sample of children for which actual ADHD diagnosis data may be unavailable.1

The BPI was first utilized by Currie and Stabile (2006), and then further studied in

the work of Fletcher and Wolfe (2008) and Currie et al. (2014). These three papers fo-

cused on human capital accumulation and educational outcomes of children, as well as

on the efficacy of ADHD drugs. Our paper is the first to actually use the BPI to con-

struct and track changes in the distributions of child hyperactivity across time. Others,

such as Bokhari and Schneider (2011), have maintained that factors such as educational

policy can influence ADHD diagnosis in children. Our paper is also the first to analyze

the effect of changes in educational policy on child hyperactivity distributions. To do

this, we follow DiNardo et al. (1996) to estimate counterfactual distributions of mother-

reported hyperactivity that take into account the changing educational landscape over

the period. Understanding the factors that affect changes in hyperactivity is important

if health policymakers are to understand the reasons for the alarming documented in-

crease in child ADHD.

Since the BPI is a continuous measure of hyperactivity spanning a range from

0 to 10, it can be used to generate hyperactivity distributions across the time period

under study. We can then compare these distributions and test for stochastic domi-

nance. A finding of first-order stochastic dominance implies that uniform changes in

the reporting of ADHD symptoms have occurred across all parts of the ADHD distri-

bution across time. Such results are quite strong as they imply that all mothers have
1The NLSY does not contain any data on whether a child has a clinical diagnosis of ADHD.
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altered the reporting of behavioral problems as opposed to simply the average mother

or arbitrarily chosen mothers along the hyperactivity support. We find evidence that

the mothers of elementary school children reported higher levels of behavioral problems

after changes in educational policy, and this result holds for mothers all along the sup-

port of hyperactivity. To better understand the forces behind these changes, we study

the effects of changing particular educational policies on the hyperactivity distributions

across time using the semiparametric approach introduced by DiNardo et al. (1996).

The remainder of this paper is as follows: in the next section we provide back-

ground information on educational policy and the mechanism through which it can af-

fect mother-reported hyperactivity. We then discuss our stochastic dominance method-

ology and other empirical work that has used this approach. In section 4 we describe

the data, and section 5 discusses the hyperactivity distributions and dominance results.

In section 6, we estimate counterfactual distributions, and finally, section 7 concludes.

1.2 Educational Policy Mechanism

The No Child Left Behind Act of 2001 (NCLB) was signed into law by President

Bush in January of 2002 and is arguably the most far-reaching education policy initia-

tive in the United States over the last four decades (Dee and Jacob, 2011). An impor-

tant feature of the policy was a dramatic expansion of the federal government’s role in

education. Specifically, NCLB required that all states impose accountability systems

that tested public school students in reading and mathematics. States were required to

issue report cards for all schools to ensure that schools met adequate yearly progress.

Schools that successfully met progress reports were often rewarded financially, while

those that lagged behind and failed faced the possibility of sanctions. It has been sug-

gested that such accountability measures may create perverse incentives among educa-

tors (Koretz, 2002) such as teachers manipulating test scores or redirecting curriculum

away from untested areas (Jacob and Levitt (2003); Amrein-Beardsley et al. (2010)).

The research literature on NCLB has focused primarily on the impacts of high-

stakes testing along several dimensions. Jacob (2005) show that such testing puts a
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great deal of stress on students and teachers who face pressures to show high test scores

for the classes they teach. Due to this exogenous pressure, teachers may have the in-

centive to mislabel misbehaving children into special needs categories

Of all the mental health conditions that may be related to school accountability

and high-stakes testing, ADHD is perhaps the most culpable. Bokhari and Schneider

(2011) use data from the National Survey of Children’s Health (NSCH) and study the

effect of school accountability provisions of rewards, assistance, and sanctions on the

aggregate consumption of ADHD drugs and the probability of ADHD diagnosis. They

find that provisions of rewards and assistance are positively associated with drug con-

sumption and diagnosis. Chen and Hampton (2018) study the same school accountabil-

ity provisions and their impacts on behavioral problems and ADHD diagnosis. Using

data from the Panel Study of Income Dynamics (PSID) and a child fixed effects model,

we find that rewards policies are positively associated with diagnosis, and the increase

is among mothers that previously offered no indication that their children had any be-

havioral problems. Morrill (2018) uses data from the NSCH to study financial incen-

tives and their effects on ADHD. Specifically, she explores whether funding incentives

to classify children into special education categories impact the likelihood of ADHD di-

agnosis. Her results indicate that children living in states offering financial incentives

are about 15 percent more likely to be diagnosed with ADHD, and 22 percent more

likely to take prescription medication.

As outlined above, ADHD is potentially positively correlated with various forms

of educational policy. We therefore hypothesize that mother-reported behavioral prob-

lems will increase in the time period following the introduction of NCLB. We antici-

pate that these increases will be most prominent among mothers that are most likely

to have a close relationship with the child’s teacher at school. It is through the mech-

anism of mother-teacher interaction that we believe the teacher may influence both

mother-reported hyperactivity and ADHD diagnosis.
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1.3 Stochastic Dominance

In this section we provide a more formal definition of stochastic dominance (SD 

hereafter), and describe how it will be used to compare levels of hyperactivity over 

time.

SD is a form of stochastic ordering that has traditionally been used in welfare 

economics to compare distributions of poverty. It has also been used in decision the-

ory as a tool to rank gambles, and in finance l iterature to rank assets in terms of their 

return given a level of riskiness. More recently, SD has been used as a tool within ap-

plied econometrics. Though much of the SD literature is concerned with econometric 

improvements in hypothesis testing, for practitioners it is simply a nonparametric tool 

to compare distributions. Maasoumi and Millimet (2005) use dominance methods along 

with data from the Environmental Protection Agency (EPA) to compare distributions 

of pollution within the United States. They show that air quality has improved over 

time, specifically from the late 1980s to the late 1 990s. Moreover, using conditional SD 

methods, they display that these improvements remain robust when conditioning on in-

come, indicating that economic growth is not the primary driver of these environmental 

quality changes. More recently, Beatty et al. (2014) take data from the United States 

Department of Agriculture (USDA) to construct the well known Healthy Eating Index 

(HEI). The HEI has been widely used as a measure of diet quality, and a predictor of 

various health related outcome variables. Applying SD methods to this index of nutri-

tion, they show that U.S. diet quality has improved over the period 1989-2008. Madden 

(2009) uses the General Health Questionnaire, a which is one of the most widely used 

measures of mental health status. Analogous to the BPI and the threshold for ADHD 

diagnosis, mental health diagnoses are also subject to a chosen level of appropriate di-

agnosis, which may be considered ad hoc. Madden (2009) use stochastic dominance as 

a tool to show that mental stress in Ireland fell over the period 1994-2000, and these 

improvements in health were across the entire population.

In this paper, we perform two versions of SD testing on various mother-reported 

hyperactivity distributions across time, and within subgroups of the population. Specif-
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ically we employ the Davidson and Duclos (2000) (D&D hereafter) version of SD test-

ing up to order s alongside the extended Kolmogorov-Smirnov (KS) type test devel-

oped by Linton et al. (2005) (LMW hereafter). By employing both versions of the SD

test, We are able to compare results and insure that any SD findings are robust. In the

following paragraphs, we provide a formal discussion of the two variants of SD testing

that we utilize.

To express SD more formally, we follow D&D in their definition of first- and

second- order dominance. Below we present these ideas within the context of hyper-

activity. To define dominance of order one, suppose we have two distributions of hy-

peractivity with cumulative distribution functions (CDFs), FA(h) and FB(h), where h

represents a level of child hyperactivity. It is important to note that these are just two

distributions that we wish to compare. They could be across space, time, or alterna-

tively, distributions across different subgroups of the sample. We say that distribution

B first-order stochastically dominates (FOSD) distribution A if,

FB(h) ≤ FA(h),

for all h and with strict inequality for some h. In other words, the CDF of distribu-

tion B lies below the CDF of distribution A, and this rank remains uniform across the

entire distribution. This implies that no matter where along the hyperactivity distri-

bution that diagnosis occurs, children in distribution B have a greater level of ADHD

symptoms than those in A. This displays the strength of our “diagnosis-free" measure

of ADHD. The fact that it does not rely on actual diagnosis frees it from any biasing

that may occur from factors such as subjectiveness of physicians, geographic norms

of diagnosis, and cultural beliefs about ADHD that may differ across regions. And of

course, it is free of a chosen threshold for diagnosis.

To formally define dominance of order two, let D1
A(h) = FA(h) and D1

B(h) =

FB(h). We say that distribution B second-order stochastically dominates (SOSD) dis-

6



tribution A if, ∫ h

0
[D1

B(y)−D1
A(y)]dy ≤ 0,

for all h and with strict inequality for some h. In other words, the two distributions

cross at a single point and the net area below the CDF of B is less than the net area

below that of A. While FOSD counts the number of children falling below some ar-

bitrary level of hyperactivity, SOSD describes the dispersion, or severity, of hyperac-

tivity levels. Within welfare economics, FOSD refers to what is called the headcount

ratio while SOSD measures inequality. Analogous to work on poverty, we call the first-

order case a measure of hyperactivity prevalence and the second-order case a measure

of hyperactivity severity. It is important to note that FOSD implies SOSD as well as

dominance of all higher order. In the subsequent sections we will utilize both the D&D

estimator and the LMW KS-type estimator to test a variety of different hyperactivity

distributions.

1.3.1 Davidson and Duclos Test for Stochastic Dominance

The above estimator is used as a baseline in empirical literature using stochastic

dominance techniques. In short, the estimator allows for the formation of pairwise com-

parisons of test points along an arbitrarily selected number of blocks along the distri-

bution. It is easy to show that under an assumption of independence one can compute

test-statistics for each pairwise comparison and test the null of no dominance. More-

over, D&D provide a proof that one can test SD of N independent drawings from some

pair of variables from the same population (i.e. before- and after- tax income, or in our

case mother-reported hyperactivity both before and after a policy change). Because

the formulation of the null hypothesis under D&D is based on a standard equality con-

straint, simulation methods are not needed in order to compute asymptotic properties

of the test-statistics. More will be discussed on this below.
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1.3.2 Linton, Massoumi, and Whang Test for Stochastic Dominance

Now we will formally define the KS-type SD test developed by LMW. LMW

define the following functionals of the joint distribution over the support q = 1...Q,

d = min sup
x∈X

[F (x)−G(x)]

s = min sup
x∈X

∫ x

−∞
[F (t)−G(t)]dt .

Using the empirical analogs of these test-statistics, one can test the null of first-order

and second-order SD, respectively. Specifically, the first-order SD test has the null,

H0 : d̂ ≤ 0 vs H1 : d̂ > 0,

where d̂ = min
{
max{d1},max{d2}

}
is the empirical analog of the first-order test-

statistic above. Note that here, d1 = F̂ (x)− Ĝ(x) and d2 = Ĝ(x)− F̂ (x).

The LMW second-order test has the null,

H0 : ŝ ≤ 0 vs H1 : ŝ > 0,

where ŝ = min
{
max{s1q},max{s2q}

}
is the empirical analog of the second-order

statistic above, while here s1q = ∑q
i=1 d1 and s2q = ∑q

i=1 d2. Formulation of the null

by using inequality constraints avoids the potential dominance ambiguity presented by

the rejection of a null of no dominance (such as is the case under the D&D estimator).

Maasoumi and Millimet (2005) provide a detailed, step-by-step overview on how the

SD test is conducted. In short, a test-statistic less than or equal to zero (to a degree

of statistical certainty) results in failure to reject the null of dominance. Moreover, a

positive sign on either d1 or d2 in the first-order test, or s1q or s2q in the second-order

test will determine the direction of stochastic ordering (either F dominates G, or vice

versa).
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1.4 Data

We use data from the National Longitudinal Survey of Youth (NLSY) Children

and Young Adults survey. The NLSY began in 1979 with a survey of approximately

6000 young men and 6000 young women between the ages of 14 and 21. In 1986, a sep-

arate survey of all children born to NLSY79 female respondents began. We use these

children for our analysis of mother-reported hyperactivity. Our data was collected bian-

nually from 1986 to 2006. We obtain our primary variable of interest, the aforemen-

tioned hyperactivity score of (Currie and Stabile (2006)), from the NLSY Behavior

Problems Index (BPI). The BPI is asked to parents of children ages 4-14. Its primary

purpose is to measure the frequency, range, and type of childhood behavior problems

exhibited within the sample. Figure 1.1 plots mother-reported hyperactivity across

time from 1986 to 2006. It is interesting to note that there is a general downward trend

in hyperactivity, however a break in the trend occurs in the year 2000. Since data is

longitudinal, and these mothers were ages 21-29 in 1986, they are steadily aging across

the panel. Mothers will have lower income and education levels earlier in the panel.

As low maternal education and income has been linked to higher risk of ADHD, this

is a potential explanation of the downward trend in the data. We hypothesize that the

break in the downward trend is related to educational policy reform stemming from

NCLB.
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Figure 1.1: Mother-Reported Hyperactivity Across Time

Our educational data comes from Quality Counts, which is published annu-

ally by Education Weekly. We collect data on three different educational laws as mea-

sures of school accountability: (1) Rewards: the state offers monetary rewards to high-

achieving schools, (2) Assistance: the state aids struggling schools with expert consult-

ing, and (3) Sanctions: the state punishes under-performing schools through closure,

takeover, or reconstitution. We exclude report cards and ratings because by 2004, re-

port cards and ratings were ubiquitous.2

We separate the sample into two age groups for elementary school children (aged

5 to 10) and middle school children (ages 11 to 14). It is possible that school account-

ability policy may have heterogeneous effects on the two age groups of children. Ta-

ble 1.1 displays summary statistics of the hyperactivity index, our variable of interest,

by age group. We report means of the years 2000 and 2004, as these are both years of
2Bokhari and Schneider (2011) have a detailed discussion of the rollout of various school account-

ability laws.
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heavy movement in educational policy, and the period that we observe a break in the

downward trend in the data.

From Table 1.1, mothers of elementary school children report higher levels of hy-

peractivity from 2000 to 2004, while those of middle school children do not. Hence, the

break in the downward hyperactivity trend seems to be concentrated among younger

children. We focus much of our analysis to come on children ages 5-10. From Table 1.1,

We parse observable characteristics by demographics, household structure and income,

and geography. For elementary school children, there are no substantial differences in

observables from 2000 to 2004. We believe that the break in the downward trend of

hyperactivity in these years is not only statistically significant and uniform across the

entire hyperactivity distribution, but also is related to educational policy reform.
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Table 1.1: Observable Characteristics of Sample: 2000 and 2004, Elementary and Middle School Children

Elementary (Age 5-10) Middle (Age 11-14)
2000 2004 2000 2004

A. Demographic
Male 0.5003997 0.5152395 0.5215947 0.491139
Female 0.4996003 0.4847605 0.4784053 0.508861
Black 0.2158273 0.245283 0.2865449 0.266667
Hispanic 0.1398881 0.1785196 0.166113 0.188186
White 0.6442846 0.5761974 0.5473422 0.545148
B. HH Structure and Income
Two-Parent 0.7082334 0.712627 0.5531561 0.608439
Single-Parent 0.2845723 0.2626996 0.4318937 0.361181
Below Median Income 0.3876898 0.4296081 0.4709302 0.44135
Above Median Income 0.6123102 0.5703919 0.5290698 0.55865
Received SSI 0.0415667 0.0551524 0.076412 0.072574
No SSI 0.9584333 0.9448476 0.923588 0.927426
C. Geographic Region
North East 0.1894484 0.1814224 0.1478405 0.18481
North Central 0.2917666 0.2467344 0.2666113 0.289452
South 0.3549161 0.3671988 0.4210963 0.356962
West 0.1638689 0.2046444 0.1644518 0.168776

Hyperactivity 1.581934 1.917271 1.806478 1.724895

Observations 1251 689 1204 1185
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1.5 Stochastic Dominance Results

In the previous section we showed some visual evidence that suggested that

mother-reported behavioral problems were influenced by NCLB. Simple comparisons

of the mean are weak, however, and may not properly reflect the full impact of policy

changes on the hyperactivity distribution. In this section, we show stochastic domi-

nance results that elicit uniform comparisons of not just the mother’s reporting of the

average child, but that of children all along the behavioral problems distribution.

In Figure 1.2 we show the ECDFs of mother-reported hyperactivity for the years

2000 and 2004 for the sample of children aged 5-10. The cumulative distribution of

2004 appears to lie below that of 2000 along the entirety of the support, with conver-

gence occurring near the tail of the distribution.3 From Figure 1.2, This visually looks

like first-order dominance. To test if this is statistically significant, Table 2 shows first-

and second-order SD results in testing the 2000(x) and 2004(y) distributions for ele-

mentary school children. For the D&D first order test, first-order dominance is achieved

for a majority of the support. Test-statistics greater than 1.96 in absolute value indi-

cate statistical significance at the 5 percent level. There are two points along the sup-

port, hyperactivity levels of 6 and >9, in which we cannot reject the null hypothesis

of no dominance. Along most of the support we can confidently reject the null of no

dominance in favor of the alternative of first-order dominance. From the D&D second-

order test, we confidently reject the null of no dominance in favor of the alternative of

second-order dominance. Overall, the D&D estimator indicates that we observe FOSD

of the 2004 distribution over the 2000 distribution along a majority of the support.

3Though hyperactivity is a discrete index variable, to allow the distributions to be easily compared
visually we smooth each distribution using kernel density methods.
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Figure 1.2: Cumulative Distribution Functions of Hyperactivity: 2000 vs 2004

Table 1.2 also displays results of the LMW test of stochastic dominance. Here,

d̂ < 0, indicating that we fail to reject the null hypothesis of FOSD. Moreover, since

d2,max > 0,, we can claim that the 2004 distribution dominates that of 2000 in a first-

order sense. Using the subsampling approach of LMW, we estimate a p-value of this

first-order test of 0.996. This is indication that if the test was extended to a popula-

tion, we can be asymptotically about 99% certain that we observe first-order domi-

nance. As the LMW test is better suited for testing panel data that may have time-

dependence, we are confident in the first-order results of the test. These results indi-

cate that mothers report higher levels of hyperactivity in 2004 than in 2000, and these

increases are not merely for the average mother, but are uniform in nature across the

entirety of the support. We hypothesize that these changes, at least in part, may be

driven by the movement in educational policy that occurred in the early 2000s.
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Table 1.2: Stochastic Dominance Tests: Mother-Reported Hyperactivity Distributions

2000 vs 2004, Elementary School Children
Distributions

2000 (x) 2004 (y)
Sample size 1364 830

Mean 1.655 1.887
Stand. Dev. 1.864 1.965

D&D First-Order Estimators D&D Second-Order Estimators LMW First-Order Estimators
Bin D̂x D̂y t-stat D̂x D̂y t-stat d1,max d2,max d̂
1 0.385 0.299 -5.689 0.384 0.298 -5.689 -0.003 0.094 -0.003
2 0.590 0.508 -5.146 0.971 0.803 -5.957
3 0.743 0.687 -3.934 1.710 1.485 -5.767 p̂ = 0.996
4 0.853 0.806 -3.931 2.558 2.286 -5.771 LMW Second-Order Estimators
5 0.919 0.894 -2.702 3.473 3.175 -5.647 s1,max s2,max ŝ
6 0.962 0.949 -1.876 4.449 4.139 -5.542 -0.094 0.364 -0.094
7 0.980 0.967 -2.591 5.425 5.101 -5.555
8 0.991 0.984 -2.021 6.412 6.081 -5.559 p̂ = 0.999
9 0.997 0.993 -1.754 7.405 7.070 -5.571
9.9 0.998 0.997 -0.306 8.398 8.063 -5.548
10 1 1 - 8.418 8.083 -5.547

a Davidson and Duclos estimators and test-statistics are reported for sample proportions over the full support. Results are obtained dividing the distribution into
500 blocks.

b Linton, Maasoumi, and Whang estimators are obtained via Kolmogorov-Smirnov tests, and p-values are calculated using subsampling.
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1.6 Estimating Counterfactual Hyperactivity Distributions

The previous section provided evidence that mothers of elementary school chil-

dren reported higher levels of hyperactivity in 2004 than in 2000, and these increases

were uniform along the support. We hypothesize that this increase in hyperactivity re-

porting is driven in part by educational policy. In this section, we study whether re-

form of educational policy could have impacted this change in mother-reported hyper-

activity. To investigate the effect of evolving school accountability policy on the report-

ing of behavioral problems, we construct counterfactual distributions of hyperactivity

following the methods proposed by DiNardo et al. (1996). Using the same NLSY panel

from the earlier analysis, we ask, “What would the distribution of behavioral problems

look like in 2004 had the educational landscape in 2000 prevailed?” Intuitively, Di-

Nardo et al. (1996) propose a sampling weight adjustment in the base period (some

period prior to policy change) conditional on observable characteristics such that it

captures the relative probability that a given individual would be represented in the

latter, 2004 period.

DiNardo et al. (1996) estimate kernel density functions by adapting the kernel

density estimator of Rosenblatt et al. (1956) and Parzen (1962), which allows the at-

tachment of a weight to each observation. The weighted kernel density estimate f̂ is

given by

f̂(x) = 1
nh

n∑
i−1

ψ̂(z)K
(
x−Xi

h

)
,

where x is mother-reported hyperactivity for child i, ψ̂(z) is a reweighting function

which depends upon observable characteristics z described in Table 1.1, h is the band-

width and K(·) is the kernel function.

To formally introduce the DiNardo et al. (1996) methodology, let each individ-

ual observation be a vector (h, z, t), where h is the index of behavioral problems, z is a

vector of observable characteristics including information regarding educational policy,

and t is time. Hence, it is the case that all individuals belong to the joint distribution

of behavioral problems, observable characteristics, and time given by F (h, z, t). In any
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time period t, the static joint distribution of behavioral problems and characteristics

is F (h, z | t). The probability density function of behavioral problems at any point in

time ft(h) can be written as the integral of the behavioral problems density conditional

on a set of observables f(h | z, th) in a specific time period th, over the distribution of

observable characteristics F (z | tz) in time period tz,

ft(h) =
∫

z∈Ωz

dF (h, z | th,z = t)

=
∫

z∈Ωz

f(h | z, th = t)dF (z | tz = t)

= f(h; th = t, tz = t)

(1.1)

where Ωz is the domain of observable characteristics. Hence, within the con-

text of educational policy landscape, the equation above can be rewritten as the den-

sity of behavioral problems in 2004 had the observable characteristics of 2000 prevailed:

f(h; th = 04, tz = 00). This density is written as

f(h; th = 04, tz = 00)

=
∫
f(h | z, th = 04)dF (z | tz = 00)

=
∫
f(h | z, th = 04)Ψ(z)dF (z | tz = 04)

(1.2)

where Ψ(z) is a reweighting function defined as Ψ(z) = dF (z | tz = 00)/dF (z |

tz = 04). Applying Bayes’s rules to the function, Ψ(z) can be rewritten as

Ψ(z) = Pr(tz = 00 | z)
Pr(tz = 04 | z) ·

Pr(tz = 04)
Pr(tz = 00) ·

We can then estimate the probability of being in period t given individual char-

acteristics using a probit model. Once an estimation of ψ̂(z) is obtained, we can use

the kernel density estimator outlined above to construct a counterfactual 2004 hyperac-

tivity distribution that would have held had the educational landscape never changed.

Figure 1.3 displays the estimated counterfactual probability density functions
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for each of the three educational policies outlined above: rewards, assistance, and sanc-

tions. In each of the plots, the red line depicts the observed 2004 distribution, the blue

line shows the observed 2000 distribution, while the dashed black line is the estimated

counterfactual. For example, the black line in panel a is the estimated counterfactual

for 2004 had the rewards landscape of the prior 2000 period prevailed. For rewards, the

counterfactual lies nearer to the 2000 distribution along most of the support, except

for very extreme values of hyperactivity in the upper tail. This indicates that for chil-

dren displaying non-extreme levels of hyperactivity, had the rewards landscape never

changed, mothers’ 2004 reporting would be nearer to that of 2000. For the assistance

policy there is less movement of the counterfactual distribution toward that of 2000, ex-

cept for those that report hyperactivity levels of 4 or 5. Finally, for the sanctions pol-

icy, while we do observe some movement of the counterfactual in the direction of the

2000 distribution at a hyperactivity level of about 3, we see little movement throughout

the remainder of the distribution.
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Figure 1.3: Counterfactual Hyperactivity PDFs by Educational Policy

(a) Rewards Landscape in 2000

(b) Assistance Landscape in 2000

(c) Sanctions Landscape in 2000
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1.7 Conclusion

Our findings indicate that mother-reported hyperactivity changed in a time pe-

riod of heavy educational policy movement. We observe changes in not only the hyper-

activity reporting of the average mother, but also uniform changes in mother reporting

all along the entire distribution of behavioral problems. We find first-order stochastic

dominance results indicating that mothers increased their reporting of child hyperac-

tivity from 2000 to 2004, a period that spans major federal and state reforms of edu-

cational policy. Decomposition techniques indicate that had the educational landscape

of the 2000 period prevailed in 2004, mother reporting would be lower, and this is con-

ditional on observable characteristics of both mothers and children. These findings in-

dicate that perhaps mother reporting of child behavioral problems are influenced by

educational policy, something that at first glance may appear to be completely exoge-

nous.

Undoubtedly, we are in a global race to improve national educational rankings,

and pressures to show school improvement led to the changing of our national educa-

tional landscape in the early 2000s. Policies such as No Child Left Behind had the in-

tentions of improving student performance. While educational policies such as rewards,

assistance, and sanctions likely have their benefits through the potential to have im-

proved test scores, higher graduation rates, etc., it is important to keep in mind that

such sweeping changes in policy likely come with some unintended consequences. We

believe that one such unintended consequence is an increase in mother reporting of

child behavioral problems and the subsequent spike in ADHD diagnosis.

With respect to ADHD as a mental condition, there is still much that needs

to be better understood. It is concerning to observe such stark state-level variation

in ADHD diagnosis rates, particularly within a condition that is so subjectively diag-

nosed. If exogenous policy such as No Child Left Behind can impact a mental health

condition, and inevitably lead to more children taking prescription medication, then

this should be of serious concern to policymakers. Policymakers, physicians, teachers,

and parents all play important roles in a child’s life whether directly or indirectly, and
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it remains important to have standardized norms of diagnosis, that preferably do not

have drastic differences across states. While this work contributes to the understanding

of the mechanism between education and the rapid rise in ADHD prevalence, continued

work is needed to fully understand the other potential mechanisms that may also play

a role.
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CHAPTER 2
SCHOOL ACCOUNTABILITY AND HYPERACTIVITY (WITH SUSAN

E. CHEN)

2.1 Introduction

Attention Deficit Hyperactivity Disorder (ADHD) is a mental health disorder

that affects cognitive development and human capital accumulation. Children with

ADHD may exhibit inattentive, hyperactive, or impulsive behaviors. These patterns

of behavior not only make it more difficult for children with ADHD to learn in typi-

cal school settings, but they also lead to children being more likely to engage in risky

behaviors (Flory et al. (2006); Looby (2008); Fletcher and Wolfe (2009)). As a result

of these experiences, over their life course children with ADHD are also more likely to

have poorer economic outcomes.1

Teachers are oftentimes the first to observe a child’s inability to concentrate or

exhibit self control. They can identify when disruptive patterns of behavior are out-

side the norm and, as such, they may be the first to suggest to parents that their child

be assessed for learning differences. This makes the teacher’s role unusual because of-

tentimes they make the recommendation for further evaluation but are also consulted

during the evaluation itself. This is because when a child is being examined for ADHD,

the physician poses a series of survey questionnaires that focus on the behavioral traits

of the child. These assessments are fielded to both parents and the child’s teacher. The

physician’s diagnosis is then based partly on responses to these questionnaires. Teach-

ers can, therefore, play a pivotal role in the diagnosis of ADHD with Sax and Kautz

(2003) reporting that 52.4% of ADHD diagnoses are first suggested by either teachers

or other school personnel, and Chan et al. (2005) reporting that over 80% of surveyed
1The overall cost to society of ADHD is estimated to be somewhere between $143 and $266 billion

per year (Doshi et al., 2012).
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physicians rely on teacher reports to make their diagnosis decisions.

The patterns of behavior exhibited by children with ADHD can be disruptive in

classroom settings both to the child with ADHD and to his or her peers. If the ADHD

diagnosis is severe, the disruptive child may be removed from instruction within the

general student population and instead placed into a group of students with disabili-

ties. If educators face external pressure to demonstrate effectiveness, via instruments

such as high stakes testing, an ADHD diagnosis is one way to remove disruptive chil-

dren from the classroom. Recent school accountability policies have in some cases man-

dated the application of high-stakes testing while using the results to punish under-

performing schools, or reward high-achieving schools. These school accountability laws

can provide exogenous motivation for teachers to change the way they teach and the

way they treat their students (Jacob and Levitt (2003)). For example, Koretz (2002)

has shown that these types of policies can cause teachers to inflate test scores, and

Amrein-Beardsley et al. (2010) suggest that they may in some cases direct curriculum

away from non-tested material, also known as “teaching to the test.”

The aforementioned high-stakes testing is of particular importance for our study.

In many instances, if students perform well on a high-stakes test, then teachers may

be eligible to receive some bonus or financial reward. Hence, high-stakes testing pro-

vides a strong motivation for teachers to try to improve the test scores of their classes.

One way to do this is to reshape the testing pool of students. In many cases, an ADHD

diagnosis allows the teacher to move a marginally hyperactive child away from the gen-

eral population and into the children with disabilities population (Jacob (2005); Cullen

and Reback (2006); Figlio and Getzler (2006)). With high-stakes testing, this move-

ment improves test scores within the disabled group (particularly if the child moved

into the group consequently receives treatment for ADHD), and presumably improves

scores within the general population (as hyperactive children typically perform worse

than average on standardized tests (Loe and Feldman (2007))).

As mentioned earlier, ADHD is frequently diagnosed through surveys admin-
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istered to both parents and teachers.2 Teachers can therefore increase the probabil-

ity of diagnosis directly through their answers on these teacher surveys. Alternatively,

they can influence the mother’s survey responses. Schaughency and Lahey (1985), in

their study of parental perceptions of child deviance, contend that behavioral prob-

lems reported by the mother tend to mirror that of teachers. Specifically, they find that

teacher-reported behavioral problems are a sufficient predictor of mother reports, i.e. if

the teacher reports higher levels of misbehavior, the mother is likely to follow in that

opinion.

The incentive system outlined above leads one to believe that there may be a

connection between two trends in the United States: the first, the rapid increase in

ADHD prevalence that has led the disorder to become the most commonly diagnosed

mental condition among U.S. children (Mayes et al. (2008)).3 and the second, an in-

crease in state-level school accountability laws in the years surrounding the No Child

Left Behind Act of 2001.

There are three studies of the rapid rise in ADHD prevalence across time. Most

recently, Chorniy et al. (2018) find a causal link between a transition from fee-for-service

reimbursement to Medicaid managed care and rising ADHD caseloads. They attribute

this effect to the incentives created by the risk adjustment and quality control systems

in Medicaid managed care.

There are two studies that examine the effect of educational policy on ADHD.

Bokhari and Schneider (2011) focus on specific school accountability provisions as a

primary driver for the increase in the prevalence of ADHD. Using data from NDCHealth

on the aggregate consumption of ADHD drugs by geographic areas, they study the ef-

fects of school accountability policy on medical diagnoses and subsequent pharmaceu-

tical treatment options of children. They find that from 1999-2003, aggregate ADHD

drug consumption increased by 3.1% and 2.6% in states that issued policies assisting

under-achieving schools and rewarding high-achieving schools, respectively. Moreover,
2While the sequencing of surveys may vary, in most cases parents are the first to complete the

survey.
3Approximately 11% of American children were diagnosed with the condition in 2011, a substantial

42% increase from 2003 (Visser et al. (2014))
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using data from the National Survey of Children’s Health (NSCH) in 2003 regarding

ADHD diagnosis, they find that these policies issuing assistance and rewards led to in-

creases in the probability of diagnosis by 0.018 and 0.012, respectively.

More recently, Morrill (2018) studies the impacts of financial incentives built

into the educational policies of states. Using data from the NSCH, she finds that chil-

dren who live in states that offer financial incentives to schools to classify students

into special education categories are about 15 percent more likely to be diagnosed with

ADHD and 22 percent more likely to take ADHD medication.

In this paper we revisit the idea that the introduction of specific school account-

ability policies can explain some of the change in ADHD prevalence. Analogous to

Bokhari and Schneider (2011), we exploit changes across states and across time in school

accountability laws, however, we extend their analysis in several ways. First, we revisit

their individual-level analysis by following children across time as opposed to focus-

ing on only a single cross-section of data. By exploiting the longitudinal nature of the

data, we are able to include a child fixed effect to capture unobserved time-invariant

heterogeneity across individuals. Second, we construct an additional measure of ADHD

beyond the standard diagnosis dummy variable. This cumulative outcome variable,

mother-reported hyperactivity, is based on the well-studied Behavioral Problems In-

dex (BPI).4 Using a cumulative measure of ADHD is important because it examines

whether the reporting of hyperactivity (at all parts of the distribution) is sensitive to

the enactment of school accountability laws. If it is the case that mothers who initially

reported low levels of hyperactivity report more behavioral problems after the enact-

ment of educational policy, then this may be indication that the policy has led mothers

to reevaluate their child’s behavior. While we cannot say for certain whether educa-

tional policies have led to appropriate or inappropriate diagnosis, we believe that our

hyperactivity analysis suggests the latter. Since the children most impacted by the pol-

icy are those whose mothers reported no behavioral problems prior to enactment, we
4There are strengths of using such a diagnosis-free measure of ADHD. Currie and Stabile (2006)

and Currie et al. (2014) discuss issues of selection that may confound analysis of an ADHD diagnosis
outcome.
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believe this is suggestive evidence of mis-diagnosis.

To test our hypotheses that school accountability policies impact ADHD di-

agnosis, we construct a dataset of school accountability laws that vary across states

and time that we link to the Panel Study of Income Dynamics (PSID). We first note

changes in prevalence across our period of study, which are consistent with reports

from the CDC. We then use a panel data model that includes child, state, and time

fixed effects to estimate the effect of school accountability laws on ADHD diagnosis.

We find that one law in particular, the introduction of a policy offering rewards to

high-achieving schools, positively impacts the likelihood of ADHD diagnosis. We then

re-estimate the panel model using an alternative measure of child ADHD, mother-

reported hyperactivity, and find that the children most impacted by the policy are

those whose mothers initially reported no behavioral issues. We believe this to be fur-

ther evidence that the mechanism of mother-teacher interaction is behind the increase

in ADHD prevalence. As a robustness check, we replicate our hyperactivity analysis

using a second sample of children from the National Longitudinal Survey of Youth

(NLSY). Within the NLSY sample, we find positive effects of the policy offering re-

wards to high-achieving schools on mother-reported hyperactivity, and these effects are

particularly pronounced among mothers that initially reported no behavioral problems.

In the next section we provide background information on school accountabil-

ity policy and child ADHD. In section 3 we describe the data and document changes

in the prevalence of ADHD and mother-reported hyperactivity across time. Section 4

describes our estimation approaches and Section 5 provides a discussion of results and

sensitivity analysis. The final section concludes with potential policy implications. The

findings from this research will improve our ability to understand whether educational

policy, while seemingly removed from the health care arena, can affect child health.

2.2 School Accountability and ADHD

On January 8, 2002, President Bush signed into law the reauthorization of the

Elementary and Secondary Education Act, also known as the No Child Left Behind
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Act of 2001 (NCLB). The objective of NCLB was to set measurable goals and improve

the educational performance of schools. Through annual testing, progress reporting,

teacher certifications, and the administering of federal education funds, NCLB expanded

the role of the federal government in schools. These policy changes put pressure on

schools to perform by holding students (and teachers) to a higher standard. If students

failed to meet such standards, then schools could face consequences such as implemen-

tation of public school choice, staff replacement, and restructuring of schools (Dee and

Jacob (2011)).

NCLB gave an individual state some autonomy in developing these standards,

and this control created a source of heterogeneity in the types of policies adopted across

states. We focus on three educational policies: rewards, assistance and sanctions. Each

of the three policies are focused toward schools of different achievement levels. For

example, if a state enacts a rewards policy, then the teachers and administrators are

eligible to receive monetary benefits following their students’ successes on standard-

ized tests. Clearly, this policy is geared toward schools that are near the high end of

the achievement distribution. Alternatively, if a school is severely under-performing,

then the state may enact sanctions policies. These types of policies could lead to the

restructuring of staff, alteration of curriculum, or in extreme cases complete govern-

ment takeover of a school. Sanctions are geared toward schools in the bottom tail of

the achievement distribution. Finally, assistance policies would allow the state to come

in and offer expert consulting to schools that are struggling. These policies would typi-

cally be a first step prior to the enactment of a more serious sanctions policy.

There is significant intrastate variation in the implementation of these policies

across the time period under study. Much of the analysis to follow will focus on these

law changes across states in a time period surrounding the year 2002, when NCLB

changes began to occur.5 Other school accountability metrics such as report cards and

ratings for public schools have very little state-level variation since these were man-

dated across the board for all states in NCLB. These two policy instruments are not
5We present maps in the appendix that detail the heterogeneity in law changes across states and

time.
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analyzed in our study.

Prior research has documented that school accountability policy, by putting

added pressure on teachers to improve the performance of their students, can affect

teacher behavior (Figlio and Getzler (2006); Figlio (2006)). Using highly detailed ed-

ucation data from the state of Florida, Figlio and Getzler (2006) found that after the

introduction of NCLB, schools systematically placed under-achieving students of low

socioeconomic status into special education categories. By doing this, schools were

then exempt from facing consequences of their students’ low performance. Similarly,

educators used disciplinary measures as a tool to bolster students’ aggregate test per-

formance. Figlio (2006), once again using data from the state of Florida, shows that

schools are likely to assign harsher punishments to low-performing students than to

high-performing students for the exact same crime. They find that this gap grows larger

during periods of high-stakes testing. Other research has found that school account-

ability policy also changes the focus of teachers. Neal and Schanzenbach (2010) and

Reback (2008) show that within samples of children from Chicago public schools and

the state of Texas, respectively, who faced added pressure to improve test scores, teach-

ers were likely to focus attention on marginal students, while largely ignoring students

within the tails of the achievement distribution. This leads to the unintended conse-

quence of leaving behind children in the bottom tail of the distribution, while failing to

challenge those that are high-achieving.

Further, the previous literature shows that school accountability laws not only

have direct effects on the incentives of educators, but they may also impact child health

outcomes. School accountability laws, by adding to the the financial pressures faced by

some school districts, can increase the likelihood that they will engage in contracts with

soft drink and snack food companies or increase the caloric density of meals offered

to children. Figlio and Winicki (2005) study the effects of sanctionary school policies

using a random sample of school districts from the state of Virginia. Using a school-

district fixed effects approach, they find that districts facing accountability sanctions

increased the caloric content of school lunches on days that students were subject to
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high-stakes testing. School districts did this in hopes that it would boost the cognitive

performance of students on test days. Further, Anderson and Butcher (2006) use NLSY

data and find that a 10 percentage point increase in the probability of access to junk

food leads to about a one percent increase in students’ body mass index.

The studies discussed here provide evidence that school policy can affect child

health outcomes such as BMI. There is, however, a distinction between a quantifiable

health outcome like BMI and ADHD which is worth noting. An ADHD diagnosis is

more subjective which leaves open the room for mis-diagnosis. As alluded to earlier,

there are numerous motivations for educators to promote diagnosis of children with

ADHD. These mechanisms include the potential for higher test scores and improved

behavior in the classroom, which may lead to higher levels of peer achievement (Aizer

(2008)).

For the children diagnosed with ADHD, about 70% take prescription medi-

cations as treatment (Visser et al. (2014)).6 Typically the pharmaceutical regimen

consists of stimulants and/or antidepressants, however, the efficacy of these drugs for

ADHD is mixed. Dalsgaard et al. (2014) use a sample of Danish children and find that

those treated with medication have fewer hospital contacts, which is a promising result

given that individuals suffering from ADHD are more likely to exhibit riskier health

behaviors. Similarly, Chorniy and Kitashima (2016) use Medicaid claims and Depart-

ment of Education data and find that children treated with ADHD medication are both

less likely to develop a substance abuse disorder and less likely to contract a sexually

transmitted disease. Studies of the effects of prescription drug treatment on educa-

tional outcomes, however, are less promising. Currie et al. (2014) study an expansion

in prescription drug coverage in a sample of children from Quebec, Canada. They find

little evidence that ADHD drugs positively impact the academic performance of chil-

dren, and they actually find that drugs may have negative impacts on grade repetition

and math scores. Kitashima and Chorniy (2017) find similar adverse effects of ADHD

medication. Using highly detailed data from the state of South Carolina, they find that
6Prescription drugs are not the only form of treatment of the condition. Behavioral therapy is also

a very common treatment for ADHD.

29



once treated with ADHD medication, children are more likely to repeat a grade and

less likely to perform well on standardized tests.

If school accountability policy has led to increased ADHD diagnosis, the in-

crease could be a result of correcting a type 1 error (formerly undiagnosed ADHD cases

are now being recognized) or a type 2 error (an incorrect diagnosis of ADHD for dis-

ruptive kids). Unfortunately we cannot identify what is behind the increase: increased

recognition or misdiagnosis.

2.3 Data

In our primary analysis we use three waves of data taken from the Panel Study

of Income Dynamics Child Development Supplement (PSID). The PSID began in 1968

with a nationally representative sample of more than 18,000 individuals living in 5000

U.S. households. In 1997, PSID began the Child Development Supplement and sur-

veyed the children of original PSID family units. All descendants of original PSID fam-

ilies are interviewed in waves 1997, 2002, and 2007. Along with a mother-reported

ADHD diagnosis, the PSID also contains a series of questions on child behavior over

the last three months. We use an affirmative answer to a subset of these questions to

construct a measure of mother-reported child hyperactivity. Mother responses are (1)

‘often true,’ (2) ‘sometimes true,’ and (3) ‘not true.’ To convert into an index, the we

take responses of not true to be zero and sometimes true or often true to be one and

two, respectively. This hyperactivity index is constructed using 5 questions from the

PSID:

1. He/she has difficulty concentrating, cannot pay attention for long

2. He/she is easily confused, seems to be in a fog

3. He/she is impulsive, acts without thinking

4. He/she has a lot of difficulty getting his/her mind off certain thoughts (has obses-

sions)
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5. He/she is restless or overly active, cannot sit still.

After summing responses, this variable has a range from 0, or showing no symp-

toms of hyperactivity, to 10, or being extremely hyperactive.The measure of child hy-

peractivity is highly but not perfectly correlated with ADHD. Figure 2.1 shows a plot

of the probability of ADHD diagnosis versus the hyperactivity index. The likelihood

of an ADHD diagnosis is strictly increasing in hyperactivity. There is also a noticeable

jump in the likelihood of diagnosis when moving from a hyperactivity level of 5 to 6.

This discontinuity suggests that there may be some threshold effects present in the re-

lationship between hyperactivity and ADHD.7 We use both measures of ADHD and

hyperactivity in the subsequent analysis.

7Mother-reported hyperactivity is a good predictor of ADHD but there are other unobserved fac-
tors such as beliefs of the mother regarding the underlying condition, physician norms of diagnosis
across geographic locations, and the type of insurance coverage of the child, that may affect ADHD
diagnosis.
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Figure 2.1: Mean ADHD against Mother-Reported Hyperactivity

Our study sample consists of a 2,918 children which we track across 3 time peri-

ods 1997, 2002, and 2007. Their ages range between 0 and 14 in the initial panel year.

It is important to note that by 2007, many of the older children have aged out of the

sample as they have become adults. As seen in Table 2.1, the mean age of the chil-

dren across all periods is 10. The sample is predominantly white (approximately 47%),

about 31% of the households are headed by females, and in 1997 the total family in-

come of the households was $44,900. In 1997, approximately 44% of household heads

had some college education and this increased to 49% by the end of the panel. Consis-

tent with the CDC reports, we also find that the prevalence of ADHD increases from

1997 to 2007. As shown in Table 2.1 we find the prevalence of ADHD increased from

4% to 10% across the decade under study.
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Table 2.1: Descriptive Statistics

Covariates
All 1997 2002 2007

Total family income ($10,000s) 5.77 4.49 6.25 7.25
Age 9.98 6.12 11.7 14.02
%Male 0.51 0.51 0.51 0.52
%Female 0.49 0.49 0.49 0.48
%Black 0.4 0.41 0.4 0.4
%White 0.47 0.47 0.47 0.47
%Other 0.12 0.12 0.12 0.12
%Female-headed household 0.31 0.29 0.3 0.35
%Male-headed household 0.69 0.71 0.7 0.65
%Head of HH some college 0.47 0.44 0.48 0.49

Outcomes
ADHD 0.07 0.04 0.07 0.1
Hyperactivity 1.86 1.55 2.15 1.91

Observations 7337 2918 2835 1584
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The school accountability data comes from Quality Counts, which is published

annually by Education Weekly. We collect data on three different laws as measures of

school accountability: (1) Rewards: the state offers monetary rewards to high-achieving

schools, (2) Assistance: the state aids struggling schools with expert consulting, and

(3) Sanctions: the state punishes under-performing schools through closure, takeover,

or reconstitution. We exclude report cards and ratings because by 2004, report cards

and ratings were ubiquitous.8 In Table 2.2 we compare the mean differences in our two

outcomes by treatment status where treatment is considered to be either living in a

state with rewards, assistance, or sanctions policies. For both our outcomes of interest,

ADHD and hyperactivity, there appears to be a significant difference of means for liv-

ing in a state with or without an educational rewards policy in the year 2002. These

descriptive statistics indicate that children living in rewards states in the year 2002 are

significantly more likely to be diagnosed with ADHD than those living in non-rewards

states. Moreover, mothers in rewards states are likely to report higher levels of hyper-

activity.

8Bokhari and Schneider (2011) have a detailed discussion of the rollout of various school account-
ability laws across time.
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Table 2.2: Comparison of Means by Treatment Status

Outcome: ADHD Control Treated Difference t-statistic
A. Rewards Policy
1997 0.038 0.051 0.013 1.710
2002 0.059 0.087 0.028 2.923
2007 0.086 0.100 0.014 0.712

B. Assistance Policy
1997 0.039 0.050 0.010 1.321
2002 0.075 0.071 -0.004 -0.345
2007 0.094 0.098 0.004 0.189

C. Sanctions Policy
1997 0.030 0.048 0.018 1.960
2002 0.075 0.070 -0.005 -0.472
2007 0.081 0.102 0.021 1.076

Outcome: Hyperac-
tivity

Control Treated Difference t-statistic

A. Rewards Policy
1997 1.512 1.599 0.086 1.139
2002 2.052 2.260 0.208 2.508
2007 1.705 1.958 0.253 1.724

B. Assistance Policy
1997 1.506 1.607 0.101 1.329
2002 2.207 2.119 -0.087 -1.004
2007 1.890 1.917 0.027 0.154

C. Sanctions Policy
1997 1.456 1.577 0.122 1.358
2002 2.210 2.096 -0.114 -1.370
2007 1.814 1.935 0.121 0.835
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2.4 Empirical Specification

In the previous section, the descriptive analysis suggested a statistically sig-

nificant change in ADHD and mother-reported hyperactivity by the year 2002. Also,

around the time of NCLB the incidence of both measures of hyperactivity were higher

in states with educational policies (referred to henceforth as treated states). These

findings however are cross-sectional and do not condition on other explanatory vari-

ables that may affect ADHD and hyperactivity. In the econometric model presented

below we assume that

yit = x′itβ +R′itδ + uit (i = 1, ..., n ; t = 1997, 2002, 2007), (2.1)

where i indexes children and t indexes time. The variable y denotes the outcome vari-

able. The explanatory variables are denoted by x and R. x is a vector of observed

individual- and family-specific characteristics including total family income, race, sex,

age, age-squared, and education level of the head-of-household. R is a vector of policy

variables. Each policy variable is dichotomous and denotes whether the child lives in a

state that has enacted that type of educational policy. Our main parameters of inter-

est are contained within the vector δ and can be interpreted as the effect of living in a

state with the enacted policy. The residual uit is an error disturbance.

In equation 2.1 we follow the assumption of Bokhari and Schneider (2011) that

the educational policy R′ is plausibly exogenous, that is, policymakers do not take the

proportion of children diagnosed with ADHD into consideration when making educa-

tional policy decisions. This assumption alleviates any concerns of simultaneity, how-

ever there may be unobserved child characteristics that are correlated with a state’s

decision to enact educational policies. Likewise, a state’s decision to enact may also be

correlated with unobserved state characteristics. If this is the case then the estimates of

δ may be biased. One way to handle this is to fully exploit the panel data and use the
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fixed effects model below

yist = x′istβ +R′istδ + γt + σs + ci + uist, (2.2)

where ci is a child fixed effect and σs controls for state-level fixed effects. The above

specification also includes γt, a fixed effect for panel year. In equation 2.2, the policy

variables R are interacted with the panel year dummies to allow us to track how the

effects of educational policies change across panels so that

(2.3)R′istδ = δ1Rist + δ2RistY 2002 + δ3RistY 2007,

where δ1 captures the probability of a child having ADHD if they live in a treated state

in 1997. δ2 and δ3 captures the change in the probability that a child is diagnosed with

ADHD if their state implements a policy in the given year. As we will explain more

fully later, the incentive that teachers have to get children diagnosed may taper off

with age, these policy time interactions give us some insight into whether this is hap-

pening.

In our estimation we perform analysis with three school accountability policies:

rewards (R), assistance (A), and sanctions (S) so that we redefine R′itδ to denote multi-

ple educational polices as in

(2.4)R′istδ = δ11Rist + δ12RistY 2002 + δ13RistY 2007 + δ21Aist + δ22AistY 2002
+ δ23AistY 2007 + δ31Sist + δ32SistY 2002 + δ33SistY 2007.

The two outcome variables of interest are ADHD and hyperactivity. ADHD is

a dichotomous variable and the model that we estimate is a linear probability model.

The hyperactivity variable takes on discrete values between 0 to 10, we have chosen to

treat it as a continuous variable.
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2.5 Results

2.5.1 The effect of school accountability policy on ADHD and Hyperactiv-

ity

We estimate models for each of our outcome variables: ADHD diagnosis and

mother-reported hyperactivity, and report our findings below. We start with a model

not including policy-time interactions and then move to the fully interacted specifica-

tion laid out in equation 2.2. Table 2.3 shows the results for variations of specifications

of our fixed effects model outlined above however not allowing the effect of educational

policy to vary across time. Though not presented in Table 2.3, all specifications include

controls for age, age-squared, total family income, and family structure. Column (1)

shows estimates without the inclusion of any fixed effects. Columns (2)-(5) show results

for the inclusion of various combinations of time, state, and child fixed effects. While

the rewards policy is positive and significant at the 1% level, effects are not robust un-

der the inclusion of state or child fixed effects. We find no significant impact of either

assistance or sanctions policies on ADHD diagnosis.
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Table 2.3: Impact of School Accountability Policies on ADHD Diagnosis

Dependent Variable:
ADHD Diagnosis

(1) (2) (3) (4) (5)
Rewards 0.023*** 0.020*** 0.007 0.011 0.008

(0.006) (0.006) (0.010) (0.011) (0.011)

Assistance 0.005 0.002 -0.004 -0.004 -0.003
(0.007) (0.007) (0.011) (0.011) (0.011)

Sanctions -0.004 -0.003 -0.011 -0.010 -0.009
(0.008) (0.009) (0.010) (0.010) (0.010)

Year FE No Yes Yes Yes Yes
State FE No No Yes No Yes
Child FE No No No Yes Yes

Observations 7337 7337 7337 7337 7337
a Results are for the fixed effects model outlined in equation 2.2, however excluding any policy-
time interactions.

b Standard errors (clustered by child and state) are in parentheses.
c ** and *** correspond to significance at the 5% and 1% levels, respectively.
d Controls for age, age squared, and other covariates are included in each specification but not
reported. Time-invariant covariates are dropped in specifications that include individual-level
fixed effects.
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It may be the case that educational policy impacts ADHD diagnosis differently

across time and across the age spectrum. That is, we expect the policy to have stronger

effects within a sample of younger children. If it is a mechanism of parent-teacher inter-

action through which the ADHD diagnosis occurs, then this will most likely impact

younger children at higher rates. Parental school involvement typically decreases as

children move to high school, in part because parents may believe that they cannot

assist with more difficult high school subjects and because adolescents are becoming

autonomous (Eccles and Harold (1996)).

Table 2.4 displays results of the fully interacted model that allows educational

policy to vary across time. Across all specifications, rewards policies have a consistently

positive effect on ADHD diagnosis by 2002. There is no additional effect of rewards on

ADHD diagnosis between 2002 and 2007. For our preferred specification which includes

time, state, and child fixed effects, as laid out in equation 2.2, living in a state with ed-

ucational rewards policies by 2002 increases the probability of ADHD diagnosis within

a given child by 2.7 percentage points.9 Note that the inclusion of a child fixed effect

identifies effects based upon within child changes. Hence, the 2002 rewards coefficient is

interpreted as the difference in the child’s probability before and after their state imple-

mented the policy, not the difference in probability between children in different states.

9It is important to note that the effect of the rewards policy in 2002 is not only the coefficient as-
sociated with the interaction term, but the summation of both the interaction term coefficient and
that associated with the policy alone. Standard errors calculated from this linear combination of re-
gressors still yield estimates that are significant at the 5% level.
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Table 2.4: Impact of School Accountability Policies Across Time

Dependent Variable: ADHD Diagnosis
(1) (2) (3) (4) (5)

Rewards 0.008 0.009 -0.002 0.000 -0.004
(0.008) (0.008) (0.014) (0.015) (0.015)

Rewards*2002 0.032** 0.031** 0.026** 0.030** 0.031**
(0.013) (0.014) (0.012) (0.012) (0.012)

Rewards*2007 0.011 0.006 0.005 -0.000 0.003
(0.018) (0.021) (0.024) (0.021) (0.021)

Assistance 0.007 0.007 0.000 0.002 0.002
(0.010) (0.009) (0.013) (0.013) (0.013)

Assistance*2002 0.007 0.005 0.008 0.009 0.013
(0.012) (0.014) (0.017) (0.015) (0.015)

Assistance*2007 -0.015 -0.023 -0.031 -0.041 -0.044
(0.023) (0.021) (0.023) (0.024) (0.024)

Sanctions 0.001 0.005 -0.018 -0.017 -0.014
(0.009) (0.010) (0.014) (0.013) (0.013)

Sanctions*2002 -0.031** -0.035*** -0.005 -0.010 -0.015
(0.013) (0.013) (0.017) (0.015) (0.016)

Sanctions*2007 0.025 0.019 0.029 0.035 0.033
(0.022) (0.022) (0.020) (0.020) (0.020)

Year FE No Yes Yes Yes Yes
State FE No No Yes No Yes
Child FE No No No Yes Yes

Observations 7337 7337 7337 7337 7337
a Results are for the fixed effects model outlined in equation 2.2.
b Standard errors (clustered by child and state) are in parentheses.
c ** and *** correspond to significance at the 5% and 1% levels, respectively.
d Controls for age, age squared, and other covariates are included in each specification but not reported. Time-invariant
covariates are dropped in specifications that include individual-level fixed effects.

e For the preferred specification from column (5), we calculate the total effect of the rewards policy in 2002 by computing
standard errors for the linear combination of two regressors, the policy itself and the interaction term associated with 2002.
This yields a coefficient of 0.027 and a p-value of 0.031.
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Findings for the other educational policies that we examine are not as robust.

For sanctions, the parameter estimates are only significant for specifications without

state and child fixed effects. The sanctions parameter is negative suggesting that intro-

duction of sanctions in education decreases ADHD prevalence. Bokhari and Schneider

(2011) find a negative and slightly significant coefficient associated with sanctions in a

portion of the analysis. They attribute this to be driven by the state of Alabama. In

our sample, this coefficient becomes insignificant and shrinks in magnitude once we add

fixed effects.

In Table 2.5 we present estimates for the fixed effects model for our other out-

come measure, child hyperactivity. Within the full PSID sample, there is no significant

relationship between hyperactivity and the educational policy variables once we include

state, year, or child fixed effects. One potential explanation for this is that educational

policy is likely to have heterogeneous effects across the support of the hyperactivity

distribution. For example, mothers that already report behavioral problems prior to

enactment of educational policy are less likely to report changes (as they were already

aware of their child’s issues prior to the policy). Alternatively, if a mother is unaware

that her child exhibits misbehavior, then the enactment of educational policies may

have the most impact on her future reporting (teachers that were previously silent are

now forwarding concerns to the mother).
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Table 2.5: Hyperactivity Regressed on School Accountability Policies by
Subgroup

Full Sample Hyp=0 in 1997 Hyp>0 in 1997
Rewards 0.059 -0.052 0.199

(0.108) (0.105) (0.152)
Rewards*2002 0.025 0.397** -0.263

(0.129) (0.173) (0.169)
Rewards*2007 -0.212 0.074 -0.358

(0.132) (0.106) (0.249)

Assistance 0.002 0.110 -0.170
(0.122) (0.106) (0.174)

Assistance*2002 -0.139 0.096 -0.279
(0.120) (0.162) (0.186)

Assistance*2007 -0.080 -0.319 0.232
(0.160) (0.200) (0.316)

Sanctions -0.080 -0.110 -0.119
(0.120) (0.119) (0.175)

Sanctions*2002 0.047 -0.230 0.327
(0.148) (0.189) (0.223)

Sanctions*2007 0.186 0.313 0.305
(0.174) (0.215) (0.269)

Observations 7337 3553 3784
a The first column presents results for all children, the second presents results for the
subgroup of children with a hyperactivity score of 0 in 1997, and the third presents
results for the subgroup of children who had a hyperactivity score of at least 1 in 1997.

b Standard errors (clustered by child and state) are in parentheses.
c **, and *** correspond to significance at the 5% and 1% levels, respectively.
d Controls for age, age squared, and other covariates are included in each specification but
not reported. Time-invariant covariates are dropped with the inclusion of individual-
level fixed effects.

e For the second column, we calculate the total effect of the rewards policy in 2002 by
computing standard errors for the linear combination of two regressors, the policy itself
and the interaction term associated with 2002. This yields a coefficient of 0.345 and a
p-value of 0.079.
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To get a better sense of how mothers alter their reporting along the support of

the hyperactivity distribution, we plot the hyperactivity distributions for each time pe-

riod. Figure 2.2 displays the mother-reported hyperactivity empirical cumulative distri-

bution function (ECDF) using years 1997 vs 2002 in the top panel, and years 2002 vs

2007 in the bottom. The top panel shows that the 2002 distribution lies below and to

the right of that for 1997. This distributional shift indicates that mothers report higher

levels of hyperactivity in the later time period..10 Since aging may be a reason for the

distributional shift, we construct residual distributions, conditioning on age, and obtain

visually similar results. These conditional distributions support our belief that it is not

an aging effect that is primarily driving the change in ADHD diagnosis and behavioral

problems. These conditional distributions are available upon request.

Visually, this effect seems to hold throughout the entire distribution, however it

is particularly prominent at the bottom tail of the support. For that reason, we suspect

that there may be heterogeneous effects for children along the hyperactivity distribu-

tion, with the policy impacting children whose mothers initially reported low levels of

hyperactivity differently than those that reported higher levels in 1997. The bottom

panel of Figure 2.2 shows the ECDFs from 2002 to 2007. Visually there appears to be

no shift, or a very slight shift to the left in the reporting of behavioral problems, indi-

cating that mothers lowered their hyperactivity reporting by the year 2007.11

10It is important to note that children have aged by about 5 years across the pairs of distributions
displayed

11To test whether the 1997 and 2002 distributions are statistically different from one another, we
conduct nonparametric tests of stochastic dominance. We find that the 2002 distribution first-order
stochastically dominates that of 1997, indicating that uniform changes of reporting have occurred
across time.
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Figure 2.2: Empirical Cumulative Distributions for Child Hyperactivity
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Based on our intuition from observational shifts in the hyperactivity distribu-

tions discussed above, we created two subsamples: children whose mothers initially

reported zero hyperactivity, and children whose mothers reported higher levels of hy-

peractivity. We create these subsamples by categorizing children as low (score<1) or

high (score≥1) hyperactivity according to their hyperactivity score in 1997. From Ta-

ble 2.5, the results for those reporting zero hyperactivity in 1997 are in the second col-

umn, while those initially reporting higher levels are shown in the third. The coefficient

associated with the rewards policy interacted with the year 2002 is positive and signifi-

cant at the 5% level, while the analogous coefficient for those initially reporting positive

hyperactivity is insignificant. This indicates that mothers reporting zero hyperactiv-

ity in 1997 were the most likely to be impacted by the policy, and hence report higher

levels by 2002. This supports not only our results for ADHD from Table 3, but also

the mother-reported hyperactivity distributional plots from Figure 2.2, where we see a

greater movement in hyperactivity reporting near the bottom tail of the support.12

The prevalence of ADHD differs by gender, race, and income. For example, male

children are at higher risk to be diagnosed as are non-Hispanic children and those from

low income families (Visser et al. (2010); Froehlich et al. (2007); Larsson et al. (2014)).

To understand whether educational policy affects these subgroups differently, in Table

2.6 we present estimates of rewards, assistance, and sanctions policies on our sample

parsed by gender, race, and income. The first two columns show that the the intro-

duction of rewards policies had a positive effect on male children but no statistically

significant effect on female children. This result can be explained by the observation

that male children are more likely to display the impulsive form of the condition (Ruck-

lidge (2010)), and teachers are quicker to notice this as compared to the inattentive

form. The next three columns show estimates for children parsed by race. In both 2002

and 2007 there was an increase in ADHD prevalence among black children of 4.5 per-

centage points in states with rewards policies. For white children the effect was only
12A level of 1 is the median hyperactivity score in our sample. Our regression results are largely

robust to the selection of high and low hyperactivity level thresholds. For example, we alter the hy-
peractivity cutoff to include mothers that initially reported levels of either 1 or 2. This leads to results
that are qualitatively similar.

46



present for 2002 where rewards policies increase the ADHD prevalence by 3.1 percent-

age points. There are no effects among other races. In the last two columns, we split

the sample into either above or below 100% of the federal poverty level. While there

is no effect among those below the poverty threshold, there is a positive and signifi-

cant effect in 2002 for the rewards policy among those above the threshold. This result

is in line with recent studies that document that ADHD has been on the rise among

high-earning households (Getahun et al. (2013)). Trends (2013) documents that more

educated and higher-earning parents are more likely to be involved in a child’s school-

ing. Thus, it may be the case that the parent-teacher interaction through which the re-

wards mechanism is at work is stronger in those households that are above the poverty

threshold. Moreover, higher income children are more likely to attend schools that are

at the upper tail of the achievement distribution, and hence may be more likely to be

impacted by rewards policies.
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Table 2.6: ADHD Diagnosis Regressed on School Accountability Policies: Heterogeneous Effects

Male Female Black White Other Above Pov Below Pov
Rewards -0.021 0.017 -0.011 0.005 -0.039 0.002 -0.008

(0.021) (0.013) (0.024) (0.018) (0.026) (0.016) (0.030)
Rewards*2002 0.054*** 0.007 0.045** 0.031** 0.064 0.029** 0.034

(0.019) (0.013) (0.017) (0.014) (0.041) (0.013) (0.032)
Rewards*2007 0.023 -0.019 0.045** -0.029 -0.007 -0.017 0.011

(0.034) (0.025) (0.021) (0.031) (0.127) (0.025) (0.049)

Assistance 0.001 0.001 0.014 -0.002 0.038 0.009 -0.043
(0.018) (0.012) (0.020) (0.015) (0.038) (0.014) (0.024)

Assistance*2002 0.041 -0.010 0.032** -0.005 -0.002 -0.007 0.071
(0.026) (0.013) (0.015) (0.018) (0.051) (0.020) (0.038)

Assistance*2007 -0.072 -0.012 0.027 -0.026 -0.202 -0.040 -0.021
(0.050) (0.028) (0.042) (0.022) (0.130) (0.029) (0.106)

Sanctions -0.024 -0.003 -0.046** -0.025 -0.016 -0.020 0.014
(0.018) (0.013) (0.019) (0.013) (0.031) (0.016) (0.028)

Sanctions*2002 -0.030 -0.005 0.006 -0.000 -0.032 -0.002 -0.053
(0.023) (0.017) (0.028) (0.016) (0.038) (0.021) (0.041)

Sanctions*2007 0.061 0.006 0.038 0.053** 0.060 0.044 0.012
(0.039) (0.023) (0.041) (0.020) (0.048) (0.024) (0.073)

Observations 3728 3609 2974 3469 894 5731 1606
a Table reports heterogeneous effects parsed by sex, race, and income.
b Standard errors (clustered by child and state) are in parentheses.
c **, and *** correspond to significance at the 5%, and 1% levels, respectively.
d Controls for age, age squared, and other covariates are included in each specification but not reported. Time-invariant covari-
ates are dropped with the inclusion of individual-level fixed effects.
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The results are more nuanced for assistance and sanctions policies. Assistance

policies increase ADHD prevalence among black children by the year 2002, however

are insignificant within other subgroups. Table 2.6 also shows that the prevalence of

ADHD among black children in states with sanctions at baseline is negative. Addition-

ally, among states that enacted sanctions by 2007, there is a positive and significant

effect on ADHD diagnosis within white children.

Taken together, these results indicate that living in a state that began issuing

rewards by 2002 led to an increase in the likelihood of ADHD diagnosis by approx-

imately 2.7 percentage points. This is a qualitatively similar finding to Bokhari and

Schneider (2011), who find that rewards policies led to about a 2.6% increase in the ag-

gregate consumption of prescription psychostimulants, and about a 1.2% increase in the

probability of ADHD diagnosis. We do not, however, find any results indicating that

assistance and sanctions impact ADHD diagnosis in a robust manner. We find that the

rewards policy effect in 2002 is strongest among male children, blacks and whites, and

those whose families earn more than 100% of the federal poverty level. The findings

for child hyperactivity are more nuanced. Mothers that initially report a hyperactiv-

ity level of zero and that live in states implementing rewards policies by the year 2002

report 0.397 more hyperactivity, while there is no significant impact among those that

initially reported higher levels.

The fact that positive and significant effects of the rewards policy from 1997 to

2002 are not persistent into the later 2007 year warrants further discussion. There are

two potential explanations for why educational policy effects does not persist into 2007.

First, if the aforementioned incentives aimed at teachers are strongest when children

are younger, then we would not expect to see any effects for older children. In 2002,

our sample consists of children at the average age where children are usually diagnosed

with ADHD as result educational policy should have a larger and significant impact in

2002 than 2007. Second, it may be the case that the educational policy does not get

children diagnosed who otherwise would not have been diagnosed, but that it gets them

diagnosed earlier than they otherwise would have been. In this case, implementing the
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rewards policy by 2007 has little effect, because those students who may have been im-

pacted by the policy have already been diagnosed earlier in their academic careers (as

captured by the 2002 interaction term).13

Our findings imply that policies rewarding teachers and administrators at high-

achieving schools may have some unintended consequences, and these results support

the findings of earlier literature. Using a second nationally representative sample, we

validate the findings of Bokhari and Schneider (2011) that rewards policies led to higher

rates of ADHD diagnosis, however we find no impacts of policies providing assistance

to struggling schools or policies implementing sanctions on under-performing schools.

We suspect that of the three policies, rewarding educators has the largest and most

widespread effects. Bokhari and Schneider (2011) discuss that while the threat of sanc-

tions is existent, the actual implementation of a school sanction is very rare. Hence,

these policies may be viewed as a non-credible threat by teachers and administrators.

Our intuition for a lack of findings for assistance is less clear. Recall that assistance

policies come in the form of government officials meeting with teachers and administra-

tors of struggling schools to put into place school-improvement plans. It is possible that

mothers of children attending these schools may choose to relocate to other school dis-

tricts or in some cases other states altogether. As we follow children longitudinally, per-

haps by controlling for child-level fixed effects we are able to account for unobservables

that may influence any effect associated with the assistance policy. As the rewards pol-

icy is the only that involves direct financial incentives, it makes sense that they would

have the strongest impact on diagnosis of ADHD. We can say confidently that the re-

sults for rewards are complimentary to the work of Bokhari and Schneider (2011), and

it is encouraging that we find qualitatively similar results in a second sample of chil-

dren and in a similar period of study.
13We have performed an alternative difference-in-differences specification and included results in

the appendix. Once two states (Arkansas and Delaware) with irregular policy behavior (i.e. the policy
turns on and then off) are removed from the sample, we find a large and positively significant effect of
the rewards policy by the latest panel year 2007.
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2.5.2 A placebo analysis

In order to further validate the impact of school accountability policies on ADHD

diagnosis and to demonstrate that findings are not being driven by unobservable char-

acteristics either within states or individuals, we perform the same analysis from above

on a subsample of children that attend private schools. Private schools are independent

of any governmental regulation, and hence should remain unaffected by any state-level

education policy. Therefore, we should not observe any significant effects of rewards

policies on the likelihood of ADHD diagnosis among private school children, as teachers

and administrators at these schools are not eligible for any rewards by the state. Ta-

ble 2.7 displays results of the child fixed effects model with ADHD as the dependent

variable both for public school and private school children, represented in the first and

second columns, respectively. From the specification for public school children, the co-

efficient associated with the rewards policy interacted with the year 2002 is positive

and significant. Alternatively, for those that attend private school, the coefficient is in-

significant.
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Table 2.7: ADHD Diagnosis Regressed on School Accountability Policies: Public
vs Private

ADHD if Public ADHD if Private
Rewards 0.001 -0.037

(0.016) (0.031)
Rewards*2002 0.034** 0.065

(0.015) (0.042)
Rewards*2007 -0.003 -0.021

(0.022) (0.076)

Assistance -0.003 -0.007
(0.015) (0.039)

Assistance*2002 0.016 0.013
(0.020) (0.024)

Assistance*2007 -0.032 0.065
(0.023) (0.056)

Sanctions -0.014 -0.036
(0.015) (0.031)

Sanctions*2002 -0.022 -0.015
(0.020) (0.026)

Sanctions*2007 0.028 0.028
(0.020) (0.032)

Observations 6750 534
a The first and second columns report results for public and private school
children, respectively.

b Standard errors (clustered by child and state) are in parentheses.
c **, and *** correspond to significance at the 5%, and 1% levels, respec-
tively.

d Controls for age, age squared, and other covariates are included in each
specification but not reported. Time-invariant covariates are dropped
with the inclusion of individual-level fixed effects.
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While we do not find any significant effects on private school children, it is im-

portant to point out that our sample of private school children is quite small, and the

lack of an effect may be in part due to lack of statistical power. Additionally, a private

school subgroup of children as a placebo group has potential drawbacks. For example,

if a mother of an ADHD child feels that the public school system does an inferior job

in educating her child, given his condition, then she may move the child into a private

school. This would decrease the proportion of children with ADHD in the public school

category while inflating the proportion of those with ADHD in private schools. If this

was the case we would expect to see a positive and significant coefficient on our edu-

cational policy variables in the private school sample. As discussed earlier, we do not

observe this occurring in the data. This lends further credit to the idea that state-level

rewards policies influence ADHD diagnosis, while those that attend private schools re-

main unaffected.

2.5.3 A Second Representative Sample

As an additional robustness check, we utilize a second nationally representative

sample and repeat the analysis discussed earlier. The National Longitudinal Survey

of Youth (NLSY) Children and Young Adults survey began in 1986 by surveying fe-

male descendants of the originally NLSY79 cohort. While the NLSY does not contain a

measure of ADHD diagnosis, it does contain similar questions which we can use to con-

struct a measure of mother-reported hyperactivity. This outcome variable is identical

to the child hyperactivity measure from the PSID used earlier. Within the NLSY data,

we follow children biannually from 2000 to 2004. Table 2.8 displays descriptive statis-

tics of the NLSY sample of children that are between the ages of 4 and 9. Note that

the average age (and age range) of the children in the NLSY is slightly younger than

that of the PSID. Across all panel years, the average age of a child is 7, the total family

income of the households is $70,000, and approximately 25% of children live in female-

headed households. Across the panel, mother-reported hyperactivity increases from 1.6

in 2000, to 1.8 and 1.77 in 2002 and 2004, respectively.
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Table 2.8: Descriptive Statistics: NLSY Sample

Descriptive Statistics
All 2000 2002 2004

Total family income ($10,000s) 7.07 6.24 7.61 7.87
Age 7.31 7.02 7.27 8.06
Mother Age 39.69 38.32 40.14 41.86
%Male 0.5 0.5 0.51 0.5
%Female 0.5 0.5 0.49 0.5
%Black 0.22 0.21 0.23 0.24
%White 0.61 0.65 0.59 0.58
%Other 0.16 0.15 0.17 0.17
%Female-headed household 0.25 0.25 0.24 0.27
%Male-headed household 0.75 0.75 0.76 0.73
%Head of HH some college 0.57 0.55 0.59 0.57

Outcome
Hyperactivity 1.71 1.6 1.8 1.77

Observations 2116 911 792 431
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To test whether mother-reported hyperactivity within the NLSY is impacted

by educational policy, we use the specification from Equation 2.2 to replicate the ear-

lier analysis of data from the PSID. Table 2.9 displays these results. Since NLSY panel

years are slightly different from those in the PSID, we include interactions of each pol-

icy variable with indicators for the latter panel years of 2002 and 2004. Once again, we

divide the sample into two groups: those mothers that reported zero hyperactivity in

the initial panel year of 2000, and those that initially reported higher levels. The first

column displays results for the full sample, none of which are significant. Interestingly,

within the subsample of children whose mothers initially reported no behavioral prob-

lems, we see results that are quite similar to those from the PSID sample. The rewards

policy interacted with the year 2002 is positive and significant at the 1% level, indi-

cating that among mothers initially reporting zero hyperactivity, the institution of a

rewards policy by the year 2002 led them to report 0.514 higher levels of hyperactivity.

This result is comparable however slightly larger than the 0.397 increase in reporting

within the PSID sample, which lends greater strength to the finding that rewards poli-

cies led mothers to reevaluate or become aware of child behavioral problems. Within

the NLSY sample, we also find positive and significant effects of the assistance policy

interacted with 2002. While we do not find any significant results for assistance using

PSID data, the positive and significant effects of assistance within the NLSY sample

complement findings of Bokhari and Schneider (2011).
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Table 2.9: Hyperactivity Regressed on School Accountability Policies by Sub-
group: NLSY Sample

Full Sample Hyp=0 in 2000 Hyp>0 in 2000
Rewards -0.147 -0.276 0.019

(0.215) (0.156) (0.304)
Rewards*2002 0.295 0.514*** 0.021

(0.213) (0.167) (0.304)
Rewards*2004 0.122 0.127 0.228

(0.259) (0.235) (0.384)

Assistance 0.135 -0.258 0.441
(0.259) (0.283) (0.418)

Assistance*2002 0.205 0.512** 0.020
(0.253) (0.192) (0.381)

Assistance*2004 -0.088 0.308 -0.425
(0.378) (0.474) (0.456)

Sanctions 0.017 0.099 -0.005
(0.216) (0.200) (0.298)

Sanctions*2002 -0.444 -0.541 -0.384
(0.317) (0.273) (0.485)

Sanctions*2004 -0.093 -0.290 0.146
(0.411) (0.498) (0.435)

Observations 2116 1145 971
a Table reports results replicating prior analysis from Table 3.4 with a sample from the
National Longitudinal Survey of Youth.

b The first column presents results for all children. The second column presents results
for the subgroup of children with a hyperactivity score of 0 in 2000. The third column
presents results for the subgroup of children who had a hyperactivity score of at least 1
in 2000.

c Standard errors (clustered by child and state) are in parentheses.
d **, and *** correspond to significance at the 5% and 1% levels, respectively.
e Controls for age, age-squared, and other covariates are included in each specification but
not reported. Time-invariant covariates are dropped with the inclusion of individual-
level fixed effects.
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2.6 Conclusion

This study adds to a sparse literature on the effects of state-level educational

reform on childhood mental health outcomes. We add to this literature by providing

evidence that educational policies (that influence teachers) may influence the diagno-

sis of ADHD and mother-reporting of symptoms and behavioral problems. We used

mother-reported, individual-level data from the PSID and data on school accountability

policy from Quality Counts to draw a link between the reporting of ADHD symptoms

and subsequent ADHD diagnosis and changes in school accountability laws. Relying

on variation across states and across time in the implementation of school accountabil-

ity laws, we use a child fixed effects methodology to show impacts of educational pol-

icy on ADHD. We find strong effects showing that rewards policies aimed at successful

schools increase the likelihood that a child is diagnosed with ADHD by the year 2002,

the initial year that NCLB was implemented. Specifically, we find that living in a state

with educational rewards policies by 2002 increases the probability of an ADHD diag-

nosis within a given child by 2.7 percentage points (approximately 40% of the mean in

2002). Similarly, we show that among mothers initially reporting a hyperactivity level

of zero and living in states that implement rewards by 2002, hyperactivity reporting

is 0.397 higher within a given child. This might indicate that educational policy influ-

ences mothers that originally held beliefs that their children had no behavioral prob-

lems, which we believe to be suggestive evidence of mis-diagnosis. To further show that

our ADHD results are not driven by state-level unobservables, we perform a placebo

analysis using a group of private school children. We find that rewards policies did not

significantly impact the likelihood that private school children were diagnosed with

ADHD. We also replicate our analysis of child hyperactivity using an another sample

of children from the NLSY. Both the PSID and NLSY produce similar findings.

ADHD is one of the more difficult-to-diagnose mental health disorders as a re-

sult the inherent subjectivity that confounds clear diagnosis of the condition. It is likely

then that the educational policies discussed here have had a larger affect on ADHD

than on other forms of disability that may be less subjective in nature. Diagnosis of
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ADHD depends on many factors including physician attitudes, input from parents and

teachers, and even regional or cultural norms. Educational policy, by changing teacher

incentives can increase the likelihood of a child being identified as having hyperactiv-

ity problems. Identification of treatment of these children could result in a more fo-

cused child that will return better outcomes. Alternatively, it could result in some po-

tential case of mis-diagnosis. While our findings support the idea that among various

school accountability policies those rewarding educators for student performance lead

to higher rates of ADHD diagnosis, it is impossible to distinguish between children now

receiving a proper diagnosis versus a mis-diagnosis with complete accuracy. We do be-

lieve, however, that our analysis of mother-reported hyperactivity suggests the presence

of mis-diagnosis. If this is the case, it will be important going forward to ensure that

children receiving diagnosis are done so appropriately, and physicians should remain

aware of the potential for perverse incentives to influence survey respondents attitudes

toward the disorder.

2.7 Data Appendix

Figures 2.3, 2.4, and 2.5 show the state-wide variation in each of the three edu-

cational policies: rewards, assistance, and sanctions, respectively. Blue states indicate

those that have a policy in a given year, while states in white are those without the

policy. From 1997 to 2002 and 2007, there is significant amount of movement in the ed-

ucational policies, with many additional states adopting the policies in the later time

period.
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Figure 2.3: Rewards Policy: Change in Treatment Status Across Time
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Figure 2.4: Assistance Policy: Change in Treatment Status Across Time
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Figure 2.5: Sanctions Policy: Change in Treatment Status Across Time
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Table 2.10 displays observable characteristics of the sample in the initial year for

both treated individuals (those living in states with a particular policy), and those in

the control group (living in states without the policy). The only category in which per-

sistent differences between treatment and control exist is race. In general, individuals

that are black are more likely to live in the treated states, while those that are white

and in the other race category more likely to live in control states.
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Table 2.10: Observable Characteristics Across Policy Treatment: 1997 Panel

A. Rewards Policy Control Treated Difference Std Err t-stat

Total family income 4.545 4.413 -0.132 0.166 -0.797
Age 6.097 6.143 0.046 0.139 0.33
%Male 0.498 0.518 0.021 0.019 1.1
%Female 0.502 0.482 -0.021 0.019 -1.1
%Black 0.323 0.516 0.193 0.018 10.7
%White 0.523 0.402 -0.121 0.018 -6.521
%Other 0.101 0.036 -0.065 0.01 -6.736
%Female headed household 0.266 0.324 0.057 0.017 3.384
%Male headed household 0.734 0.676 -0.057 0.017 -3.384
%Head of HH some college 0.426 0.467 0.041 0.019 2.2

B. Assistance Policy Control Treated Difference Std Err t-stat

Total family income 4.491 4.484 -0.007 0.166 -0.042
Age 6.143 6.085 -0.058 0.139 -0.416
%Male 0.514 0.497 -0.017 0.019 -0.916
%Female 0.486 0.503 0.017 0.019 0.916
%Black 0.353 0.477 0.125 0.018 6.856
%White 0.513 0.415 -0.098 0.019 -5.293
%Other 0.084 0.058 -0.026 0.01 -2.71
%Female headed household 0.27 0.319 0.049 0.017 2.874
%Male headed household 0.73 0.681 -0.049 0.017 -2.874
%Head of HH some college 0.448 0.439 -0.009 0.019 -0.488

C. Sanctions Policy Control Treated Difference Std Err t-stat

Total family income 4.499 4.484 -0.014 0.197 -0.072
Age 5.901 6.181 0.281 0.164 1.706
%Male 0.505 0.507 0.003 0.022 0.116
%Female 0.495 0.493 -0.003 0.022 -0.116
%Black 0.184 0.473 0.289 0.021 13.736
%White 0.524 0.455 -0.069 0.022 -3.148
%Other 0.221 0.029 -0.192 0.011 -17.604
%Female headed household 0.202 0.318 0.116 0.02 5.801
%Male headed household 0.798 0.682 -0.116 0.02 -5.801
%Head of HH some college 0.413 0.453 0.04 0.022 1.843
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Table 2.11 shows the impact of public educational policy change on ADHD diag-

nosis of children that are schooled privately. Coefficients are largely insignificant across

all specifications including and excluding varying levels of fixed effects. At baseline in

the year 1997, privately schooled children are significantly more likely to have ADHD

than those in public schools, however this significant difference is not persistent in the

latter panel years.
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Table 2.11: ADHD Diagnosis Regressed on School Accountability Policies: Pri-
vate School Children

Dependent Variable: ADHD Diagnosis
(1) (2) (3) (4) (5)

Rewards -0.024 -0.020 -0.084 -0.038 -0.037
(0.033) (0.034) (0.049) (0.030) (0.031)

Rewards*2002 0.046 0.041 0.019 0.064 0.065
(0.037) (0.041) (0.033) (0.043) (0.043)

Rewards*2007 0.081 0.048 0.048 -0.021 -0.021
(0.071) (0.061) (0.071) (0.075) (0.076)

Assistance 0.027 0.030 0.010 -0.006 -0.007
(0.037) (0.036) (0.038) (0.037) (0.039)

Assistance*2002 0.018 0.013 0.041 0.012 0.013
(0.039) (0.046) (0.022) (0.023) (0.025)

Assistance*2007 -0.053 -0.102 -0.094 0.062 0.065
(0.107) (0.132) (0.092) (0.055) (0.056)

Sanctions 0.033 0.053** 0.049 -0.037 -0.036
(0.026) (0.022) (0.040) (0.029) (0.031)

Sanctions*2002 -0.092 -0.112 -0.060 -0.013 -0.015
(0.066) (0.065) (0.049) (0.023) (0.026)

Sanctions*2007 0.040 0.017 0.008 0.030 0.028
(0.078) (0.077) (0.056) (0.029) (0.032)

Year FE No Yes Yes Yes Yes
State FE No No Yes No Yes
Child FE No No No Yes Yes

Observations 534 534 534 534 534
a Results are for the fixed effects model outlined in equation 2.2 for private school children.
b Standard errors (clustered by child and state) are in parentheses.
c ** and *** correspond to significance at the 5% and 1% levels, respectively.
d Controls for age, age squared, and other time-varying covariates are included in each specification but not reported.
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While a child fixed effects model is revealing, it is important to explore alter-

native difference-in-differences (DD) models to further explore the mechanism between

rewards policies and ADHD diagnosis. In this section, we present results of an alterna-

tive DD model that explores the impact of states making a transition from non-rewards

status to implementing the policy. We explore two separate time windows for the DD

estimator: from 1997 to 2002 and from 2002 to 2007, using 1997 and 2002 as the base-

line period of each model.

As the early 2000s was a period of heavy educational policy movement, it is not

uncommon for a state to have a policy in the prior period, but remove the policy in a

later period. To better pinpoint that effect of the rewards policy on levels of ADHD,

we drop all states that move from having the policy to being without. Over the 97 to

02 period, this results in the dropping of the following states: Connecticut, Illinois,

Michigan, New Jersey, Ohio, Oregon, South Carolina, Texas, Vermont, and Washing-

ton. For the later period, 2002 to 2007, this leads to the dropping of Arkansas and

Deleware.

Table 2.12 presents results of each model under the inclusion of state and year

fixed effects, and separately also including an individual fixed effect. From columns (1)

and (2), we see the same effect of the rewards policy treatment captured by equation

2.1. From column (3), using 2002 as the baseline year and only controlling for two-way

fixed effects, there is no significant effect of rewards treatment on ADHD diagnosis. In-

terestingly, after also including an individual fixed effect, the treatment effect of a re-

wards policy by 2007 is positive, now larger in magnitude, and significant at the 1%

level. This indicates that once states that may confound the analysis are dropped, the

rewards policy has a persistent impact by the year 2007.
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Table 2.12: Difference-in-Differences Models: Impact of Rewards on ADHD
Diagnosis

Dependent Variable: ADHD Diagnosis
(1) (2) (3) (4)

Baseline Rewards -0.022 -0.019 -0.004 -0.024
(0.014) (0.013) (0.014) (0.016)

Treatment by 2002 0.032*** 0.027**
(0.011) (0.010)

Treatment by 2007 0.016 0.054***
(0.020) (0.018)

State and Year FE Yes Yes Yes Yes
Child FE No Yes No Yes

Observations 3924 3924 4335 4335
a Results are for a difference-in-differences specification estimating the treatment effect of enacting a rewards
policy by the year 2002 and the year 2007, separately.

b For columns (3) and (4), 2002 is the baseline year.
c Standard errors (clustered by child and state) are in parentheses.
d ** and *** correspond to significance at the 5% and 1% levels, respectively.
e Controls for age, age squared, and other covariates are included in each specification but not reported.
Time-invariant covariates are dropped in specifications that include individual-level fixed effects.
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CHAPTER 3
CHILD ADHD AND PARENTAL OUTCOMES

3.1 Introduction

Caring for a child with a disability can have a substantial impact on a family

unit both emotionally and financially. Stabile and Allin (2012) review the literature on

childhood disability and estimate that having a child with a disability costs the average

family $30,500 per year. These costs include direct costs such as appropriate medical

and daycare for the child, delayed human capital development for the child impacting

their labor market as they age into adulthood, and the societal burden of safety net

programs for children with disabilities. Furthermore, they estimate this figure to be

a lower bound as it does not include all costs, notably health insurance costs for the

child. Childhood disability does not only influence families financially, but it can also

have an impact on family structure. Caring for a disabled child can be quite straining

on a relationship, and child health may have a direct influence on the civil status of

parents (Reichman et al. (2004)).

To better deal with the financial and emotional changes that occur when car-

ing for a child with a disability, parents may alter their labor supply or change their

civil status. It is important to note that impacts of caring for children with disabilities

on the labor market and the home market are theoretically ambiguous. First, regard-

ing the labor market, caring for a disabled child may require additional parental time

investment, as parents are forced to substitute their own time to look after the child.

This may be because appropriate childcare for disabled children is unavailable or more

expensive (Powers (2001)). This additional parental time investment may lead parents

to decrease their labor supply in order to better care for the child. Alternatively, due

to the large costs of health care to manage a disability, parents may need to work ad-
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ditional hours to pay for the medical expenses associated with their child’s condition.

Second, with respect to the home market, it may be the case that caring for a disabled

child puts a considerable strain on the parents’ relationship that inevitably leads to

dissolution. Alternatively, caring for a loved one that suffers from an impairment may

strengthen the bond of a relationship and decrease the likelihood of separation or di-

vorce. Due to the ambiguous theoretical mechanisms described above, empirical studies

of child disability remain ever-important.

Over the past twenty five years, mental disabilities have overtaken physical dis-

abilities as the leading cause of activity limitations in children (Currie et al. (2014)),

and Attention Deficit Hyperactivity Disorder (ADHD) is now the most commonly di-

agnosed mental condition among American children (Mayes et al. (2008)). Despite its

widespread nature, there is a scarce literature studying effects of the condition on hu-

man capital accumulation (Currie and Stabile (2006)) and impacts of child ADHD on

classmates and siblings (Aizer (2008); Fletcher and Wolfe (2008)). Furthermore, there

is very limited work looking at child ADHD and parental outcomes. Because the con-

dition is so prevalent in children and likely to impact a large spectrum of parents, it is

important to develop an understanding of any impacts, whether positive or negative,

on parental labor market and civil status outcomes. This understanding can aid poli-

cymakers in providing support (if needed) to families of children with ADHD to help

them better cope with the financial and emotional impacts of the condition.

In this paper, I study the effect of a particular childhood disability, Attention

Deficit Hyperactivity Disorder (ADHD) on parental labor market and civil status out-

comes. Following the discussion of general disability above, the theoretical effect of

childhood ADHD on parental outcomes remains unclear. Caring for a child with ADHD

can be very stressful for parents, particularly if the child displays the impulsive/hy-

peractive form of the condition. This may require more time allocation to the home

market by either the mother or father, or both parents. Parents will then substitute

away from the labor market along the intensive margin (number of hours worked per

week), or along the extensive margin by exiting the labor market altogether. Alter-
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natively, ADHD is commonly treated using prescription psychostimulants, and these

drugs can be very expensive. It may be the case that parents allocate more time to the

labor market in order to better afford treatment. The stresses of caring for a child with

ADHD, manifesting both within the home market through added stress, and within the

labor market through increased financial burden, may inevitably lead parents to dis-

solve their relationship by becoming divorced or separated. Alternatively, caring for a

child with ADHD may strengthen the bond of parents, and lessen the likelihood that

they dissolve the relationship.

I build upon the work of Kvist et al. (2013), who study the topic using a sam-

ple of Danish children, in two different ways. First, I extend the analysis to a repre-

sentative sample of American children within the Panel Study of Income Dynamics

(PSID). The PSID data structure allows me to follow parents and children across time,

and hence observe any changes in outcomes that may occur, particularly in the years

surrounding childbirth. Second, I implement an improved identification strategy to ad-

dress potential concerns of endogeneity. Child ADHD is likely endogenous to parental

outcomes, as unobservable parental characteristics may simultaneously impact the like-

lihood of the child receiving a positive diagnosis and the parental outcome. To address

this issue of endogeneity, I implement an Instrumental Variables framework using ed-

ucational policy as an instrument for child ADHD. Prior work has shown that educa-

tional policy is positively correlated with ADHD diagnosis within children (Bokhari

and Schneider (2011); ?; ?), while it remains plausibly exogenous to parental labor

market and relationship outcomes. If the instrumental variable is determined to be

valid, then it can obtain unbiased and consistent estimates of the impact of the con-

dition on parental outcomes.

3.2 Background Information

3.2.1 Attention Deficit Hyperactivity Disorder

ADHD is a mental health disorder that affects an individual’s cognitive devel-

opment, and typically, the condition is first diagnosed in childhood. Due in part to its

70



wide prevalence, ADHD has costs to society between $143 and $266 billion per year

(Doshi et al. (2012)). ADHD is a disability that affects not only the diagnosed child,

but also members of the family and community with which they are closest. Friends

that the child associates with at school may be impacted through peer effects (Aizer

(2008)), parents are potentially impacted at the labor market or home markets, and

teachers may be impacted through the child’s performance on standardized tests. Once

again, due to the ambiguous theoretical relationship discussed in the previous section,

it is important to establish multiple empirical studies of the impact of childhood ADHD

on parental outcomes. If it is the case that having a child with the condition hinders

the labor supply of parents, then policies that are aimed at providing parents with the

support necessary to sustain their previous level of income may be beneficial in the

long run. The potential earnings losses resulting from caring for a child with ADHD

may provide the rationale for the installation of policies which provide financial sup-

port to these parents. Additionally, because low income families are more likely to have

a child with the condition, the potential negative effect on earnings may help explain

the persistence of poverty across generations (Brooks-Gunn and Duncan (1997)). With

respect to civil status, if having a child with ADHD has a negative, causal impact on

parents’ relationship dissolution, then policies that are geared toward providing couples

with counseling and emotional support mechanisms may help parents cope with the

added stresses of caring for a child with the condition.

Though there is a sizable literature on parental labor market outcomes and

children with disabilities and mental illnesses (see Marcotte and Wilcox-Gök (2003);

Powers (2001); and Powers (2003)), there is only limited work that has studied ADHD

specifically. Fletcher (2014) was the first to study the effect of an individual being diag-

nosed with ADHD as a child on labor market outcomes as an adult. Using Add Health

data and comparing baseline OLS estimates to sibling fixed effects models, he finds

that individuals who suffer from ADHD face a 10-14 percentage point reduction in em-

ployment, an earnings reduction of approximately 33%, and an increase in social assis-

71



tance by 15 percentage points.1 It is quite evident that having ADHD as a child has a

definite impact on human capital accumulation, which has a lasting effect on the child

as they age into the labor force. The ability of the child to learn and develop cogni-

tively is an important factor in the child’s career success later in life.

Clearly, a shock to human capital accumulation causes the child economic harm

in the long run. It is less clear, however, how caring for a child with ADHD can af-

fect outcomes of the parent. Kvist et al. (2013) study the impact of childhood ADHD

on parental civil status and labor market outcomes. Using Danish register-based data

from 1990-1997, they use OLS and probit regressions while controlling for a host of ob-

servable characteristics to show that having a child with ADHD has a strong and neg-

ative impact on outcome variables including civil status, intensive labor supply of both

the mother and father, and extensive labor supply of the mother. They refer to fami-

lies of children diagnosed with ADHD as the treatment group, and families of children

not diagnosed with ADHD as the control group. Specifically, with respect to relation-

ship dissolution, they find that ten years after childbirth, parents who have a child with

ADHD are 75% more likely to be divorced or no longer cohabiting when compared to

parents who do not have a child with ADHD. With respect to labor market outcomes,

they find that parents of children with ADHD have a 7-13% lower labor supply than

their counterparts in the control group.

Interestingly, Kvist et al. (2013) find heterogeneous effects of intensive labor

supply. They find that if a girl is diagnosed with ADHD, the mother’s intensive labor

supply suffers the most, while if a boy is diagnosed with the condition, then it is the

father’s intensive labor supply that declines the most. Because it may be the case that

a child becomes diagnosed with ADHD and the mother then decides to not work while

the father continues to participate in labor market activities, they study the extensive

labor market of the mother. They find that mothers of children with the condition sup-

ply less labor at the extensive margin than mothers from the control group. Kvist et al.
1Fletcher (2014) points out that if ADHD is measured with error, then the bias should be more

substantial within a sibling fixed effects model. This is due to the potential for the mother to misre-
port across multiple children.
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(2013) attribute about half of the gap in labor supply to be due to selection, while the

remainder of the gap is likely due to the high psychic costs of coping with a child with

ADHD.

Much of the epidemiological literature associates poor child health with adult

outcomes, however it has no discussion of a causal relationship between the two. Kvist

et al. (2013) add to this literature by moving in the direction of inferring a causal mech-

anism between child mental health and parental outcomes. There are some potential

drawbacks with their identification strategy, however, that prevent the establishment

of this causal relationship. Though they control for a host of observable characteristics,

their analysis likely suffers from omitted variables bias. Specifically, with regards to la-

bor supply and ADHD diagnosis, there may be some unobservable characteristics that

influence both the dependent variable and the independent variable of interest. These

unobservables may confound results using OLS estimation, and hence create the need

for an improved identification strategy.

3.2.2 State-Level Educational Policy

This paper uses state-level educational policy as an instrumental variable for

child ADHD diagnosis. To further describe the mechanism linking education and ADHD,

Morrill (2018) lays out the U.S. special education landscape in great detail, and the ap-

pendix is particularly helpful in describing the differing levels of educational funding.

To provide a free and appropriate education, schools must provide added services to

students with disabilities or special educational needs. States have a great deal of au-

tonomy in making special education funding decisions, and these state-specific differ-

ences create a source of variation in the generosity of funding that is offered to schools.

As schools have more information on needs than the states, Morrill (2018) describes

the principal/agent problem that emerges, with schools having an incentive to classify

children as needing special education.

Morrill (2018) broadly classifies states into two groups: either offering financial

incentives based upon the identification of children as requiring special services or not

offering incentives. For the former group, educational funding amounts are typically
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awarded as a function of the number of students requiring services. This can occur in a

number of different ways, including a single or multiple weight scheme that provides

larger amounts of funding for disabilities that are more severe. The latter group of

states are characterized as ‘no incentive,’ and they receive no additional funding based

upon the number of students in the special needs category.

Using the variation in special education funding policies across states described

above, Morrill (2018) finds that children living in states with financial incentives are

about 15 percent more likely to report having ADHD and are about 22 percent more

likely to take ADHD medication. Since ADHD is more subjective than the average

health condition, it may be particularly susceptible to issues of moral hazard, with

schools having an obvious incentive to recommend diagnosis to parents. Moreover, the

incentive to push ADHD diagnosis is particularly large in situations in which multiple

weights are assigned for funding. This is because ADHD is typically classified as an

“other health impairment,” which is typically assigned a weight above the lowest level

(Morrill (2018))

3.3 Data and Sample Selection

This study uses data from from the Panel Study of Income Dynamics (PSID)

Main Interview and the Child Development Supplement (CDS). The PSID began in

1968 with a nationally representative sample of more than 18,000 individuals living in

5000 U.S. households. In 1997, the PSID began the CDS and surveyed the children of

original PSID family units. All descendants of original PSID families are interviewed

in waves 1997, 2002, and 2007, and ADHD diagnosis and child-level information is ob-

tained from these three waves. The PSID also includes data on a number of parental

labor market and civil status variables. We focus on a sample of families within the

PSID over the years 1994-2007. Specifically, we track the labor and home market out-

comes of parents of 3,168 children across time.

The educational policy data for this study was published by Morrill (2018), who
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relied heavily on the work of Parrish et al. (2003) and Ahearn (2010)..2 The instrumen-

tal variable is an indicator for whether or not a child lives in a state that offers a finan-

cial incentive to classify children as requiring special education.

Labor market outcomes for both the father and mother include hours worked

per week and weeks worked per year among those that work nonzero hours/weeks, and

labor market participation. Both hours worked per week and weeks worked per year

are used as measures of labor market activity along the intensive margin, while labor

force participation measures a parent’s activity along the extensive margin. The civil

status outcome is an indicator variable for whether or not the household head is mar-

ried. Observations are at the individual-level, with each child associated with a particu-

lar father and mother.

Our sample includes child-parent matchings of children born between 1983 and

1997, and we restrict the sample to include observations up to the child’s 18th birth-

day. Further, we restrict the sample to only child-parent matchings in which labor mar-

ket information of the parents is non-missing.3

The PSID offers a rich set of information on both children and parents. Con-

trol variables capturing parental characteristics include age and education level of the

parent as well as the self-reported health status of the parent.4 Covariates containing

information on children include an indicator for the sex of the child, age of the child,

whether the child lives with any siblings, and dummies for low birth weight and birth

order.

Table 3.1 shows descriptive statistics for both outcomes and covariates for fam-

ilies that have a child with ADHD as compared to those that have a child without the

condition. Test-statistics that are in bold indicate statistically significant differences of

the two groups at the 5% level. Fathers of children with ADHD seem to supply their

labor to the market significantly less than the comparison group across both intensive
2See the online appendix of ? for a more detailed description of the educational policy
3It is important to note that we have three different labor market outcome variables for each the

father and mother, and there is missing data that is specific to each of the outcomes. Hence, in the
analysis, sample sizes vary across outcomes.

4Self-reported health is an index variable ranging from 1 (excellent) to 5 (poor).
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and extensive margins. Differences are less significant for mothers, particularly in terms

of weeks worked per year and labor force participation. Additionally, parents of chil-

dren with ADHD are less likely to be married than those of children without the disor-

der.
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Table 3.1: Descriptive Statistics

No ADHD ADHD Difference t-stat
Outcome Variables:

Hours Worked of Father 43.50 42.55 0.96 2.86
Weeks Worked of Father 47.62 46.77 0.86 4.38
Labor Force Participation of Father 0.97 0.93 0.03 6.87
Hours Worked of Mother 30.46 29.25 1.21 2.82
Weeks Worked of Mother 42.71 41.66 1.05 2.85
Labor Force Participation of Mother 0.83 0.81 0.01 1.41

Characteristics of Parents:

Married 0.59 0.60 -0.01 -1.31
<12 Years Education Father 0.19 0.21 -0.02 -2.63
12 Years Education Father 0.32 0.35 -0.03 -2.67
>12 Years Education Father 0.49 0.44 0.05 4.58
<12 Years Education Mother 0.18 0.25 -0.07 -6.24
12 Years Education Mother 0.29 0.28 0.01 1.04
>12 Years Education Mother 0.53 0.48 0.05 3.92
Age of Father 39.15 39.11 0.04 0.18
Age of Mother 36.89 36.85 0.04 0.19
Total Family Income 69754.43 61517.01 8237.42 4.43
Self-Reported Health Father 2.16 2.33 -0.17 -6.67
Self-Reported Health Mother 2.12 2.38 -0.26 -9.80

Characteristics of Children:

Male child 0.49 0.72 -0.23 -20.64
Age 8.39 8.65 -0.26 -2.54
Has Siblings 0.77 0.74 0.04 3.25
Low Birth Weight 0.08 0.11 -0.03 -4.41
First Born 0.40 0.41 -0.01 -0.47
Second Born 0.34 0.34 0.00 -0.03

a Table 1 compares families of children with ADHD to families of children without the condition. Bold test-statistics
indicate statistical differences at least at the 5% level.

b Outcome variables have occasional missing observations that are variable specific, and hence the sample size will
differ slightly across models. The maximum number of observations for a model is 7394.

c Descriptive statistics are for the years 1994-2007.
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In terms of observable characteristics, both fathers and mothers in families of

ADHD children are significantly more likely to have less than a high school degree and

significantly less likely to have some college education. Parents of children with ADHD

tend to report worse health than parents of non-ADHD children. Male children make

up a larger share of the group with ADHD, as do children from single parent homes

and those born with low birth weight.

As it is of interest to observe effects across time, with particular interest in the

years before and after childbirth, Figure 3.1 and Figure 3.2 show labor market out-

comes in the years surrounding childbirth of fathers and mothers, respectively. In gen-

eral, plots for children with ADHD show more volatility than those of children with no

ADHD. Differences in the two groups are more pronounced for fathers than for moth-

ers. From Panels (a) and (b) of Figure 3.1, fathers of children with ADHD have lower

intensive labor supply than those of non-ADHD children, and these differences seem

prominent in as early as 5 years prior to the birth of the child. Panel (c) shows the

measure of extensive labor supply. There is a sharp drop in the extensive labor supply

of fathers in families with ADHD children following the year of childbirth.
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Figure 3.1: Labor Market Outcomes of Father

(a) Hours Worked/Week

(b) Weeks Worked/Year

(c) Labor Force Participation
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Figure 3.2 displays the same plots for mothers in each type of household. Differ-

ences in either intensive or extensive labor supply are not as apparent as with fathers.

It is important to note that maternal labor supply drops along both margins in year

0, the year that the mother gives birth to the child. Along both margins, maternal la-

bor supply recovers in the years shortly after the birth of the child. Finally, Figure 3.3

plots the likelihood that couples within each group are married in the years surround-

ing the birth of the child. In general, parents of children with ADHD are less likely to

be married than those of healthy children, and this difference exists prior to the birth

of the child.
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Figure 3.2: Labor Market Outcomes of Mother

(a) Hours Worked/Week

(b) Weeks Worked/Year

(c) Labor Force Participation
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In many of the plots from the figures above, it seems that differences in parental

labor supply and marital status existed well before the birth of the child. The only out-

come variable for which it appears that the differences did not exist before birth is the

labor force participation of fathers, in which we observe that those of children with

ADHD show a substantial drop in participation in year 0. With the exception of the

father’s labor force participation, these plots largely indicate that perhaps it is not the

birth of the child with ADHD that negatively impacts the labor and home markets, but

instead some characteristics inherent within the parents.
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Figure 3.3: Household Marital Status
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Though these are revealing, such depictions are merely descriptive and don’t

control for factors outside of child ADHD status that may impact parental outcomes.

The next section describes the instrumental variables framework that attempts to ac-

count for such factors.

3.4 Empirical Strategy

This study uses educational policy as an instrumental variable to access the im-

pacts of caring for a child with ADHD on parental outcomes. We, thus, use an indica-

tor for whether a child lives in a state offering financial incentives to classify children

as special needs to instrument for child ADHD diagnosis. The first stage is given by

Equation 1:

ChildADHDist = δFIist +Xistθ +Mt + νist, (3.1)

where FI is whether a child i’s state s offers financial incentives in year t. We

control for parental and child characteristics with the vector X. To control for unob-

servables that may vary across time, we include a year fixed effect denoted by Mt. The

second stage is given by Equation 2:

Yist = α ̂ChildADHDist +Xistβ + εist, (3.2)

where Y is a parental labor market or relationship outcome and ̂ChildADHD is

the predicted child ADHD diagnosis from Equation 1.

Equation 2 will produce consistent estimates provided that living in a state of-

fering financial incentives influences the likelihood that a child is diagnosed, while re-

maining uncorrelated with the error term, ε.

Some details of this specification merit additional explanation. First, our vari-

able of interest ADHD status indicates whether or not the child ever becomes diag-

nosed with the condition during adolescence, and hence does not reveal the specific

date of diagnosis. Though this is a potential drawback as we fail to realize the true
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effect of an ADHD diagnosis, we don’t anticipate this to be an issue as undiagnosed

ADHD may be more stressful to parents than the diagnosed case. Hence, any negative

labor market and relationship dissolution effects may become apparent in the years be-

fore the positive diagnosis of a child. One might interpret α as the marginal effect of

caring for a child with ADHD on parental outcomes. Standard errors are clustered at

the state level.

3.5 IV Validity

3.5.1 Condition 1: First Stage Results

The first stage results are reported in Table 3.2 and show the relationship be-

tween the educational policy and child ADHD diagnosis. Each regression controls for

child and parent characteristics as well as time fixed effects. For most outcome vari-

ables, the impact of living in a state offering financial incentives is positively related to

child ADHD diagnosis and significant at the 1% level. Looking at the first stage results

for the father’s hours worked per week outcome variable, living in a state that offers fi-

nancial incentives leads to 3.6 percentage point increase in the likelihood that the child

will be diagnosed with ADHD (compared to a family living in a non-financial incen-

tives state). For several outcome variables, the F-statistics lie sufficiently close to 10,

the threshold at which an instrument may be considered to be strong.
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Table 3.2: First-Stage Results: Dependent Variable is Child ADHD

(a) Father
(1) (2) (3)
Hours/Wk Weeks/Yr LFP

Financial Incentives 0.036*** 0.036*** 0.032**
(0.012) (0.012) (0.013)

F-Statistic 9.48 9.48 6.16
Observations 12997 12997 13676

(b) Mother
(1) (2) (3)
Hours/Wk Weeks/Yr LFP

Financial Incentives 0.048*** 0.048*** 0.032**
(0.015) (0.015) (0.013)

F-Statistic 9.8 9.8 6.16
Observations 10097 10097 13676
a Table displays results of first-stage regressions associated with each out-
come variable (intensive and extensive labor supply of the father and
mother). The dependent variable in every regression is child ADHD.

b Standard errors (clustered at the state level) are in parentheses.
c *, **, and *** correspond to significance at the 10%, 5%, and 1% levels,
respectively.

d Each regression includes year fixed effects as well as controls for child and
parent characteristics.
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3.5.2 Condition 2: Exclusion Restriction

In order for the instrumental variables approach to be valid, the exclusion re-

striction must hold. That is, educational policy must be unrelated to states’ labor mar-

ket and marital status landscapes. It is impossible to test whether educational policy

is correlated with unobservables impacting parents’ labor supply and relationship sta-

tuses. It is likely the case, however, that if parental outcomes are not statistically dif-

ferent within financial incentives versus non-financial incentive states, then the instru-

ment satisfies the exclusion restriction. Table 3.3 displays means for each outcome vari-

able for those parents living in financial incentive versus non-financial incentive states.

For fathers, those living in financial incentives states seem to supply their labor at sim-

ilar rates to those in non-financial incentives states. For mothers, those in financial in-

centives states seem to work more hours per week and are more likely to participate at

the labor market.
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Table 3.3: Outcomes by State of Residence: FI-States Versus Non-FI-States

Non-FI FI Difference t-stat
Outcome Variables:

Hours Worked of Father 43.70 43.30 0.40 1.76
Weeks Worked of Father 47.65 47.49 0.15 1.15
Labor Force Participation of Father 0.96 0.96 0.00 0.38

Hours Worked of Mother 29.47 30.62 -1.15 -3.85
Weeks Worked of Mother 41.84 42.85 -1.01 -3.93
Labor Force Participation of Mother 0.80 0.84 -0.04 -5.62
a Table 3 compares means of each outcome variable for parents living in states with the educational policy
and those living in states without. Bold test-statistics indicate statistical differences at least at the 5%
level.
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As there are no statistical differences for labor market participation outcome for

fathers across the two groups, it it plausible that the financial incentives variable is ex-

ogenous to the father’s labor supply. While statistical differences do exist for mothers,

this is potentially due to having a smaller sample size.

3.6 Results

Table 3.4 shows second-stage results for fathers, mothers, and marital status.

Odd numbered columns report estimates using simple OLS, while even numbered columns

show IV results. For fathers, both weeks worked per year and labor force participa-

tion are negative and significant at the 5% level using OLS. This indicates that all else

equal, caring for a child with ADHD negatively impacts intensive and extensive labor

supply of fathers. Columns (4) and (6) show results after using financial incentives as

an instrumental variable for child ADHD. Once the instrument is used, not only do

the coefficients shrink in magnitude, but they also become insignificant. This indicates

that perhaps for fathers, the negative and significant finding of OLS may be biased and

driven by omitted variables, and the IV allows us to obtain an unbiased results.

89



Table 3.4: Second-Stage Results: OLS vs IV

(a) Father
(1) (2) (3) (4) (5) (6)
Hours/Wk OLS Hours/Wk IV Weeks/Yr OLS Weeks/Yr IV LFP OLS LFP IV

Child ADHD -0.209 -8.429 -0.576** -4.533 -0.023** -0.017
(0.455) (14.084) (0.279) (6.444) (0.009) (0.142)

Observations 12997 12997 12997 12997 13676 13676

(b) Mother
(1) (2) (3) (4) (5) (6)
Hours/Wk OLS Hours/Wk IV Weeks/Yr OLS Weeks/Yr IV LFP OLS LFP IV

Child ADHD -1.185 17.272 -0.424 15.829* -0.008 0.820*
(0.711) (16.246) (0.546) (9.330) (0.016) (0.439)

Observations 10097 10097 10097 10097 13676 13676

(c) Marital Status
(1)
Married OLS Married IV

Child ADHD -0.014 -0.110
(0.015) (0.313)

Observations 13676 13676
a Table displays results of second-stage regressions associated with each outcome variable alongside results using OLS.
b Standard errors (clustered at the state level) are in parentheses.
c *, **, and *** correspond to significance at the 10%, 5%, and 1% levels, respectively.
d Each regression includes year fixed effects as well as controls for child and parent characteristics.
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For labor market outcomes of mothers and marital status, we find largely in-

significant results using either OLS or IV. The lack of any finding for labor market out-

comes of the mother may be due to the more limited sample of mothers that we have.

It is interesting to note, however, that OLS coefficients are negative for each of the la-

bor market outcomes, but once the instrument is used the sign changes in direction.

This is further indication that any results using OLS are potentially biased due to un-

observable characteristics.

3.7 Conclusion

This paper studies how child ADHD may impact parental labor market and re-

lationship dissolution outcomes, and contributes by attempting to address the poten-

tial endogeneity issue that is inherent within the topic. Since unobservable character-

istics may simultaneously impact parental outcomes and child ADHD status, we use

state-level financial incentives as an instrumental variable for child ADHD diagnosis.

Whether a state offers financial incentives to classify children as special needs is posi-

tively correlated to the likelihood that a child is diagnosed with the condition, while it

is plausibly exogenous to outcomes of parents.

We find negative and significant impacts of child ADHD on both the extensive

and intensive labor market outcomes of fathers using OLS. Once we address concerns

of endogeneity through an instrumental variables framework, however, these coefficients

shrink in magnitude and become insignificant. We find no significant effects for moth-

ers or marital status using either OLS or IV. While ADHD is a serious disorder that

can have a direct impact on the human capital accumulation of a child, it is likely not

severe enough a condition to impact the parental labor or home markets. It may be the

case that if a child has other comorbidities that confound the parents ability to take

care of the child, then the child’s ADHD may become a more serious issue for the par-

ents. Separating the impact of ADHD and other conditions is work for further research
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