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Abstract:

We exploit the discontinuity in age when childréarskindergarten generated by state
eligibility laws to examine whether relative ageisignificant determinant of ADHD
diagnosis and treatment. Using a regression diseoty model and exact dates of birth,
we find that children born just after the cutofhavare relatively old-for-grade, have a
significantly lower incidence of ADHD diagnosis amdatment compared with similar
children born just before the cutoff date, whor@latively young-for-grade. Since
ADHD is an underlying neurological problem whereidlence rates should not change
dramatically from one birth date to the next, thesselts suggest that age relative to
peers in class, and the resulting differences iaber, directly affects a child’s
probability of being diagnosed with and treatedA@HD.

l. I ntroduction
Nearly all critics of the U.S. healthcare systertertbat the U.S. spends far more on health care
than any other developed country yet performs pdarinternational comparisons on aggregate

outcomes such as life expectancy and infant meytalSome interpret these statistics as an indication
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1n 20086, per capita spending on health in the Wz $6,714, more than twice the median value €D
countries. Despite this spending, in 2005, the taBked 25 of 29 countries in average life expectancy and the
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that the U.S. health care system is on the “flatefcurve” (Fuchs, 2004) in the health production
function meaning the marginal health care dollafikttle or questionable medical value. The ooti

that a large fraction of health care spending peedllittle return is bolstered by data from thetBwauth
Atlas which shows that per capita Medicare reimbnsnts across hospital referral regions vary by a
factor of three (Wennberg et al., 2008), yet theidtle evidence that these differences in spegdiéad

to better quality of care (Baicker and Chandra 2@ better mortality outcomes (Fisher et al.,200

This same research program suggests that the alfsl educe Medicare spending by 30 percent without
any drop in medical outcomes. Similarly, the lngé of Medicine (2007) estimates that nationweksl|
than half of all treatments delivered are suppooedvidence.

The statistics reported above have lead to a greatphasis on reducing waste and improving
the quality of clinical decisions as cornerstoneany health care reform initiative. For exam@dg,1
billion was earmarked for cost-effectiveness regeas part of the American Recovery and Reinvedtmen
Act, signed into law on February 19, 2009 by PresidDbama.

The difficulty in implementing practice reform identifying what is and is not medically
appropriate. Utilization review is now commonplatenedicine and a large volume of research uses
chart review to identify procedures that are appad@ly indicated by medical conditions. Unforttelg,
chart reviews are expensive and in many instaresgsw can only indicate whether the treatment was
appropriate given the diagnosis, not whether thgribsis itself was correct in the first place.

In this paper, we implement a statistical procedarexamine the medical appropriateness of one
specific diagnosis (attention-deficit/hyperactivitisorder) and its most frequent treatment (stimisla
The procedure is implemented using informationdglly gathered in claims data files or reported in
surveys, which greatly reduces the data needs aeahpa other forms of utilization review.

Attention-deficit/hyperactivity disorder (ADHD) & neurological condition characterized by
delayed brain development (Shaw et al., 2010).oAtiag to the National Institute for Mental Health
(NIMH) ADHD Booklet (2008), children with ADHD arkyperactive and tend to have difficulty staying
focused and controlling behavior. The ADHD Booldgplains (p. 2) “it is normal for all children be
inattentive, hyperactive, or impulsive sometimag,fbr children with ADHD, these behaviors are more
severe and occur more often.” Not only is ADHIXidiilt to diagnosis, but often the diagnosis is mad
by a pediatrician or family physician without coltation with a mental health specialist (Safer and
Malever, 2000). In the United States about 5 tpdi@ent of children aged 6 to 18 have been diaghos

U.S. had the fourth highest infant mortality rat@8reporting countries. All data is from the OECD’sduently
requested data seridgtp://www.irdes.fr/EcoSante/DownLoad/OECDHealth®dErequentlyRequestedData.xls
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with ADHD and some estimates suggest this numtmeeased by 500 percent between the late 1980’s
and early 2000’s (Zuvekas et al., 2006).

In this paper, we provide evidence that the diaignarsd treatment of ADHD is heavily
influenced by the relative age of children in sdhddost public schools in the United States have a
official “age of start” date that indicates the éifay which a child must turn five years old in artte
enter kindergarten. Age at school start laws ergatsi-experimental variation in the age of ceidr
where those born just before the kindergartenkglity date may enter school in a given year, while
children born only a few days later must wait atireryear to start school. The children born jusfiore
the cutoff date are on average younger than thessmom peers. The relative immaturity of these
young-for-grade children may be mistaken as ADHB thuthe nature of the diagnostic guidelines that
suggest a comparison with a child’s peers. Acogrdlo the medical guidelines described by the NIMH
ADHD Booklet, health professionals are asked tosm®T whether the observed behaviors (p. 6) “happen
more often in this child compared with the chilgeers?” Given age-of-start laws, a typical kindeten
class may contain a child who just turned five aocheone almost six, a difference in age of 20 perce
Using a regression discontinuity model, we expluit discrete jump in school enroliment generated by
kindergarten eligibility laws to examine whetheildfen’s relative age influences their probabiltfy
being diagnosed with ADHD and, as a result, totesgibed stimulants.

ADHD is an underlying neurological problem and deice rates should not change dramatically
from one birth date to the next. If diagnosissate shift appreciably based on small changesih bi
dates, then the diagnosis is not based entirelyndierlying conditions. Evidence consistent with
increased diagnosis of ADHD for younger childreprigvided in Elder and Lubotsky (2009) who used
samples from the Early Childhood Longitudinal Stadgindergarten cohort (ECLS-K) data to document
persistent negative consequences for younger ehilidr school.

In this paper, we use data on ADHD diagnosis frben997 to 2006 National Health Interview
Survey (NHIS), plus data on prescription drug usstionulants from the 1996 to 2006 Medical
Expenditure Panel Survey (MEPS), and a nationwid&fe health insurance company over the 2003
through 2006 time period. In all three samplesfing evidence children whose fifth birthday felkj
after the school eligibility cutoff date, who aleetefore more likely to be older-for-grade, have
significantly lower chances of being diagnosed watid treated for, ADHD. The effect sizes aredarg
Children born just after the cutoff date are 2.ficpatage points less likely to be diagnosed wititHED
and 1.6 percent less likely to be treated withratdant, numbers that are roughly 25 percent smtikn
their sample means. As we outline below, the tesuiply that being young for your grade more than
doubles the chance that a student is diagnosedowitikeated for ADHD.



The basic results in this paper are quite simdahose in Elder (forthcoming), who used the
same techniques employed here and data from th&HClio demonstrate that children born just before
the state’s age-of-start cutoff date are 50 pencent likely to be diagnosed with ADHD than thoserb
just after. The fact that the basic results is ffaper can be replicated in four different data seould

reassure those with concerns this finding is sjstio

1. Background on ADHD

According to the National Institutes of Mental HeaINIMH) ADHD Booklet, the characteristic
behaviors associated with ADHD are inattention,grgptivity and impulsivity. These symptoms
typically appear early in life and in many cases iato adulthood. Accurate identification of ADH®
critical since children with ADHD are at an incredsisk of academic difficulties such as a greater
incidence of learning disabilities (Mayes et a0@), a higher chance of repeating a grade and ltese
scores (Currie and Stabile, 2006), and a highgvalrorate (Trampush et al., 2009). Outside the
classroom, children with ADHD have higher ratedlefal drug use (Biederman et al., 1998), greater
motor vehicle accident rates (Woodward et al., 2820kley et al., 1993), and a greater likelihodd o
having other psychiatric conditions (Pliszka, 199&hsen et al., 1997). Data from the National §uof
Children’s Health indicate that among youths 4Tosé&ars of age, 7.8 percent reported an ADHD
diagnosis with boys having a 2.5 times greatediate rate than girls (Visser et al., 2007).

Treatments options for children with ADHD includedication management, behavioral
treatment, routine community care, or some comhinaif these regimens. In a random assignment
clinical trial, financed by the National InstituteEMental Health, the Multimodal Treatment Study f
Children with ADHD (MTA Cooperative Group, 1999)uiad a combination treatment of medication
management and behavioral treatment and medicai@magement alone produced superior results to
behavioral treatment or routine community care.

Despite the variety of treatment options, we fooagprescription stimulant medication for the
following reasons. First, stimulants have beenalestrated to be extremely effective at controlling
symptoms of ADHD, but stimulants do not treat tihheerlying disorder or provide a cure for ADHD. As
we document below, stimulants also have a numbpotantial negative side effects. Finally,
prescription medications are easy to identify andeard claims data bases.

Data from the Medical Expenditures Panel Surveycatds that roughly 3 percent of children
under the age of 18 were prescribed stimulants asidRitalin in 2002, which is roughly five timéset
prescription rate in 1987 (Zuvekas et al., 2006sser et al. (2007) note that in 2003 roughly &fcpnt
of children diagnosed with ADHD were taking stimitln  Using data from a large sample of privately-
insured children, Castle et al. (2007) estimaté blya2005, 4.4 percent of children aged 0 to 1&air



sample were using stimulants to treat ADHD, withgesrates increasing by roughly 12 percent per year
over the 2000 through 2005 period. Zito et al0@Mote a rapid increase in stimulant use amoag pr
school children.

Perhaps due to this striking increase in the disigrand treatment of ADHD, concern has been
raised by the medical community, popular press,ardnt support groups that this rise may be due to
over-diagnosis. There is no pathognomonic mareeADHD and the intensity of symptoms may
fluctuate over time (Angold et al., 2000), makirogarate diagnosis of ADHD difficult. Moreover,
diagnosis of ADHD is often made without consultangiental health specialist. Safer and Malever
(2000) found that of Maryland public school studetaking methylphenidate (i.e., Ritalin) at sch@dl
percent had prescriptions from pediatricians, Ir¢qu& from family practitioners, and only 11 pericen
received a prescription from a psychiatrist. Diagps are generally made after a medical profedsiona
considers a child’s behavior in multiple contexis reported by the parent, teacher, and child.

Stimulant use and ADHD diagnosis rates vary acgossps of similarly defined youths, possibly
suggesting that clinical guidelines for diagnoses ot being applied consistently. For example,
researchers have found large variation in stimulagtby children across regions of the United Sfate
by race and ethnicity, and by gende€omparing stimulant use among children in twatlseastern
Virginia cities, LeFever et al. (1999) found trerdens heterogeneity in stimulant use both within and
between cities and conclude that the (p. 975)eddtfor diagnosis of ADHD vary substantially acos
U.S. populations, with potential over-diagnosis amdrtreatment of ADHD in some groups of children.”
Similarly, in a study of children in the Great SregkMountains, Angold et al. (2000) found that the
presence of ADHD symptoms is not well correlatethwiie treatment of ADHD through prescription
medication and thus conclude that (p. 135) “stimuteeatment was being used in ways substantially
inconsistent with current diagnostic guidelines.”

This heterogeneity in diagnosis and treatment ratesss gender and race has been documented
in many settings. In a large-scale study spedijickesigned to assess the disparity in treatngafer
and Malever (2000) collected data on all childfgat received medication for the treatment of ADHD
during school hours in the State of Maryland in89%hey found that the boys in elementary school
were 3.5 times as likely to be receiving treatnangirls, and that black and Hispanic students were

about half as likely to be receiving treatmenttreé&ato non-Hispanic white students.

3 Cox et al. (2003) demonstrated tremendous regiarition in stimulant use in a sample of childveth private
insurance.

* Castle et al. (2007) found that boys ages 0 twdi@ 2.3 times more likely to receive stimulant inations than
girls in a comparable age range for a sample ddli@hi in a private prescription claims databasessaf et al.
(2007) found gender and race/ethnicity are relade®DHD diagnosis, but not to ADHD medication tneant.



Although these studies effectively demonstratehitterogeneity in diagnosis and treatment rates
across different demographic groups, it is diffidalknow from these results whether this hetereggn
is a result of genetic or environmental factortheathan a reflection of inappropriate diagno®8gcause
the etiology of ADHD is not well understood, riskctors for ADHD are often based on population
averages, such as a being male or having a low@esmnomic status. While these population average
are somewhat consistent over time and across gauge there is no clear medical evidence thatdrigh
diagnosis and treatment rates are due to a highealence of the disorder in these populations.
Comparing diagnosis rates across populations mafpond issues such as access to and quality of care
for any disease. This is particularly problemé&iicADHD diagnosis (and the diagnosis of other raént
disorders in childhood) since there is no objectivaical test.

The potential of inappropriate diagnosis and treatns most troubling when considering the
biological effects of the commonly prescribed stiamis. The side effects of methylphenidate use
include insomnia, stomachache, headache, dizziardsjecreased appetite (Ahmann et al., 1993).eMor
importantly, stimulants have been shown to incréeset rates and blood pressure (Nissen, 2008s Le
is known about the longer term effects. Becausausints act to inhibit the dopamine receptordim t
brain, there is some concern and speculation dingt term changes in cell function might result from
chronic exposure to stimulant medication, partidylduring brain development in childhood and
adolescence (Volkow and Insel, 2003). In additmthese important medical side effects of stimula
use, there is also an economic cost associateddigiginosis and treatment. Pelham et al. (2007ause
cost of illness framework to estimate the econdmijgact of ADHD and they conclude that the cost of
ADHD is between $12,005 and $17,458 per child ié260ollars.

ADHD is often diagnosed after a teacher obsenasld in his/her classroom and refers the
parent to have the child evaluated. In a survegyhgbicians in the Washington, DC metro area, ax a
Kautz (2003) found that in 52 percent of all caseagchers and other school personnel are thedirst
suggest a diagnosis of ADHD. It seems naturaltéthers should compare the behavior of children
within a class and recent research suggests thelDA@iagnosis rates are in fact correlated with the
relative age of students within a class. In thetndetailed study to date, Elder and Lubotsky (20@ed
data from the Early Childhood Longitudinal StudiKirdergarten cohort (ECLS-K) to examine the
impact of being older for a grade on a long lisbofcomes. The Elder-Lubotsky paper serves as the
template for our work in that they use the variaiio student age generated by age of school staiels
to identify their model. Using an instrumentalighies framework, the authors found that childrérow
are an additional year of age older at school dmdre superior educational outcomes. For example,

these older children tended to have higher tesesand fewer behavioral problems. More imporyant!



for our work, the authors demonstrated that stgiirhool later reduces the chance of being diaghose
with ADHD by 50 percent.

This work is part of a larger literature in lab@oaomics that explores the beneficial cognitive
and labor market effects of being among the oldeidren in the classroom. Many studies have
exploited the variation in school start eligibiligws across states, over time, and even between
countries. For example, using international data, BedardRimgey (2006) demonstrated that being
young for your class produces lower test scoremitiir the eighth grade. More recently, Dhuey and
Lipscomb (forthcoming) find that relative age irttlassroom causes a higher risk of being labeded a
having a learning disability. Given this largetdture on age effects and given the stark change i
ADHD diagnoses rates based on age of school stamtifin the Elder and Lubotsky paper, we also
suspect a similar disparity in stimulant use ratesthis paper, we replicate the basic resulilder and
Lubotsky (2009) using restricted-use data fromNla&onal Health Interview Survey and state data on
age of school start legislation. We then exterdéhbasic models to include data on stimulant use.

While completing the work for this paper, we carmmas the independent work of Elder
(forthcoming), who used the same techniques emgdlbgee and data from the ECLS-K to demonstrate
that children born just before the state’s agetaftsutoff date are 50 percent more likely to be
diagnosed with ADHD than those born just after.e Thbustness nature of the results across sanmples i
this paper and the work of Elder is encouragingsumgbests that the results presented below are not

spurious but represent true misdiagnosis of ADHD.

1. Empirical Specifications

The primary question we consider is whether childhat are older for their grade are less
frequently diagnosed with and treated for ADHD sifilar set of questions has been addressed in a
variety of disciplines about whether delayed enity school helps or hinders academic promise. The
underlying structural equation for both questianessentially the same. Let the unit of obserudii®
the individual child, indexed by i, and let e a dummy variable that equals 1 if a studedizsignosed
(or treated) for a particular condition such asihgwevelopmental problems. The focus of this pape
ADHD and therefore, in our context, Y would equal & child is diagnosed (or treated) for ADHD. A
student is defined as young for their grade (Y@uih¢hey are below some threshold age such as the

median for children in the same state, grade, aad.yThe primary equation of interest is therefore

® See, for example, Angrist and Krueger (1992), Bé@ad Dhuey (2006), Datar (2006), Elder and Lubots
(2009), Dobkin and Ferreira (2010), Fertig and Kl{2005), Goodman et al. (2003), Lincove and Pa{i2i@06),
McEwan and Shapiro (2008), Puhani and Weber (2@01) references therein.



1) Yi= o+ X% P+ YoungB,+ h(z) +«

where x is a vector of observed characteristicskaisda random error. The function h(¢) is a smooth
function in z, a variable that measures the diffeesin days between the child’s birth date andsthte
cutoff date when that child was age five. Givesiaie with a Septembet age at start cutoff, a
Septemberibirth date would have a value of z=-1, a Septer@fdsirth date would be z=0 and an
October 1'birth date would be have a value p£29. Following previous applications, we captuf®)
with polynomial terms in z and interactions of thg®lynomials with the treatment indicator().

If children of different ages were randomly ass@jteclasses, ordinary least squares (OLS)
estimates of the parameter of intergs} vould be consistent. There is, however, goodardo suspect
that single-equation estimates of equation (1)palgect to an omitted variables bias. Parentsofte
decide their child is not ready for kindergarted @nroll their child in school later than othermsnfrthe
same birth cohort. This behavior is often refeteds “academic redshirting.” If parents delaghdd’s
entrance into kindergarten because they have diffisitting still or focusing on school work, wihién
turn signals a greater likelihood of an ADHD diagisdn the future, then redshirting signals reverse
causation from diagnosis to age relative to peeds@LS estimates of equation (1) would then undegst
the coefficient org,.

The available evidence suggests this is a realerandNest et al. (2000) estimate that during the
mid 1990s, roughly 9 percent of students delayéxy émto kindergarten. Males were 30 percent more
likely than females to have delayed entry and céiidvith diagnosed development problems were more
than twice as likely as those without such diagadsénave delayed entry. The number of academic
redshirts and the role that developmental issusgiplthe decision suggests that estimating equétip
by OLS will lead to inconsistent and potentiallysheiading estimates of the effect of relative age on
ADHD diagnosis.

We could obtain a consistent estimateffgf we could somehow mimic random assignment and
alter the relative ages of children in classeswag that conveys no direct information about uhgieg
ADHD incidence. In just this fashion, we use tistahce between a child’s birthday and the age at
school entry as an instrument for relative agdasscwithin a regression discontinuity design (RBD)
an instrumental variables (IV) model.

Children born a few days apart should be, on aeersigiilar along all characteristics (e.g.,
underlying intelligence, parental backgrounds, hemé&ronment, etc.) yet because of age of schadl st

laws these children will have vastly different agd®en they start school. Consider a state thaghas

® Despite these concerns, many such models havedlséierated in the past (Byrd et al., 1997; Stipedk Byler,
2001; Lincove and Painter, 2006).



September *icutoff date. In this state, children born on AsigBf" are more likely to begin school as a
five year old, but those students born just a feysdater, on Septembel 2must wait a year to begin
school. This age difference in a class is relatilarge in early grades. Around the start ofshkool
year, a class containing students with an Augu®eBt a Septembef“birth date will differ in age by
20 percent in kindergarten, 14 percent in secoadegand 10 percent in fifth grade. The sharpkoirea
age at school start generated by the interactiahitd birthdates and the assumed similarity ofdrein
born just before and just after the school cutoffgests that any observed difference in ADHD diagno
and treatment between these two groups can bleutéid to the difference in ages of the children in
school.

Instrumental variables (1V) estimates of equatibndan be obtained in two steps. The initial
step is to examine the first-stage relationshipvben age relative to the state cutoff date anddlagive

age in class. This model can be represented bycihation

(2 Young=1yo + % v1 +72(z=0) + h(z) + v,

where h(z) and x are defined as above, v is a raretoor and the dummy variable ¥@) equal 1 if the
student has a birth dates after the age at schtarbl §he impact of the age at start laws on wdretie
child is young for the class is captured by theapaetery,. The key assumption of the RDD model is that
in the absence of the treatment (in this casestient’s birth date occurs after the school statxff)
the outcome of interest is “smoothly” changing ifitre child’s age) which is captured by the polyieim
h(z). Given h(z), we assume that people on eghier of zin the absence of age of start laws are
functionally identical, controlling for observaldbaracteristics x.

The second step in the process is to examineetheed-form relationship between a child’s age
relative to the school start dates and their diagnand/or treatment of ADHD. This relationship ce

captured by the following equation

() Yimoo+xar+opl(z20) +h(d) +§

where( is a random error and all remaining variablesdafened as above. Given the assumptions
above, the coefficient, measures the impact of being born just after tiiefton the propensity of
students to experience the outcome Because this is an exactly identified modehwite endogenous
variable, the IV estimate @ in equation (2) is obtained by simply dividing the impact being born
after the age of start on ADHD diagnosis, by tlaetion of people impacted by the age of stgrfrom

equation 2), or



(4) .éz = ay /7,

Arithmetically, this is also equivalent to estinmgtiequation (2) by two-stage least-squares (2Sh&) a
using 1(z>0) as an instrument for Youpng

The difficulty with equation (4) is that our dateeanot well suited for estimating the first-stage
model outlined in (2). As we describe below, argk sample of private claims data, which measures
drug use to treat ADHD, does not contain data ohild’'s current grade. The two nationally
representative samples, the National Health IneenBurvey (NHIS) and the Medical Expenditure Panel
Survey (MEPS), ask respondents for the highestegeathpleted, which requires that we impute current
grade by adding one to the recorded value for gdrild¢urrently enrolled in school. This is probl¢ima
for two reasons. First, we will overstate currgragde for those who have completed but must repeat
grade. Second, it appears that some parentsoding the child’s current grade rather than tighést
grade completed, meaning that by imputing the gradewill have too many respondents that are young
for their class.

To verify this point, we extracted a sample of dreh aged 7 to 16 from the 2000 to 2002
October Current Population Survey (CPS) data SHtese data contain a school enrollment supplement
that identifies the current grade enrolled foredpondents. In Appendix Figure 1, we report the
distribution of grades relative to age for this péen Almost 70 percent of students are in a gthdeis
five years lower than their age (most eight yeds @nrolled in school in October are in the thiraldg)
with the next largest group enrolled in a gradé¢ damals age minus six, and a few students aregyfmun
their grade, enrolled in a grade that is four yéanger than age.

We compared these numbers to those who respondied MHIS in the fourth quarter of the
year. For this sample, we take data from the ZZII2 NHIS, and use reported month and year of birth
to impute the respondent’s age as of OctoBetalmake this sample as comparable as possitthe to
October CPS. We add one year to the highest graueleted in order to estimate the current grade
enrolled. Graphing the implied distribution of des for age from this sample in Appendix Figure/d,
see that the NHIS overstates by a factor of tHreenumber of students that are young for theirsolas
grade=age-4) and understates by 40 percent thefragho are older for their class (in grade =aye-6

In practice, the systematic measurement errordnrtiputed current grade from the NHIS will
tend to understate the first-stage coefficigntvhich will overstate the implied IV estimate iguation
(4). For this reason, we will rely more on theueeld-form models in equation (3) to signal the abus

relationship between being young for class and ADOHHYnosis and treatment than on the IV estimates.
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There is both between state variation in the ageladol start and within state variation in these
laws over tim€. A summary of the cross-sectional and time serggtion in these laws is shown in
Table 1. Seven states (CO, MA, NH, NJ, NY, PA, ®fd had no statewide age at school entry law in
2005, but rather allowed local education autha@ifleEA) to determine age at school entry standards.
Twenty-five states (including the District of Colbia) have had the same age at school start dae sin
1984, while the rest have had changes at some ipdimé period. In the 2005/2006 school year ate

at school start cutoff dates vary anywhere frony atliin IN until January $in CT.

V. Data

The data requirements for the RDD model outlinemlvalare substantial. Naturally we need a
data set that identifies whether a child has besgndsed with ADHD and/or whether that child uses a
prescription stimulant medication to treat ADHDh dddition, we must identify a child’s exact date o
birth and state of residence so that we can caéchia/her age relative to the kindergarten eliigybi
cutoff date. These last set of descriptors arstifyeng variables that are not typically availalae
public-use versions of data sets. Consequenthgstimate the empirical models on three separate
restricted-access data sources: the National Hedlhview Survey (NHIS), the Medical Expenditures
Panel Survey (MEPS), and a private insurance gptar drug claims data set. Even though our data
cover different time periods and populations, wel fsimilar results in each data set, confirming the
robustness of our findings.

The NHIS is an annual survey of roughly 60,000 lebotds that collects data on the extent of
iliness, disease, and disability in the civiliabnrnstitutionalized population of the United State'he
NHIS includes detailed demographic and socioecoadmdrmation, as well as the self-reported medical
conditions of respondents. Information on ADHDgtliasis has been included in the Sample Child
Supplement within the NHIS since 1997. Our empirsteategy relies on the ability to identify theaek
cutoff date that each child faced when they firgeged kindergarten, plus their birth date. Wedfwe
use the more detailed geographic data and the daseof birth that is available only in the reged-use
version of the NHIS. The dependent variable for the NHIS analysikésahild’s parent’s report of
whether the child has ever been diagnosed with AMR doctor or health professional. ADHD

incidence rates from the NHIS are comparable tolt®from other national surveys from similar peiso

" For a discussion of the individual state statares a detailed breakdown of the age of school éaivg in the
U.S. from the early 1980s through the present tsee,Morrill (2008).

8 These data are available for use through the NaltiGenter for Health Statistics Research Dataeent
http://www.cdc.gov/nchs/r&d/rdc.htm. We accessdhaéa at the Triangle Census Research Data Cémtargh a
data sharing agreement made between the CensusiBamd the National Center for Health Statistics.
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Our second data source, the Medical ExpenditureeSMEPS), is a series of surveys
administered since 1996 by the Agency for Healta&asearch and Quality and the National Center for
Health Statistics. The MEPS sample is drawn froenNHIS sample, although there are restrictions on
merging these two datasets. There are three campmof the survey completed by households, medical
providers, and insurance companies. Individuasaaked questions over a series of five roundslidgta
two years of medical expenditures and servicegaitibn. Each year of the MEPS contains resporsdent
from two overlapping panels. The MEPS full-yeansalidated data file (CDF) contains socio-
demographic information for respondents includigg,aex, race, and basic economic characteristics,
plus their date of birth. We have access to te&ioted version of the MEPS, which allows us tentify
the exact eligibility data as described abdw/hile the MEPS is a smaller sample than our peiva
claims data, as with the NHIS, it has the advanthgegit contains children with any health insumanc
type, including those that are uninsured. The déeet variable for this part of the analysis is thiee a
child receives a prescription for a stimulant gatrADHD in the survey year. We pool observations
across survey years, so a subset of children presented in the dataset twice. We rely on the ®CD
codes that identify whether the child received amgication for the treatment of ADHD (ICD-9 code
314)F°

We have also obtained a proprietary claims data basstituting private insurance contracts for
nearly 1 million covered lives and representinggast 40 of the 50 U.S. states. The data setiosnta
claims and health insurance enroliment data foR0@8 through 2006 years of service. The data geovi
specific information on an insured’s date of bidlye, gender, zip code of residence, insuranceaszint
type (e.g., single, two person, family) and premjuaid by the insured. Claims data elements oféste
include date of service, ICD9 diagnosis and CPBte@dure code (if medical care) and NDC drug code
(if pharmacy). In addition, the pharmacy data jtes information on days of supply and refill rates
Both medical and pharmacy data describe the anpaidtby the insurer as well as the insured. All of

the insured ID information has been encrypted amgped of any identifying informatioH.

° The restricted access MEPS is available at rejResearch Data Centers through a data sharingmere made
between the Census Bureau and the Agency for HeatiiResearch and Quality. We access the ddia at t
Triangle Census Research Data Center.

19 Note that we only include medication that wasimgiuted and that was recorded as being for thegsgim
diagnosis of ADHD. Relaxing these two restrictiomsreases the mean rate of treatment but doeaffeat the
gualitative conclusions from the regression results

! Because the encrypted Social Security number vissimg for a number of dependent children, we cowlduse
that variable to uniquely identify respondentshis tsample. Instead, we used the employee’s etathyfocial
Security number and the dependent’s date of hirtlich necessitated that we delete twins and highsty births
from the sample. Our results are not sensitivbitorestriction.
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When using the private claims data, the dependaiive is whether in a given year the child
had a claim for a prescription drug that is tygdicaked to treat ADHD. Although Ritalin is the nbos
common drug prescribed to treat ADHD, there areyntlings on the market and in recent years, several
new drugs have been developed to treat this conditWe identify stimulants through the National®r
Codes (NDC) which are 10-digit, 3-segment numbeas identify the manufacturer, item and size/type,
respectively. The list of stimulants includes papuarugs such as Ritalin, Metadate, Methylin, Day&,
and Concerta (methylphenidate), Adderall (amphetarand dextroamphetamine), and Dexedrine
(dextroamphetamine).

We do not pool these three datasets togetherathér present estimates from each separately.
The NHIS includes a measure of diagnosis only. frhate claims data only measure prescriptions, no
diagnosis. The MEPS data also measure prescripton for a nationally representative sample ithat
not directly comparable to the private claims san@ecause all three of our data sources have
significant restrictions on accessing the datarapdrting statistics, it is not possible to comhinem. In
order to ensure that the children in our samplesarrently enrolled in school, in all three sample
restrict our attention to children ages 7 to 170skbstates require that children ages 7 to 17 balled in
school full-time. We also limit the sample to teasbservations where there was a state-wide age at
school start law in force when the child was fieaks of age. We include in the sample only childre
born within 120 days of the school eligibility ctftdate in their state and year. The final estiorat
sample used from the NHIS includes 35,343 childrEime final sample size from the MEPS is 31,641
observations representing 18,559 children.

Given the geographic distribution of the insuracempany and eliminating states with no age at
school start law and states with less than 200opéysar observations, in the private claims datakge
left with 48,206 observations from 32 states regméng data for 22,371 children aged 7 to 17.

Although these data are for individuals with prevéealth insurance and therefore are not nationally
representative, having a sample this large enaislés obtain precise estimates and to explore paten
heterogeneity in the effects across gender and @ge. limitation of the claims data relative to otiner
two datasets is the lack of demographic informatiotside of gender and age. However, as we irglicat
below where we test the sensitivity of our restdtthe inclusion of a richer set of covariateshne MEPS
and NHIS samples, because people born just befar@féer the age of school start dates are simitar
observed dimensions, the addition of demographatrots does not materially alter the statisticalutes.

Note that ideally we would like to have information what state the child was residing in during

the fall of the year they turned five. We do navé this information in any of the three data sesircin
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all three we do observe the current state of resiele The NHIS also includes the child’s stateighb?
In the empirical section we present results thafiom estimates are not sensitive to using statartth
rather than state of residence or restricting tldn who reside in the same state in which theyew
born. Not having state of residence at age fivetsa significant limitation for two reasons. gtjrthere

is little cross-state movement among school-agéddreim. In a sample of children age 6 to 18 fritwe

2000 Census One-Percent Public Use Micro Samplés!@), only 7.7 percent moved across state lines

in the past five year§® Interstate moves will only contaminate the asialyf they occur differentially
for children born just before or after the agetaftscutoff or if they occur differentially for diairen with
ADHD. We have some information on the former conge that data from the 1980 Census One-
Percent PUMS indicates that there is little vaoiain within state moves based on a child’s quarter
birth. In that sample, we estimate that amongdecén 6 to 18 years of age, the fraction that morete
past five years for those born in quarters 1 thinodigre 4.5, 4.7, 4.7 and 4.5 percent, respectiieljhe
small fraction of children that move after theyrstzhool and the lack of large variation acrosthbi

quarters suggest that using state of residencddshoticontaminate our results.

V. Results

Table 2 reports sample means and descriptivetitatier each of the three different data sets.

each case, we begin with a sample of children @gedlL7 on June®lof the survey year. We call this
our full sample. Although incidence rates varygeyder, we begin by initially pooling results foales
and females. Next, to create the regression samplérst restrict each sample to children whe lix
states with a clearly defined kindergarten eligfipitutoff date!® Table 2 demonstrates the effect of
restricting the sample in this way. While the pamtamale and average ages are identical in tharfidll
eligible state sample, there is a slightly higimeidence of ADHD diagnosis and treatment in theesta
used for analysis. As was discussed in Sectidhif,is consistent with the geographic variation i
ADHD treatment and diagnosis rates widely docuneitghe literature. Next we further restrict the
sample to children whose birth date is within 129<of the cutoff date. While this effectively reves
one-third of the sample, we find that the regress@mple is very similar to the eligible states glanm

each data set. Note that because the privatexkata are from a later time period and are, biitien,

'21n the NHIS, approximately ten percent of the sknigmissing state of birth. Of those that hasthistate of
residence and state of birth, approximately 10qr@reeport being born in a different state thary th@rrently
reside.

Bauthor's calculations from the Census PUMS file=e Ruggles et al. (2010).
Y“Author’s calculations from the Census PUMS file=e Ruggles et al. (2010).

15 Data confidentiality restrictions prohibit the shelation of which states are included in theseebWe have a
large enough sample from many states and yeasstoea reasonably representative population.
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for a sample of children with private health inguw@, we find higher rates of stimulant use thathén
MEPS.

The last two columns of Table 2 demonstrate thelatationship hypothesized above when
comparing the fraction of children with an ADHD dreosis for those born before the cutoff date
(students are on average young-for-grade) andrehildorn just after the cutoff date. Notice timell
three data sets the samples of children born gfsré the cutoff date have nearly identical demplgi@a
characteristics when compared with children bost @fter the cutoff date. However, we find large
differences in ADHD diagnosis and treatment rateshe NHIS, children born before the cutoff
experience a 9.7 percent diagnosis rate compairkdowiy 7.6 percent for those born after. Stimulan
usage in the MEPS indicates a 0.5 percentage gifietence between children born before and childre
born after the cutoff date. Similarly, in the @ig claims data the percentage of children with any
stimulant use drops from 6.5 percent to 5.2 peraeruss the kindergarten eligibility cutoff date.

Figure 1 presents the graphical equivalent to tharma presented in Table 2 and described above.
The error bars in the graph represent 95 percertiiidemce intervals around the sample means. We see
that the difference in ADHD diagnosis and treatnrates is large for all samples in all three data’§

In Figure 2 we present means for progressively lemsamples of children, those born within 120, 60,
and 30 days of the kindergarten eligibility cutdéte, respectively. Note that the NHIS is measgurin
diagnosis, while the MEPS and private claims datiude only children receiving prescription stimmitka
to treat ADHD.

Figure 3 presents a similar design using six diffieicommon childhood ailments found in the
NHIS and two other classifications of drugs in phivate claims data. The pattern shown in Figuie 1
unique to ADHD; there is no statistically signifitadifference in means across kindergarten eliybil
cutoff dates for any of these other childhood dissaand other common children’s prescription
medications.

As discussed in Section Ill, we caution that IMraestes outlined in equations (1) — (4) may be
systematically biased up because of the persisteasurement error in the NHIS education variable.
However, in Table 3 we provide an indication of Hasic first-stage relationship in the NHIS datathe
top half of the table, we report results for allldten aged 7 to 17. We first define the childiade as of
January 1 of the interview year. To do this, we add onéhilast grade completed for those interviewed

in the first or second quart&r.We then drop observations where the grade levgidater than 12 or

% The differences are statistically significant,ulesavailable upon request.

7 In quarter 2 we only add one year if the intervimanth is May or earlier (when available) or assignt week 9
or earlier (when available). The results are eoisive to these adjustments. The difficulthdgtermining when
the school year would have ended, and thus whefiasiegrade completed” is equal to the “grade leveJanuary
1% illustrates the larger problem that grade lesetot well measured in the NHIS.
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where the grade is more than three years fromgbeappropriate grade lev&l*® Given these
restrictions, the sample size for Figure 4 is 33,8ildren. As in Equations (1) and (2) in Sectibrwe
defineYoungas an indicator for whether the child is belowtiedian age in her grade by state by year
cell. In Table 3, we report the coefficient on thdicator 1(z>0) for various specifications. Moving from
column 1 to 4, we add progressively more covariatesolumn 1, we only include the dummy variable
I(z=>0). Next, in column 2, we add age fixed effectduenmy indicator for male, and controls for race
and ethnicity’® Column 3 includes a complete set of state and battort effects. Finally, in our
preferred specification reported in column 4, we adirst-order polynomial in z with separate trend
included for days before (D)) and for days after (I&0)). In all models, we allow for arbitrary
correlation in the errors within a state.

Moving from column 1 to 4 in the top half of Tal#gthe coefficient on 1¢z0) falls in absolute
value from -0.38 to -0.35. These results sugdestlieing born just after the cutoff decreases the
probability a student is below median in age by8Ecentage points. In all cases, the standardsesre
very small and we can easily reject the null thatdoefficients are zero at conventional levels.we
report in Table 2, the mean demographic charatitarido not differ across the cutoff date, so it no
surprising that adding covariates to the model amesignificantly affect the coefficient of inteste

In Figure 4, we provide a graphical treatment eftibsults in Table 3. In this graph, the
horizontal axis reports days in relation to theoffuand the vertical axis is the fraction of stutéewho
are young for their class. Each dot is a cell na@ohthe solid line is from a locally weighted resgien
smoother.The graph clearly shows that children born afterkimdergarten eligibility cutoff date in their
state by year are considerably less likely to hengdfor their grade with the difference being
approximately 35 percentage points.

If compliance with the kindergarten eligibility @it dates were perfect and if grade level was
perfectly measured, the coefficientloorn aftershould be -1. The coefficient will fall below 1 i
absolute value if parents choose not to enrollligibée child or apply for a waiver to allow an ingble
child to enter early. Likewise, compliance is reeld if children are either held back or advancgdaae.
This pattern is found in other work. These choigesld result in the instrumertiprn after having less

predictive power for relative ag¥pung Using data from the Early Childhood Longitudisalidy

18 Recall the sample consists of children ages 7tavhere age is defined as the child’s age on It the
survey year. The age range allowed in each gsadarade 1 (Age 7-9), Grade 2 (Age 7-10), Gradéde(7-11),
Grade 4 (Age 7-12), Grade 5 (Age 7-13), Grade 6&(8d4), Grade 7 (Age 9-15), Grade 8 (Age 10-16306 9
(Age 11-17), Grade 10 (Age 12-17), Grade 11 (Agd.18 and Grade 12 (Age 14-17).

19 Note that the measure of age relative to medias age measured in days.

2 We define four categories for race/ethnicity: ndispanic white, non-Hispanic black, Hispanic, atideo. Both
the NHIS and MEPS include variables with recodes r@nd Hispanic origin.
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(ECLS) and the National Education Longitudinal $St(NELS), Bedard and Dhuey (2006) found that in
the United States relative age (birth month re¢atosthe school cutoff date) predicts the obseagsd

For the sample of"dgraders from the ECLS, they found a coefficien® 3%74, while the Bgrade sample
from the NELS had a coefficient of only 0.438. $beesults suggest that compliance with the cutoff
date declines as children age, potentially duedaderetention or promotion policies.

Imperfect compliance or strategic behavior on thet pf parents should not, however, bias our
results. As the compliance weakens the first-stémgeimpact of being born after the cutoff on ADHD
diagnosis and treatment should also fall, reduthiegsize of the reduced-form coefficients as well.
Because we are only estimating the effects fodosil whose school entry age is affected by the
cutoff date, the smaller first stage simply meaesane defining the treatment effect over a
subset of the total population

In the lower half of Table 3, we report estimatasthe first-stage relationship for a sample of
children in the 2003-2006 period that had privatalth insuranc& This is a sample that roughly
corresponds to the group associated with our grigims sample. The samples do not overlap
completely since the private claims data do ndushe all states in the NHIS. Nonetheless, in thlaran
4 model that includes a detailed set of covaridtesestimates for the full NHIS sample and théricted
private insurance sample have the same coeffiorem{z>0) out to two decimal places. Again, in this
more restrictive sample, the standard error ofitbestage estimate is very small.

Next, in Figure 5 we present a graphical displathefreduced-form model in the NHIS, namely,
the impact of being born after the cutoff on bedmggnosed with ADHD. In this figure, we see aroand
2 percentage point difference in incidence ratéwéen those children that were born just before the
cutoff date when compared to those born just aftbich is about 25 percent of the sample mean. In
Table 4 we present the regression equivalent gfidpire for each data set. The main reduced-form
estimates for the NHIS are presented in the toglpafrirable 4. The structure of the table mimitat in
Table 3 where we start out with a model in colunthdt includes only the coefficient on ¥@), and
each successive column adds additional covaridtke.estimate reported in column 4 indicates that

children born in the 120 days after the cutoff haw&1 percentage point lower probability of being

L Most federal surveys of insurance status tenchteucount Medicaid enrollment (Davern et al., 200ehe
undercount is large for the NHIS as well with CenBurreau estimates putting the size of the undetcaturoughly
25 percent in 2001 and 200&t0://www.census.gov/did/www/snacc/docs/SNACC_h&é¢ Full_Report.pdf
Research has suggested that the undercount isrpyichae to miscoding the source of the insurarall(et al.,
2008) rather than respondents confusing Medicailll wiinsurance. Lo Sasso and Buchmueller (20025gmt
evidence that the problem is particularly pronowhize children, suggesting that because of theaiddedicaid
managed care, many with Medicaid report privatariasce instead. As a result, we believe a sizdeddtion of
people in the NHIS private insurance sample mayadigtbe Medicaid recipients.
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diagnosed with ADHD. This corresponds to approxatya24 percent of the average diagnosis rate
across the sample.

Next, results using data from the MEPS are predéantthe middle panel of Table 4. We find
that being born after the cutoff leads to betwe8rbaand 0.8 percentage point reduction in the
probability of being treated for ADHD. This is apgimately 13 to 19 percent of the mean treatmatat r
of 4.3 percent in the sample. Note that in coléhthe results become imprecise and not statisticall
significantly different from zero once the linealynomials are included, although the magnitudthef
coefficient does not change appreciably.

The bottom panel of Table 4 presents the equivakeinof results using the private claims
database. As in our other data sets, we findtlieagstimates are not sensitive to the inclusion of
demographic characteristics, state and birth cdhad effects, or a linear polynomial in days from
cutoff. The baseline result in column 4 indicéates children born just after the cutoff experieack 6
percentage point lower risk of receiving stimulaotsreat ADHD, approximately 27 percent of the
average rate of stimulant usage. The main rempizrted in Table 4 indicate a large and robust
relationship between being born after the kindaegeeligibility cutoff date and being diagnosedhagir
receiving prescription treatment for ADHD. We fititht being born after the cutoff, and thereforiafe
relatively old for grade, is associated with antd 27 percent lower risk of ADHD treatment and a 24
percent lower risk of ADHD diagnosis.

With the caveats about the potential bias in the2&stimates noted above, we can exploit the
fact that the model has only one endogenous cdraial the model is exactly identified and combine
the estimates from Tables 3 and 4 using equatipto(donstruct an estimate of the impact of being
young for one’s grade on ADHD diagnosis and treatm&he 2SLS estimate in the just-identified model
can be replicated by dividing the reduced formnestés in Table 4 by the first-stage estimate, -(r85
other words, multiplying by 2.85). Therefore ostimates from the NHIS suggest that being young for
one’s grade increases the chance of being diagmvaedADHD by 5.9 percentage points (standard error
of 2.3 percentage points), or about 70 percert@tample mean. From the MEPS, we find that being
young for one’s class increases the chance ofgaitimulants by 2.25 percentage points (standawca er
of 1.64 percentage points) and the correspondingbeu for the private insurance sample is 4.45

percentage points (1.62).

% Treating estimates from all samples as two-safimgteumental variables estimates, one can showthieat
statistic on the reduced form is roughly the tistigt on the two-sample instrumental variablesneate. Let t@z)

be the t-statistic on the reduced- form (Tablerd) mfz) be the t-statistic on the first-stage (Table B3suming
zero covariance between these two equations, anehtaw that the squared t-statistic on the 2SLighast from

18



The results from Table 4 and the IV estimates énprevious paragraph indicate that relative age
is a more important determinant of ADHD diagnosisdmparison to treatment. Given the concerns
about stimulant use outlined above, we potentizdlye more about inappropriate stimulant use than
inappropriate diagnosis of ADHD which may go untegia However, the impact of relative age on
stimulant use is a large impact, both in the reddoem and the IV models.

These results are very similar to the estimatédder (forthcoming). Using data from the
ECLS-K survey, Elder demonstrates that a delaglhosl starting age by one year (which by
construction would make a student older relativiheomedian student in a state-year cell) wouldiced
ADHD diagnosis by 5.4 percentage points and reddi2idD medication use by 4.4 percentage points.
The results are produced by a similar methodologgréssion discontinuity design) and model
specifications, but with very different samples awér different time periods. Despite these dédferes
the results are remarkably similar across the twdiss.

To explore the robustness of the findings reparethble 4, we perform a variety of
specifications checks. It should be noted thattiere to be an effect of age relative to the ¢utate on
treatment or diagnosis two relationships must lesgmt. First, it must be the case that the kiradezg
eligibility laws influence enrollment behavior atigerefore age for grade, which is demonstratetien t
first-stage regression discussed above. Secdatiyecage must determine diagnosis and/or treatmen
for some portion of the population. Given theistatal significance found in Tables 3 and 4, we ca
infer that both effects are occurring and thatetiemedically inappropriate diagnosis. It is imtpat to
consider heterogeneity in the results to determinether this average effect is concentrated among a
selected or unusual portion of the population.e@fh the context of instrumental variable estiorathis
issue is referred to as determining the Local Agerreatment Effect (LATE), implying that the effés
only measured for individuals that are responsiviné instrument (Angrist et al., 1996).

In our analysis, we would like to confirm whethlee inappropriate diagnosis and treatment we
detect is seen across subsets of the populatiomelaas to confirm whether the empirical resulbéch
with alternative specifications. However, cautionst be used in interpreting the relative size of
coefficients. It may be the case that some pojusiare more compliant with the instrument. For
example, we know that girls are much less likelpedheld back in kindergarten than boys, so aremor

compliant with the instrument. In that case wehhigxpect to find larger differences across the

equation (4) is approximately equal td}tz()2={[1/ t( 7,)]+[1/ t(Z,)]3 ™ In this case, tf,) is large in absolute

value so [1/ t(172 )]?is very small and close to zero and thereforgé& W= t(&z)l.
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eligibility cutoff dates, since those dates weraenainding for girls than boys. However, it might also
be the case that relative age is less importargiftsrthan for boys, due to faster maturation afiyg
girls. In that case, we would expect to see alsmelfect of relative age for girls than for boys.
Theoretically, then, it is not obvious whether teefficient for girls should be smaller or largeam that
for boys, or how to interpret any differences batwéhe two. We therefore present these resultslyner
to explore whether the effect holds in subpopuletjdut strongly caution against interpreting ddfeces
in the coefficients as indicating a stronger or kezaelative age effect. It may simply be that our
instrument is more effective at predicting relatage for some populations than others.

Table 5 presents the specification checks for ADH#ynosis using the NHIS data. Since the
coefficient of interest did not change across thlarons of Table 4, it is not surprising that in Teab we
find the estimate is robust to a host of specificachecks. These results use the same speificad
Table 4, column 4, repeated in the top row of T&bler comparison. First, we restrict the windofite
sample to children born within 90, 60, and 30 daythe cutoff date. While the estimates becoms les
precise as the sample size decreases, we finththaffect of being born just after the cutoffis a
approximately 1.8 to 3.2 percentage point decrgatee probability of being diagnosed with ADHD.
This effect is 21 to 37 percent of the total ADHIaghosis rate. The confidence intervals for edch o
these estimates overlap meaning that any pair-egdsgarison of estimates will not be able to rejbet
null that the differences across parameters is. ZEh@ results are also insensitive to includinghbr-
order polynomials. These results confirm thatftheings cannot be due to season of birth eff&tts.

The third set of sensitivity tests demonstrates #pproximating state of residence at age five
with state of birth rather than current state afdence produces nearly identical estimates. When w
restrict the sample to children that report beiagnkin the same state where they currently reside,
sample much more likely to have been living in ae state at age five, we again find that thatses
are nearly identical.

Next, we explore the heterogeneity of the estimat¥oss subsets of the population. Note that
we include the mean of the dependent variabledrtahle, which highlights the large differences in
diagnosis rates across different groups. We fiatl hearly 13 percent of boys have ever been dgagho
with ADHD, compared with 5 percent of girls. Hoveeywe see a similar effect of being born after the
cutoff for both boys and girls. This result is fiatind in our other data sets, where the girls $ampes

not produce statistically significant effects. alhthree datasets we are unable to reject thehyplbthesis

% |ndeed, in results not shown, using the full Nit8nple the “first-stage” estimates of the effedb@ihgborn
after on beingYoungare 0.4 for girls compared with 0.3 for boys.

2 Note that in results not shown but available upezuest, estimates are similar when birth montédfigffects are
included.
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that the estimates for boys and girls are the sahitbough the estimated effect for girls using tidIS
is only slightly larger in magnitude, it is considbly larger in percentage terms. Note that theag be
a power loss when attempting to detect smallectffen treatment rates, as described below in the
discussion of Table 6.

When comparing between different racial/ethnic ggywve find the highest rates of ADHD
diagnosis among white non-Hispanic children. Wthke mean diagnosis rates differ by race, we again
find similar coefficients on being born after thaaff in all samples, with the largest effects ¢bildren
with Hispanic ethnicity. But again, large standarobrs on the lower sized-minority samples meait th
any pair-wise comparison is unable to reject tHethe coefficients are the same.

So far our estimates have pooled together childgas 7 to 17. Because a one year difference in
age represents a larger fraction of a child’sdifgounger ages, we might expect that the relaiiee
differences cause larger effects for children ages12 compared to teenage children. Note that
although all specifications do include child’s agel birth cohort fixed effects, we may still firftht the
rising rates of ADHD diagnosis lead to a largemeate for the younger age group due to year efi@gts
well.?® In Table 5, comparing across age groups we fiatlthe largest effect is seen for the youngest
age group in the sample.

We then divide the sample into survey years 1990fi versus 2002 to 2006. Consistent with
other studies we see that ADHD diagnosis rateshiesgeen these two time periods from 8.0 percent to
9.3 percent, or about a 16 percent rise. Theteffidoeing born after the cutoff is larger in tlagelr time
period, 2.3 percentage points (25 percent) verdupdrcentage points (23 percent) in the earliae ti
period. This result suggests that the effect&laitive age on inappropriate diagnosis may be asing
over time as ADHD diagnosis and treatment become mevalent.

Next we consider the subset of the populationrdgabrts having private health insurance, to
approximate a sample that is similar to those mpoivate claims datasef hese results are reported near
the bottom of Table 5. First, note that consisteth previous studies, we find that the diagneatss of
privately insured children are slightly lower thizue national average over this time period dué¢o t
higher rates for those on public insurafitélso consistent with previous studies documentinige in

ADHD diagnosis over time, and with the heteroggnleit survey years described above, we find that

% Note that in results not shown, similar to thelfilgs of Bedard and Dhuey (2006) discussed abosdina that
for children age 13 to 17 the first stage coeffitis only -0.28 compared with a coefficient of4D for the children
age 7 to 12. This is consistent with eligibilitgibg less binding as children age due to diffee¢iomotion and
retention. It may also be due to using currertestéa residence as a proxy for the state whereliid lived at age
five. As children age it will be more likely thttey have moved since age five, so an additicrah of
measurement error is introduced that may causeustion bias.

% For a discussion of ADHD diagnosis and treatmates by health insurance status see, for examsseivet al.
(2007) and references therein.
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when we further restrict the sample to those withigte insurance in survey years 2003-2006 we @bser
higher diagnosis rate. In Table 4, we find a laiggact of being born after the cutoff on ADHD
medication use in the private claims sample thahenrMEPS sample, which includes those with private
and public insurance plus those uninsured. Thigestg that children with private health insuranaghin
experience larger effects of being born after tteft date on stimulant treatment rates. Similarly
looking at the subset of the population that repbaving private health insurance in the NHIS we fi
that being born after the cutoff reduces the proityalbf ADHD diagnosis a statistically significat6
percentage points. Although this coefficient isgbly 30 percent larger than the full sample, the
difference in coefficients is not statistically sifjcant. When we reduce the sample to match tineey
years of the private claims data there is littlargye in the estimated coefficient. Therefore, giine

NHIS dataset we find an effect for the subset efgbpulation that has private insurance whichighgly
larger than that from the population at large, eiaat with the disparity found between the MEP8 an
private claims samples in Table 4.

So far all models used only a limited set of faridyel covariates. We have a sparse set of
controls available in the private claims samplal ae wanted the models to be as similar as possible
Because covariates do not vary appreciably forethimsn before and after the cutoff, we do not gdie
that including more detailed family controls wiffect the results. To confirm this, we exploit the
detailed data in the NHIS. In the next row of Eab) we add 16 dummy variables for different income
values including income not reported, dummy vagalfbr all potential family sizes, dummies for all
potential numbers of siblings in the household amdmplete set of dummies for the highest education
level in the family. The coefficient on the reddderm from this model is virtually identical toahin
the basic model at the top of the table. Findlbgause our dependent variable is dichotomous, we
confirm that using a limited dependent variable elgmoduces nearly identical results. The lasepam
Table 5 provides the marginal effects from a praimdel; there little impact of changing the estimat
method on parameter estimates.

Table 6 reports a similar set of specification haterogeneity checks considering stimulant
prescription as the outcome of interest. In Tdbkee found that the estimated effect of being tadter
the cutoff was strikingly similar across the spieaifions as additional covariates were added fahede
datasets. The private claims data source hagea éarough sample size to explore alternative
specifications and heterogeneity within the samplewever in the MEPS data, the main result,
presented in column 4 of Table 4, is not statiflficagnificant. Still, we explore whether the djtative
results in the MEPS hold across specificationswaititin subsamples as further evidence supportieg th
findings in the larger private claims data. Altigbuit is a smaller data set, the MEPS sample ismalty

representative and allows for controls for race ethaicity.
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The top row of Table 6 repeats the main specificati able 4 column 4, for the MEPS and
private claims data sets. In the first set of #madion tests, we find that the coefficient isénsitive to
narrowing the window of birth days included in g@mple. However in the private claims data, retyci
the sample to a 30 day window generates a quabtatsmall and statistically insignificant positive
coefficient. In the next panel of results in Tablere include higher order terms of the polynomidls).
The specification with the quadratic yields a pumykesult. Using the MEPS data we find the coedfit
onborn aftermore than doubles, while in the private claimadbe coefficient goes to zero. Once
higher order terms are added the coefficients gaeasimilar to the baseline result. Recall als this
anomalous result is not found in the NHIS reswdsorted in Table 5. Note that Porter (2003) argbat
odd-numbered polynomials have better econometdpegties in regression discontinuity design models.

The sensitivity of the results in the private claidata to the window over which we examine the
model and the order of the polynomial are in stanktrast to the results from the NHIS which are not
sensitive to these model alterations. Upon furithgpection, the result can be explained by an
anomalously high stimulant use rate on day z=@dwm born 6 days after their state and year-sjgecif
cutoff).

There are roughly 200 observations for each day24-to 120. On day z=6, the mean stimulant
use rate is about 14 percent which is approxim&egdgrcentage points higher than any other day and
nearly twice the sample average. Looking at tete330 day models, if we estimate specificatid)s (
through (3) from Table 4 for this sample, in albes, the coefficient (standard error) on the treatm
effect dummy variable is -0.014 (0.005). Howewenen we add in the linear terms, the coefficiernth
drops to the number in Table 6. Estimating thedimtime trend on only 30 days when there is an
extreme outlier on day z=6 increases the slopgpnamd eliminates any coefficient on the treatment
variable, I(z0). The distortion due to a large spike in stimulase on day z=6 is lessened as we increase
the window around day z=0.

The outlier on day z=6 also generates havoc wethtgher order polynomials since the model is
trying to fit the underlying response surface tigtothis one high value for the outcome. If we re-
estimate the (-30, 30) day model with linear, gaidrand cubic polynomials in h(z) including a duynm
variable for day z=6, then the coefficient on tteatment effect dummy variable in these three nsdel
equal -0.0186 (0.0042), -0.0130 (0.0060) and -0JADAN086), respectively. So although the estimate
are sensitive to this one extreme outlier, onceattditional dummy variable for day z=6 is includbd
results are strikingly robust to restricting thengée to smaller windows around the discontinuitg &m
in the inclusion of higher order polynomials.

We next consider heterogeneity within the sampleswas found with diagnosis rates, treatment

rates for boys are much higher than for girls ithlsamples. The effect of being born after theffus
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only statistically significant for boys in the paite claims data and reflects an over 2 percentaige p
decreased risk of ADHD treatment for boys born aftr the eligibility cutoff. Note that the estibe for
girls is not statistically significant, but this gnaimply be due to insufficient power. Again siamito the
estimates in Table 5, we find that the effect igdat for children ages 7 to 12. Near the bottbmadle
6 we estimate a model in the MEPS data for a sudfghe population that is most similar to thatnfrthe
private claims data base. We find that among oémldvith private health insurance in survey ye&@32
to 2006, 4.8 percent have a prescription medicatdreat ADHD. We find that children born justeaf
the cutoff date have a 2.7 percentage point loiskraf being treated for ADHD in this group.

Table 7 provides our final robustness check. kerestimate a similar model using other
childhood diseases as outcomes, as in Figure 2auBe children born before the cutoff will have
experienced more years of school on average, oglet worry that it is exposure to years of school,
rather than relative age, that is causing the miffee in diagnosis rates. The first two childhadohents
we consider as falsification tests, chicken pox i@giratory allergies, may also be a functionexdrg of
exposure to school. Another concern might betti@stress of being younger than one’s classro@rspe
actually causes ADHD. Although we are not awaramyf evidence that ADHD is stress-induced, we
explore the possibility that children who are neklly young may suffer from stress-induced ailments
To test if a stress-induced mechanism is at woekcansider other childhood ailments that may be
exacerbated by stress. For all four childhood eilte we consider, chicken pox, respiratory allexgay
fever, and frequent headaches, we find no statlbtisignificant effects of relative age. This@fsirther
confirms that differences in susceptibility to dises by children born at different times of yeamnca
explain the effects.

Similarly, at the bottom of Table 7, if the strésduced illness or exposure to school mechanism
were influencing ADHD treatment, we would expecsé® a hegative and significant effect of beingnbor
after the cutoff on asthma medication use or astiibuse as well. The estimates at the bottomadld 7
show a positive and statistically insignificantesft of relative age on asthma medication and antibi
use.

In summary, the estimates of the effect of beingladter the age of school start date are large
and statistically significant across a host of gptions and in almost all subsamples. We find n
similar effect for several other childhood diseamed conditions. This suggests that the natutkeof
diagnostic guidelines, which recommend a compangtim classroom peers, leads to medically
inappropriate ADHD diagnosis.

As discussed above, one concern is that our remdtgotentially driven by the fact that children
that are young for their grade will have also bieeschool one year longer. We are worried that

“exposure” to diagnosis in schools could lead tghbr diagnosis rates, even controlling for agelartt
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cohort. This does not appear to explain our resiiirst, note that in Table 6 when we restrietsample
to include only children 13-17 years we still prodwa statistically significant reduction in ADHD
treatment rates of 1.5 percentage points for those just after the cutoff. As children age, thkative
difference in exposure declines considerably amitdeif exposure were driving the differences in
outcomes across groups, we should find little inhpathis older group. Second, recall that the
sensitivity tests presented in Figure 2 and in @&bindicated that other childhood diseases and
conditions that might be influenced by differengaposure do not show a similar pattern. Third nent
consider the sensitivity of our estimates to inclgcdyrade fixed effects to the model to explicityntrol
for years of exposure. However, we do not prefesge results in Table 5 because this model is
problematic for two reasons. As discussed in Habave, we note that the grade in school varieble
measured with considerable error. But more immaltait is also the case that years of schoolsgn
outcome, so is endogenous. Therefore we view tlessdts solely as a sensitivity test to compare
children in the same grade, which confirms the fociefit is not being driven by exposure. Sincerges
schooling and 1(z0) are negatively related, it is not surprising #dding grade fixed-effects decreases
the coefficient on 1(z0) to -3.8 percentage points (standard error 8fp@rcentage points). Hence we
can be reassured that even when comparing withitkegby including grade fixed effects we find a éarg
and statistically significant effect of being bafter the cutoff. These three sets of resultscatdi that
exposure to years of schooling cannot explainitigirfgs.

In summary, if one assumes that the true incideatecof ADHD is uniform over a small window
around the age at school start cutoff, the estisnattevide compelling evidence that a large fractbn
ADHD diagnoses are not the result of an underlyiraglical condition. Rather, children that were born
just after the kindergarten eligibility cutoff ddtetheir state in the year they turned five yedds who
therefore were more likely to wait an additionaaré enter school, are at a much lower risk being
diagnosed with ADHD and being prescribed stimulafikis provides strong evidence that medically
inappropriate diagnosis and treatment is occurring.

The diagnosis rates for children born on eithee siffthe kindergarten eligibility cutoff date
should only be different if that cutoff date actyalorresponds to initial school enroliment behaviblot
only do many states allow exemptions for earlyyentr general states do not require children attend
school until they are seven years old. In addjtioare advanced children may skip grades, while
children who are struggling may repeat gradess mbin-compliance with the age at school start laws
should only serve to dampen the difference betwbddren born before and after the cutoff date. As
described above, we cannot estimate the effeatioblrelatively young directly due to data limitats.

Still, the reduced form analysis presented hericattes that, as long as the underlying medicalafsk
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having ADHD does not differ across the eligibilitytoff date, there is a significant amount of matljc

inappropriate diagnosis and treatment of ADHD.

VIl.  Conclusions

The evidence presented above indicates that foe @hildren, a diagnosis of ADHD is not solely
based upon underlying biological conditions. Rgtheing born just before versus just after the
kindergarten eligibility cutoff date in one’s stasea significant factor in the probability of rézdeg an
ADHD diagnosis. This is likely a result of relagiwmaturity and is therefore not a surprise given th
difficulty of diagnosing ADHD and the explicit cadgration that health care providers are advised to
give to whether the behaviors in question “happenenoften in this child compared with the child’s
peers?’ As Elder and Lubotsky (2009) demonstrate, yourhédren in classes are more likely to have
educational and behavioral problems compared iopeers, and therefore, some children who are
relatively young compared to their classroom paeesmore likely to be diagnosed with ADHD. These
results suggest that the comparison sample fondi&g should not be other children in class butenat
other children of a similar age within a class.

Note that even if it is the case that children Bngeschool at younger ages triggers ADHD, this
would suggest an important causal mechanism teantdical research should further explore. ADHD is
now thought to stem from both neurological and emmental factors. If being exposed to formal
schooling at younger ages is actually causingeain#\DHD, we must then revisit educational polaryd
consider how children are segmented into classr@amsow age-appropriate educational activities are
chosen.

Our econometric model does not, however, allowoudentify whether particular children who
are young for their grade are over-diagnosed othenesome older children are under-diagnosed. It
could be the case that younger children are oagratised because they are acting immaturely reletive
classroom peers (but not relative to children greesage), and this behavior is misinterpreted as
indicating the child has ADHD. Alternatively, ibald also be that because of the stark age difteren
between children born before and after the cuto#farly grades, it is easier to diagnose youngéaren
with ADHD and older children are left under-diageds Indeed, as described in the beginning of &ecti
II, under-diagnosis of ADHD and other mental hedigorders is a significant and important public
health concern as children with ADHD are at aneased risk of academic difficulties and are more

likely to engage in risky behaviors. Children wkBHD often have difficulties in school and untregt

2" NIMH, ADHD Booklet, Page 6.
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ADHD may lead to lower human capital accumulat@mlithough research suggests that many children
taking stimulant medication may suffer from toxydihat will hamper rather than improve their coiymit
function (Swanson et al., 1991). In addition, regesearch has highlighted the externalities dataut
with having a child with extreme emotional or beioaal problems in the classroom, such as the lower
human capital accumulation of classmates (Aized92&|etcher, 2010). What our results do indidsite
that observationally similar student have veryatiht diagnosis rates depending on when theirdasth
falls in relation to the start of the school ye&s such, the results suggest that for a largdifraof
children their current medical diagnosis with rebexy ADHD is not based on underlying biological
factors.

That said, we do feel that evidence from outsuleeconometric model is suggestive that the
more likely scenario is that younger children axapipropriately diagnosed as having ADHD when they
are in fact simply less mature than their peengddhce from brain imaging technology suggests that
ADHD is associated with a three year developmetetdy in a child’s brain (see, e.g., Shaw et 81,0).
The NIMH ADHD Booklet describes children with ADH&S being hyperactive, inattentive, and/or
impulsive. Inattentiveness could be missed inotdren, but extreme hyperactivity and impulsivi
are unlikely to go unnoticed. And while it is tmetically possible that older children would have
symptoms that would not be detected by teacheasntition is not consistent with the idea thatdreih
with ADHD have severe and uncontrollable behaviprablems. Along similar lines, children’s whose
ADHD symptoms are not severe enough to be detestgdnot require medical intervention and
treatment. Thus, even if our results suggestdhat- and under-diagnosis are both occurring, the
possibility of over-diagnosis due to relative imoréty may be of more significant public health cent
than under-diagnosis in this scenario.

Potential over-diagnosis of stimulant medicati®particularly troubling given the possible side
effects of these drugs. According to a 2007 FDAew, the stimulant medications used to treat ADHD
have rare but serious and significant potentia giffiects including cardiovascular problems and
psychiatric problem& Others studies have suggested potential long-¢temsequences on young
children’s brain development. According to ouiraates, approximately 9 percent of all children are
diagnosed with ADHD and approximately 4 to 6 petadrchildren current take a prescription stimulant
to treat ADHD. According the population estimapesvided by the U.S. Census Burédon July 1,
2006 there were approximately 53 million childrgres5 to 17 in the United States. To put our edgém

% Findings from the FDA review are described in&i&1H ADHD Booklet, Page 9.

% Source: Population Division, U.S. Census Bureahld 2: Annual Estimates of the Resident PopuldiipBex
and Selected Age Groups for the United States: Ap&2000 to July 1, 2008 (NC-EST2008-02), Reldaate: May
14, 2009, accessed November 16, 2009.
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into perspective, an excess of 2 percentage pionpiées that approximately 1.1 million children edeed
an inappropriate diagnosis and over 800,000 redeitimmulant medication due only to relative maturit
Recognizing the pattern of inappropriate diagnsk@muld help to better target treatments. In aoldjti
this may help to avoid treatments with potentialyious short-term and long-term consequences.
International comparisons that indicate the Unéates spends more yet achieves lower health
outcomes when compared to other OECD countriess ard other evidence has prompted criticism of
wasteful spending and over-treatment in the U.8ltheare system. However, identifying inapprogriat
diagnosis and treatment can be difficult and gdlyaravolves costly chart reviews or extensive case
studies. In this paper we document inappropriadioal diagnosis and treatment using survey data.
Using variation in relative age induced by ageatio®l start laws, we are able to clearly identifsoarce

of differential diagnosis that cannot be due te nnderlying differences in disease incidence.
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Figure1l: Meansand 95% ConfidenceIntervalsfor Children Born Before and After
Cutoff Dates
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Notes: The means for children born before (dat&reersus after (light color) the kindergarten
eligibility cutoff date in their state of resideniseshown for children born within 120 days of theaoff
date. Data are from the restricted-access veysibthe 1997-2006 National Health Interview Survey
(NHIS), the 1996-2006 Medical Expenditure Panev8ui(MEPS), and a private insurance claims
dataset. The sample includes children ages 7 tm1June 1st of the survey year born within 12 da
of the kindergarten eligibility cutoff. The NHI$id MEPS results are weighted means.
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Figure2: Meansand 95% Confidence Intervalsfor Children Born Before and After
Cutoff Dates
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Notes: The means for children born before (dat&rdwersus after (light color) the kindergarten

eligibility cutoff date in their state of resideniseshown for children born within 120 (solid), Grtical
stripes), and 30 (horizontal stripes) days of tneft date. Data are from the restricted-accessions
of the 1997-2006 National Health Interview Survsy(S), the 1996-2006 Medical Expenditure Panel

Survey (MEPS), and a private insurance claims datag he sample includes children ages 7 to 17 on

June 1st of the survey year born within 120 dayhekindergarten eligibility cutoff. The NHIS and
MEPS results are weighted means.
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Figure 3: Falsification Tests, Meansand 95% Confidence Intervalsfor Children Born
Before and After Cutoff Dates
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children ages 7 to 17 on June 1st of the surveylyaa within 120 days of the kindergarten eligtlgil
cutoff. For the NHIS data, all means are weighted.

35



Figure4: Fraction of Children Younger than Median for Statex Grade x Year Cell by
Daysfrom Kindergarten Eligibility Cutoff Date

First-Stage Relationship

Fraction Younger than Median

T T T T
-100 -50 0 50 100
Num Days betw. Cut-off and Birth Date

Notes: Data are from the restricted-access vesbthe 1997-2006 National Health Interview Survey
(NHIS). The horizontal axis indicates bins forldhén born each humber of days from the kindergarte
eligibility cutoff date. The dots are the fractiohchildren in that bin that are younger thanriedlian
age for their grade x state x year cell. The liawesfrom locally weighted regression interpolatidrhe
sample includes children ages 7 to 17 on Junefisewsurvey year born within 120 days of the
kindergarten eligibility cutoff.
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Figure5: ADHD Diagnosis by Daysfrom Kindergarten Eligibility Cutoff Date
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Notes: Data are from the restricted-access vessibthe 1997-2006 National Health Interview Survey
(NHIS). The horizontal axis indicates bins forldren born each number of days from the kindergarte
eligibility cutoff date. The dots are mean diagaaates. The lines are from locally weighted esgion
interpolation. The sample includes children agés I77 on June 1st of the survey year born witlae 1
days of the kindergarten eligibility cutoff.
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Table 1: Kindergarten Eligibility Cutoff Dates

State Cutoff 2005 Law Changes Since 1984 State off2@05 Law Changes Since 1984
AL 1-Sep 1984-1989: 10/1 MD  30-Sep 1984-2002:12/3
1990+: 9/1 2003: 11/30
AK  1-Sep 1984-1987: 11/2 2004: 10/31
1988-2003: 8/15 2005: 9/30
AZ 31-Aug* 2006+: 9/1
AR 15-Sep 1984-1997: 10/1 MA LEA
1998: 9/1 MI 1-Dec
1999+: 9/15 MN  1-Sep
CA  2-Dec 1984-1986: 12/1 MS  1-Sep
1987+: 12/2 MO 31-Juf 1984-1986: 8/31*
CO LEA 1987: 7/31*
CT 1-Jan 1988-1996: 6/30*
DE 31-Aug 1984-1992: 12/31 1997+: 7/31*
1993: 11/30 MT  10-Sep
1994: 10/31 NE 15-Oct
1995: 9/30 NV  30-Sep
1996+: 8/31 NH LEA
DC  31-Dec NJ LEA
FL 1-Sep NM  31-Aug*
GA 1-Sep Established 1985 NY  LEA
HI 31-Dec NC 16-Oct
ID 1-Sep 1984-1989: 10/16 ND  31-Aug*
1990: 9/16 OH  30-Sep
1991-1992: 8/16 OK 1-Sep
1993+: 9/1 OR 1-Sep 1984-1985: 11/15
IL 1-Sep 1984-1985: 12/1 PA LEA
1986: 11/1 RI 1-Sep 1984-2003: 12/31
1987: 10/1 SC 1-Sep 1984-1992: 11/1
1988+ : 9/1 SD 1-Sep
IN 1-Jul 1984-1988: LEA TN 30-Sep 1984: 10/31
1989: 9/1 TX 1-Sep 1984-1994: ssy
1990: 8/1 1995+: 9/1
1991: 7/1 uT 1-Sep* 1984-1987: ssy
1992-2000: 6/1 1988+: 9/1*
2001-2005: 7/1 VT LEA 1984-1990: 1/1
IA 15-Sep 1991+: LEA
KS 31-Aug 1984-1994: 9/1 VA  30-Sep
1995+: 8/31 WA  31-Aug
KY  1-Oct WV  31-Aug*
LA  30-Sep 1984-1995: 12/31 Wi 1-Sep
1996+: 9/30 WY  15-Sep
ME  15-Oct

Notes: Data acquired from individual state statuté&A denotes that the state allowed the local
education authority to determine the applicablefutherefore there is no statewide date; ssytstar
school year. Starred dates indicate that thetstapecifies that the child must be boeaforea certain
date, so we have adjusted the date in this tabieflect the date that the child must be bonrnor before
to be consistent across states
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Table 2: Sample Characteristics

Regression Sample

Born Born
+/-120 Before After
Variable Full Sample Eligible States Days [-120, -1] [0, 120]
National Health Interview Survey (NHIS) [1997-2006
Observations (person/year) 69,350 53,212 35,343 7287, 17,615
% Male 51.0% 50.8% 50.7% 50.3% 51.0%
Average age as of June 1 11.9 11.8 11.8 11.7 11.8
% White (Non-Hispanic) 64.6% 64.5% 64.2% 64.1% B¢.4
% Black (Non-Hispanic) 15.4% 16.0% 15.9% 16.0% 5.9
% Hispanic 15.7% 15.0% 15.2% 15.1% 15.2%
% Other Race/Ethnicity 4.4% 4.5% 4.7% 4.8% 4.5%
% ADD/ADHD Diagnosis 8.4% 8.7% 8.6% 9.7% 7.6%
Medical Expenditure Panel Survey (MEPS) [1996-2006]
Observations (person/year) 59,814 47,423 31,641 9525, 15,689
% Male 51.1% 51.1% 51.2% 50.9% 51.5%
Average age as of June 1 12.0 11.9 11.9 119 11.9
% White (Non-Hispanic) 62.5% 62.6% 62.4% 62.0% 82.7
% Black (Non-Hispanic) 15.7% 15.9% 16.0% 15.9% 96.1
% Hispanic 16.3% 15.7% 15.5% 15.8% 15.3%
% Other Race/Ethnicity 5.5% 5.9% 6.1% 6.2% 6.0%
% any stimulant use 4.2% 4.3% 4.3% 4.5% 4.0%
Private Claims Data [2003-2006]
Observations (person/year) 121,352 72,885 48,206 ,3824 23,826
% Male 50.3% 50.2% 50.2% 50.3% 50.1%
Average age as of June 1 12.3 12.4 12.4 12.4 12.4
% any stimulant use 5.2% 5.6% 5.8% 6.5% 5.2%

Notes: Data are from the restricted-access vessibthe 1997-2006 National Health Interview Survey
(NHIS), the 1996-2006 Medical Expenditure PaneNV8ui(MEPS), and a private insurance claims
dataset. The NHIS and MEPS statistics utilizestimyey sample weights. The full sample includes
children ages 7 to 17 on Juriedf the survey year. The eligible sample incluctgigdren who live in
states with clearly defined kindergarten eligililitutoff dates in the state they reside in the yieay
turned five years old. The regression sampleicesthis group to children whose birthdays arénimit
120 days of school start.
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Table3: First Stage Estimates of the Effect of Being Born after the Cutoff Date on Being
Younger-than-Median Agein Grade x State x Year

Models
Covariates (1) (2) (3) 4)

All Children, 1997-2006, N= 34,173

-0.3840 -0.3733 -0.3744 -0.3544

Born After Cutoff (.0224) (.0221) (.0220) (.0186)

Age Fixed Effects, Gender,

Race/Ethnicity X X X
State and Birth Cohort Fixed Effects X X
1°' Order Polynomial X

Privately Insured Children, 2003-2006, N = 7,987

-0.3710 -0.3604 -0.3615 -0.3565

Born After Cutoff (.0275) (.0264) (.0262) (.0355)

Age Fixed Effects, Gender,

Race/Ethnicity X X X
State and Birth Cohort Fixed Effects X X
1° Order Polynomial X

Notes: Data are from the 1997-2006 National Health InwBurvey, and the sample is restricted to
children born ages 7 to 17 on Jurieolthe survey year who were born within 120 dafythe
kindergarten eligibility cutoff. Coefficients afiem linear probability regressions with standamaes in
parentheses. Population weights are used arslahdard errors are clustered by state.
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Table4: Regression Discontinuity Estimates of the
Effect of Being Born after the Cutoff Date

Models

Covariates (1) (2) (3) 4)

NATIONAL HEALTH INTERVIEW SURVEY (NHIS)
Outcome: ADD/ADHD Diagnosis
N= 35,343 Children
Mean of Dependent Variable = 0864

-0.0204 -0.0209 -0.0206 -0.0208

Born After Cutoff (0050)  (.0050)  (.0050)  (.0079)

Age Fixed Effects, Gender,

Race/Ethnicity X X X
State and Birth Cohort Fixed Effects X X
1* Order Polynomial X

MEDICAL EXPENDITURE PANEL SURVEY (MEPS)
Outcome: Receiving Medication to Treat ADD/ADHD
N = 31,641 for 18,559 Children
Mean of Dependent Variable =@427

-0.0055 -0.0059 -0.0063 -0.0079

Born After Cutoff (.0037) (.0034) (.0034) (.0058)

Age Fixed Effects, Gender,

Race/Ethnicity X X X
State and Birth Cohort Fixed Effects X X
1* Order Polynomial X

PRIVATE CLAIMS DATA
Outcome: Prescription Claim for Ritalin or OthewD for Treating ADD/ADHD
N = 48,206 Observations for 22,371 Children
Mean of Dependent Variable = 0.0584

-0.0124 -0.0123 -0.0122 -0.0156

Born After Cutoff (0021)  (.0021)  (.0030)  (0.0057)

Age Fixed Effects, Gender X X X
State and Birth Cohort Fixed Effects X X
1* Order Polynomial X

Notes: Coefficients are from linear probability debregressions with standard errors in parentheaks
specifications include a constant term. All stadd=rors are clustered by current state of resiglen
Sample weights are used for the NHIS and MEPS dEite. polynomial is defined as days from the

cutoff and is modeled separately for days beforkdays after. The cutoffs are the kindergarten

eligibility cutoff date in the child’s current seabf residence in the year the child turned fivargeld.
The variable “Born After Cutoff” is T£0). The sample includes children ages 7 to 17uoe 1st of the

survey year born within 120 days of the kindergagkgibility cutoff date.
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Table5: Heterogeneity in Regression Discontinuity Estimates of ADHD Diagnosis,
National Health Interview Survey

Num. of Mean of

Specification Sample Obs Dep. Var. Coef. on Born After, D)
Baseline results +/- 120 days 35,343 0.0864 -0.0208 (0.0079)
+/- 90 days 26,659 0.0861 -0.0178 (0.0101)
Days in Sample +/- 60 days 17,826 0.0849 -0.0203 (0.0136)
+/- 30 days 9,145 0.0826 -0.0316 (0.0155)
2" Order 35,343 0.0864 -0.0168 (0.0142)
Order of 3" Order 35,343 0.0864 -0.0381 (0.0181)
Polynomial 4" Order 35,343 0.0864 -0.0364 (0.0205)
5" Order 35,343 0.0864 -0.0523 (0.0255)
State of Birth 30,476 0.0893 -0.0156 (0.0076)
State of Birth State of Birth =
State of Residence 26,607 0.0875 -0.0205 (0.0098)
Male 18,014 0.1248 -0.0197 (0.0116)
Gender
Female 17,329 0.0471 -0.0209 (0.0088)
White 19,538 0.1012 -0.0210 (0.0091)
Race/Ethnicity Black 6,000 0.0803 -0.0356 (0.0152)
Hispanic 8,360 0.0462 -0.0220 (0.0134)
7-12 19,345 0.0818 -0.0237 (0.0107)
Age Group
13-17 15,998 0.0926 -0.0158 (0.0114)
1997-2001 18,274 0.0798 -0.0180 (0.0096)
Survey Years
2002-2006 17,069 0.0928 -0.0232 (0.0114)
Private Insurance, 5, 994 (0807 -0.0259 (0.0102)
Privately Insured Privlzigzhzs%?gnce
2003-2006 8,240 0.0871 -0.0263 (0.0149)
Additional Family-Level Controls 35,343 0.0864 -0.0209 (0.0076)
Probit Model (Marginal Effects) 35,343 0.0864 -0.0197 (0.0068)

Notes: Data is from the 1997-2006 National Hehbdterview Survey, and the sample is restricted to
children born ages 7 to 17 on Jurieoi the survey year who were born within 120 daythe
kindergarten eligibility cutoff. Unless otherwispecified, coefficients are from linear probability
regressions with standard errors in parenthesdsalaapecifications include a constant, a linear
polynomial in days from cutoff separately for ddngdore and days after, child’s age, state of reside
and birth cohort fixed effects, and controls fonder and race/ethnicity. Population weights aexiu
and the standard errors are clustered by state.



Table6: Heterogeneity in Regression Discontinuity Estimates of Stimulant Treatment,
Medical Expenditure Panel Survey (MEPS) and Private Claims Samples

MEPS Private Claims
Coef. on Coef. on
Obs. T(i=0) Obs. T(i>0)
Specification Sample [VY] (Std error) [Y] (Std error)
. 31,641 -0.0079 48,206 -0.0156
Baseline Results +/-120days 1554571 (0.0058)  [0.0584]  (0.0057)
+/- 90 davs 23,744  -0.0129 36,582 -0.0129
y [0.0410]  (0.0065) [0.0572]  (0.0059)
Days in +/- 60 davs 16,034  -0.0083 24,809 -0.0136
Sample y [0.0391]  (0.0068) [0.0563]  (0.0067)
+/- 30 davs 8,136 -0.0104 12,504 0.0026
y [0.0368]  (0.0125) [0.0548]  (0.0123)
2 Order 31,641 -0.0143 48,206 -0.0064
Order of [0.0427]  (0.0070) [0.0584]  (0.0059)
polynomial 39 Order 31,641 -0.0033 48,206 -0.0103
[0.0427]  (0.0111) [0.0584]  (0.0132)
Male 16,109 -0.0131 24,216 -0.0218
[0.0610]  (0.0101) [0.0803]  (0.0102)
Gender
Female 15,523 0.0003 23,990 -0.0092
[0.0235]  (0.0081) [0.0363]  (0.0072)
7-12 18,424  -0.0039 23,703 -0.0150
Age Grou [0.0523]  (0.0086) [0.0584]  (0.0080)
g P 13-17 13,217 -0.0110 24,503 -0.0154
[0.0306]  (0.0077) [0.0583]  (0.0062)
First Year in 16,986 -0.0064 19,857 -0.0108
gg‘seervaﬁon or Data [0.0420]  [0.0064] [0.056]  (0.0059)
claimant PET | ast Year in 14,655  -0.0102 19,696 -0.0196
Data [0.0435]  [0.0068] [0.057]  (0.0065)
. . 31,641 -0.0055 48,206 -0.0149
Probit model (marginal effect) 5 54571 (0.0047)  [0.0584]  (0.0055)
6,570 -0.0271

Private Insurance 2003-2006 [0.0481] [0.0147]

Notes: Unless otherwise specified, coefficienesfesm linear probability regressions with standard
errors in parentheses. All specifications incladmnstant, a linear polynomial in days from cutoff
separately for days before and days after, chidisfixed effects, and controls for gender, staar of
birth, and, when available, race/ethnicity. 1a MEPS population weights are used. In all samjples
standard errors are clustered by state. The sammlide children ages 7 to 17 on June 1st o$tineey
year born within 120 days of the kindergarten bilgy cutoff date.
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Table7: Falsification Tests, National Health I nterview Survey and Private Claims Data

Mean of Dep.  Coef. on Born

Sample Outcome Num. of Obs Var. After, T(i>0)
Had chicken pox? 34,727 0.725 -0.0057 (0.0121)
Have .resi)p'ratory 35,233 0.139 0.0059 (0.0086)
NHIS allergies”
Suffers from hay fever? 35,247 0.127 -0.0046 (02008
Has frequent headaches? 35,321 0.082 0.0014 (0.0054
Any asthma drug use? 48,026 0.093 0.0117 (0.0075)

Private claims

Any antibiotic drug use? 48,026 0.345 0.0080 (01909
Notes: In the top panel data are from the 199820&ional Health Interview Surveys and population
weights are used. The bottom panel uses the prolaims sample. The samples include children @ges
to 17 on June 1st of the survey year born withit d2ys of the kindergarten eligibility cutoff dat€he
coefficients are from linear probability regressamth standard errors in parentheses, and theastdn
errors are clustered by state. All specificatimtsude a constant, a linear polynomial in daysrfrcutoff
separately for days before and days after, chidesfixed effects, and controls for gender, staar of
birth, and, in the NHIS only, race/ethnicity.
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Appendix Figure 1: Current Gradefor Children 7-16, 2000-2002 October CPS and 4th
Quarter Responsesto 2000-2002 NHI'S
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Notes: The NHIS fourth quarter responses are ftepublic use data. We impute the
respondents’ ages as of Octob&nding information on month and year of birth. Bs#imples
are from years 2000 to 2002 for children age 760 1
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