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ABSTRACT

IZA DP No. 18069 AUGUST 2025

Antidepressant Treatment in Childhood*

Mental health disorders tend to emerge in childhood, with half starting by age 14. This 

makes early intervention important, but treatment rates are low, and antidepressant 

treatment for children remains controversial since an FDA warning in 2004 that highlighted 

adverse effects. Linking individuals across Danish administrative registers, we provide some 

of the first evidence of impacts of antidepressant treatment in childhood on objectively 

measured mental health indicators and economic outcomes over time, and the first 

attempt to investigate under- vs overtreatment. Leveraging conditional random assignment 

of patients to psychiatrists with different prescribing tendencies, we find that treatment 

during ages 8-15 improves test scores at age 16, particularly in Math, increases enrollment 

in post-compulsory education at age 18, and that it leads to higher employment and 

earnings and lower welfare dependence at ages 25–30. We demonstrate, on average, a 

reduction in suicide attempts, self-harm, and hospital visits following AD initiation. The 

gains to treatment are, in general, larger for low SES children, but they are less likely to 

be treated. Using a marginal treatment effects framework and Math scores as the focal 

outcome, we show positive returns to treatment among the untreated. Policy simulations 

confirm that expanding treatment among low SES children (and boys) generates substantial 

net benefits, consistent with under-treatment in these groups. Our findings underscore the 

potential of early mental health treatment to improve longer term economic outcomes and 

reducing inequality.

JEL Classification: I11, I12, I18, J13

Keywords: antidepressants, mental health, education, test scores, human 
capital, Denmark, physician leniency, marginal treatment 
effects

Corresponding author:
N. Meltem Daysal
University of Copenhagen
Krystalgade 25
1172 Copenhagen K
Denmark

E-mail: meltem.daysal@econ.ku.dk

* We are grateful to Thomas Cornelissen for many insightful discussions, and to Angelina Nazarova for outstanding 
research assistance. We received helpful comments from Richard Blundell, Joe Doyle, David Jaeger, James Fenske, 
Eric French, Torben Heien Nielsen, Martin Karlsson, Therese Nilsson, Niels Skipper and participants at several seminars 
and workshops. The research was conducted with financial support from the Danish Foundation for Independent 
Research under grant 4182-00231 and the ESRC-funded CAGE Centre at Warwick (under grant ES/Z504701/1) 
where Bhalotra and Daysal are co-investigators.



! Introduction
Global estimates indicate that about !"% of children aged !#–!$ su%er from a mental health illness
(MHI).! Most MHI emerge in childhood, with half starting by age !& and two-thirds by age ’&
(Kessler et al., ’##"). If left untreated, they tend to persist (Kessler and Bromet, ’#!(), highlighting
the need for early intervention. Yet, treatment rates are low: about half of those in need do not re-
ceive care (Moitra et al., ’#’’; Evans-Lacko et al., ’#!)). Pharmacological treatment for children, in
particular, has been controversial since an FDA warning in ’##& that highlighted suicidal ideation
as a potential side e%ect of antidepressant use (Boaden et al., ’#’#). We examine the e%ects of an-
tidepressant (AD) treatment during childhood and adolescence on short, medium and longer term
economic outcomes. We provide some of the *rst evidence of impacts of AD treatment in child-
hood on economic outcomes over time, and objectively measured mental health indicators, and the
*rst attempt to investigate under- vs over-treatment with AD.

We address two key challenges in identifying the impact of AD treatment during childhood on
later outcomes. First, we leverage longitudinal, individual-level data frommultiple Danish registers
to track the onset of mental health conditions, treatment decisions, and the progression of multiple
health, cognitive, and economic outcomes over time. Our analysis focuses on children diagnosed
with a psychiatric condition, de*ned as those referred by their general practitioner to a child psy-
chiatrist at any point between the ages of ) and !". We investigate antidepressant (SSRI) use, which
is predominantly prescribed in the treatment of depression and anxiety (Jack et al., ’#’#; Schröder
et al., ’#!+). These conditions are linked to cognitive and behavioral impairments, including re-
duced concentration, memory distortions, and altered economic preferences, beliefs, and marginal
utility (Ridley et al., ’#’#; de Quidt and Haushofer, ’#!,). Given this evidence, our primary out-
come is performance in national academic tests administered at age !,. We track our sample cohorts
to examine the cumulative e%ects of AD treatment in childhood on educational enrollment at age
!), and on education, employment, earnings, and welfare dependence at ages ’" to (#. We also re-
port indicators of psychiatric and somatic health in the threemonths following the initiation of AD
treatment, o%ering objective evidence of treatment e%ectiveness.

Second, we address the potential bias arising fromADuse being correlated with unobserved fac-
tors that also a%ect outcomes. We implement a ’SLS strategy that relies on quasi-random variation
in prescribing rates across child psychiatrists.’ In particular, we use the leave-one-out prescribing
propensity of the child’s *rst psychiatrist as an instrument for AD use. Given that virtually all chil-
dren in our sample are initially treated with psychotherapy, our estimates identify the additional

!WHO factsheet October ’#’&, available here
’In Denmark, while general practitioners may prescribe AD to adults, children are typically referred to psychiatrists

for this. Of all children age )-!", ,.)% see a psychiatrist.

!

https://www.who.int/news-room/fact-sheets/detail/adolescent-mental-health.


impact of AD treatment.
There is substantial variation across psychiatrists in their AD prescribing propensity, and the

instrument strongly predicts AD use: moving from a psychiatrist at the ’"th percentile of the pre-
scribing propensity distribution to one at the +"th percentile increases the likelihood of AD use
by +.$ percentage points ("’% of the mean). We show that the prescribing tendency is uncorre-
lated with a comprehensive set of observables related to the outcomes. We further present evidence
supporting the validity of the exclusion restriction and themonotonicity assumption. Our ’SLS es-
timates identify the local average treatment e%ect (LATE) for compliers—children who would not
have receivedAD treatment had they seen a psychiatrist with a lower prescribing rate. Compliers are
marginal cases, a relevant subpopulation for policy, and the group for whom concerns about over-
or under-prescribing may be most relevant.

Our main *ndings are as follows. We estimate that AD use by age !" is associated with large
increases in test scores at age !,, with more precisely estimated e%ects for Math than for Danish. To
examine the impact of outliers, we use the Kaplan and Sun (’#!+) estimator to show that treatment
e%ects are fairly uniform across the test score distribution. We conjecture that these sizable impacts
re-ect early treatment disrupting themutually reinforcing dynamic betweenpoormental health and
poor school performance, the e%ects of which accumulate over time. Such impacts likely include
improvements in attention, motivation, and skill accumulation.( The estimated e%ects completely
close the baselinemeangap in test scores associatedwithhaving adiagnosedmental health condition.

We examine heterogeneity in treatment e%ects by gender and socioeconomic status (SES), de*n-
ing children whose mothers have higher education as high SES. We *nd that AD treatment has
similar-sized impacts on the tests scores of girls and boys,& andmuch larger impacts for low-SES than
for high SES children. We can reject that the SES gradient is explained by low SES children being
more likely to see psychiatrists with lower prescribing rates. It is consistentwithmothers with higher
education being better able to shield their children’s school performance from the e%ects of mental
illness. Notably, higher returns to treatment among low SES children contrast with their lower rates
of receiving treatment." We explore this further in the policy simulations discussed below.

We examine heterogeneity in treatment e%ects by unobservables that determine selection into
AD use by estimating marginal treatment e%ects (MTE). Our *ndings indicate positive selection
into treatment (sorting on gains to treatment), though this is weaker among low SES children, con-

(One dynamic path is that poor mental health undermines school performance, and poor school performance, in
turn, worsens mental health. Another is state dependence or self-productivity in each domain: untreated mental health
issues tend to persist (Kessler and Bromet, ’#!(), and because learning is cumulative, children who fall behind academ-
ically often struggle to catch up (Heckman, ’##+).

&The implied population-level impact is larger for girls because more girls than boys receive AD, and girls exhibit
higher rates of depression and anxiety starting around age !’ (pubertal years).

"Children from low SES families are more likely to experience mental health issues, less likely to have a psychiatric
visit, and, conditional on having a visit, less likely to receive AD.

’



sistent with information frictions in this group. For Math scores, the MTE is almost always posi-
tive and the average treatment e%ect among children who do not use AD (ATU) is positive. If the
policy objective were to improve performance in age-!, Math tests, or if improvements in mental
health were proxied by gains in Math scores, these results would suggest that children in our sam-
ple are under-treated with AD.However, for Danish scores, theMTE is negative for some children,
and the average e%ect among untreated children is negative, albeit small. These contrasting patterns
complicate drawing unquali*ed policy conclusions.

We therefore use the MTE framework to conduct policy simulations. We simulate a policy that
makes psychiatrists “identity blind.” Speci*cally, we increase the prescribing rate for low SES chil-
dren to equal that for high SES children and, subsequently, we increase the rate for boys to equal
that for girls. In both cases we *nd that children pushed into treatment tend to have high test score
returns to treatment in both Math and Danish, which is consistent with under-treatment in these
groups. Allowing that under-treatment of a group of childrenmight occur alongside over-treatment
of another group, we also conduct the reverse simulation: bringing the prescribing rate of high SES
children and of girls down to that of low SES children and boys, respectively. We *nd in both cases
that this harms more children than it bene*ts. Next, in light of public debates concerning “rules vs
discretion” inmedical guidelines, we simulate a reduction in discretion among psychiatrists by com-
pressing the distribution of prescribing rates. First, we push up the bottom ’"% of the prescribing
propensity distribution and we *nd positive test score e%ects in bothMath andDanish for virtually
all of the children a%ected. Then we push down the top ’"% andwe *nd that this hurts muchmore
children than it bene*ts. This, again, is evidence consistent with under-treatment being a better
characterization of prescribing behaviour in our sample than over-treatment.

In the last part of the paper, we examine the e%ects ofADuse on abroader set of outcomes. Amid
continued debate overmedicatingmental health conditions in children, we investigate the health ef-
fects ofADuse. ADuse in children has long facedmedical and regulatory scrutiny, especially follow-
ing concerns in the early’###s about increased risks of suicidal thoughts andbehaviors. In response,
the U.S. FDA issued a “black box” warning in ’##&, and the EuropeanMedicines Agency followed
with similar warnings in ’##". However, later research has questioned the analyses underlying these
actions and argued that the risks of untreated mental health conditions may be greater than those
associated with treatment (Fornaro et al., ’#!$; Cipriani et al., ’#!); Lu et al., ’#!&; Rihmer, ’##+).
Usingmore objective administrative data and larger samples thanmost existing studies, we *nd that
AD treatment is associated with reductions in attempted suicide and self-harm, as well as an overall
decline in hospital visits, including ER visits. This pattern is consistent with treatment improving
mental health—a mechanism that likely underpins the identi*ed impacts on economic outcomes.,

,Our *ndings are consistent with evidence that adverse e%ects have not been identi*ed in the more recent classes
of SSRI that are prescribed in Denmark (Boaden et al., ’#’#). We cannot rule out that a small fraction of AD users

(



We then turn to the e%ects on post-compulsory educational attainment and labor market per-
formance. We *nd that AD treatment in childhood signi*cantly increases the likelihood of being
enrolled in education at age !) across gender and SES groups, indicating impacts beyond test scores.
Disaggregated results show that AD treatment raises academic track enrollment among girls and
high-SES children and vocational track enrollment among boys and low-SES children. Following
our cohorts to age ’"-(#, we *nd that those treated with AD in childhood are more likely to be
employed, have higher labor and total income, and are less likely to receive welfare or disability ben-
e*ts, with larger gains among low SES individuals and men. These results highlight the potential of
improved mental health treatment in childhood to enhance longer term educational and economic
trajectories.

We subject our primary outcome to several tests. First, to assess the external validity of the LATE
estimates, we estimate the share of compliers. At ((%, this share is fairly large. We also *nd that the
compliers are broadly similar to the analysis sample in their demographic and SES characteristics.
We show that our estimates of AD treatment e%ects on test scores are not driven by psychotherapy
(which has a positive direct e%ect) or by other mental health medications (which have a negative
direct e%ect). We conduct numerous tests on the instrument, examining potential endogenous mo-
bility across psychiatrists, sensitivity to clinic size, and the impact of excluding outliers in prescribing
behavior. We also show that our LATE estimates are robust to potentially endogenous test-taking,
to excluding children who took tests during the pandemic, to controlling for school or individual
*xed e%ects, to relaxing sample restrictions, and tomodeling treatment intensity. Finally, we test the
robustness of theMTE analysis, including checks of pairwise monotonicity (Frandsen et al., ’#’(),
sensitivity to functional form and *rst-stage propensity score estimation (Cornelissen et al., ’#!)),
and to including higher order polynomials of a covariate index (Devereux, ’#’’).

Related literature and contributions We now delineate our contributions relative to the litera-
ture. Ourmain contribution is to provide causal evidence of antidepressant treatment of school-age
children on their future educational and economic outcomes. There is a growing literature on the
economics of child mental health, most of which examines ADHD and uses sibling *xed e%ects
to address omitted variable bias (see, e.g., Currie et al., ’#!#; Currie and Stabile, ’##$; Fletcher and
Wolfe, ’##); Currie and Stabile, ’##,). Ourwork ismore closely related to research on the e%ective-
ness of medical treatments.+ Among studies that investigate AD treatment, the available evidence

experience side e%ects, including increased suicidality.
+As noted byCurrie (’#’&), the strongest evidence to date again concerns ADHD treatments (Chorniy, ’#’"; Cur-

rie et al., ’#!&; Dalsgaard et al., ’#!&). Biasi et al. (Forthcoming) focuses on bipolar disorder, a more extreme condition,
for which SSRI are not the *rst line of treatment. They leverage the adoption of lithium as a treatment, comparing
di%erences in outcomes between people with bipolar disorder and their healthy siblings, for cohorts aged ’# before and
after the treatment became available. For a recent review of interventions that improve child mental health, see Currie
(’#’").

&



primarily looks at contemporaneous impacts on treating adults on their labor market outcomes),
and the results are mixed.$ Our results are consistent with larger returns to early life intervention,
in line with dynamic feedback loops that we elaborate in the next section. Although childhood and
adolescence is a critical period for the emergence of depression and anxiety, there is limited causal
evidence on the dynamic returns tomental health intervention in this period (Hendren and Sprung-
Keyser, ’#’#; Almond et al., ’#!)).!#

Second, we provide evidence on the e%ects of AD treatment using objective measures of health.
Clinical trials typically report short-term impacts of AD use on self-reported symptoms (Currie,
’#’&; Cipriani et al., ’#!)). Using objective health measures is important given ongoing contro-
versy around AD treatment for children, especially concerns about (self-reported) side e%ects such
as increased suicidal ideation in a small fraction of users (Boaden et al., ’#’#; Fornaro et al., ’#!$).
Our *ndings o%er new, more robust evidence that challenges these concerns about suicidality.!!

Third, we provide insights into the debate over whether AD are over- or under-prescribed to
children. Childhood and adolescence are critical periods of neurobiological development when tra-
jectories can shift quickly in either direction (Dahl et al., ’#!)). Our *nding that low-SES children
in our sample are under-prescribed despite higher returns to treatment highlights mental illness as
an important source of inequality in educational and economic outcomes.

Finally, our work is also related to the broader literature documenting how physician discretion
a%ects health (Cuddy and Currie, Forthcoming; Cutler et al., ’#!$; Finkelstein et al., ’#!,). Treat-
ment decisions in mental health are especially uncertain, as symptoms are inherently subjective and
assessed bybothpatients and clinicians (Marquardt, ’#’!; Currie andMacLeod, ’#’#; Berndt et al.,

)We are aware of two studies of ADuse and test scores. Busch et al. (’#!&) show that the sharp aggregate drop inAD
prescribing following the ’##& FDAwarning coincided with a decline in grade point averages. Cowan andHao (’#’!)
however show that Medicaid expansions led to increased use of AD, with no improvements in academic outcomes.
These studies do not look at mental health or future economic outcomes and the marginal patient in their analysis is
not comparable to ours.

$Bütikofer et al. (’#’#) estimate the reduced-form e%ects of the FDA’s ’##+ expanded black box warning on an-
tidepressants, *nding no e%ects on young adults but reduced employment among women aged ("–&$. Shapiro (’#’’)
leverages variation driven by the borders of televisionmarkets and *nds that exposure to direct-to-consumer advertising
of AD signi*cantly decreases missed days of work. Laird and Nielsen (’#!,) rely on the fact that the prescribing rate of
primary care physicians may change following a residential move, which a%ects the likelihood of being prescribed AD,
to estimate no signi*cant e%ects inDenmark of adult ADuse on labormarket outcomes. Currie andZwiers (Forthcom-
ing) use Dutch data and instrument for AD use in the postpartum period with the propensity of the local practitioner
to prescribeAD towomen &,–," years old. They *nd that ADuse leads to lower employment rates in the *rst year after
birth, with no other signi*cant labor market e%ects. In a developing country context, Angelucci and Bennett (’#’&)
*nd no impact of AD treatment for adults on labor market outcomes following a randomized controlled trial set in In-
dia, though Lund et al. (’#’&) report impacts on employment in developing countries. In their review of the literature,
Ridley et al. (’#’#) highlight the paucity of evidence of impacts of depression treatment on earnings.

!#Aconsiderable body of evidence suggests large economic returns to intervening on early childhoodhealth (Bhalotra
and Venkataramani, ’#!"; Almond andMazumder, ’#!!).

!!The closest related study is Ludwig et al. (’##$), who use cross-country variation in AD sales to estimate that an
increase of one pill per capita reduces suicides by "%.

"



’#!"). We show that child psychiatrists’ discretion has substantial impacts on children’s long-term
economic outcomes, and our simulations indicate that tighteningmedical guidelines could improve
these outcomes.

It is estimated that, in ’#’!, mental health disorders a%ected !(.$% of the world’s population
and accounted for !+.’% of total years of life lost on account of disability. Depression alone is the
leading cause of ill health and disability, and among the most signi*cant risk factors for teen suicide
(Galaif et al., ’##+). In this paper, we draw attention to the early origins of mental health illness
in adulthood, and provide evidence of persistent impacts of treatment in childhood. Our results
highlight the potential for treatment to alter economic trajectories and improve social mobility.

" Background

".! Conceptual Framework
In this section we discuss the size of the burden of mental health illnesses in childhood and adoles-
cence, evidence from neuroscience on brain changes at this life stage, evidence from medicine and
psychology on the e.cacy of antidepressant use, and reasons why we expect that mental health re-
covery may in-uence economic outcomes.

Childhood mental health Mental health disorders are the leading cause of childhood disability
in high-income countries (Barican et al., ’#’’). Across the world, !"% of children aged !# to !$ ex-
perience a mental health disorder (WorldHealth Organization, ’#’’). Neuroscienti*c research has
identi*ed adolescence as a critical period of brain development: gray matter in the cerebral cortex
(which enables individuals to control emotions) steadily declines while white matter (connecting
di%erent regions of the brain) increases (Gogtay et al., ’##&; Giedd et al., !$$$). These neurodevel-
opmental changes are thought to heighten emotional sensitivity and, in particular, vulnerability to
negative emotional stimuli. Pre-clinical studies, for instance, demonstrate that chronic stress alters
both the structure and functioning of the hypothalamic-pituitary-adrenal axis (Isgor et al., ’##&),
with downstream e%ects on cardiovascular health, immune function (e.g., in-ammatory responses)
and, critically for our focus, learning and memory (Stephens andWand, ’#!’).

E#ectiveness of antidepressants A comprehensive review of "’’ clinical trials involving !!,,&++
adults with moderate to severe depression concludes that all antidepressants evaluated were more
e%ective than placebo in reducing symptoms, with odds ratios ranging from ’.!( to !.(+ (Cipriani et
al., ’#!)). A recent review focusing on children and adolescents highlights variation in e.cacy across
di%erent antidepressant drugs (Boaden et al., ’#’#). The review refers to the continuing debate

,



surrounding prescription of AD to young people. In relation to this, it reports insu.cient data
on tolerability (commonly measured by treatment discontinuation), but it provides some evidence
that, among SSRIs, paroxetine may increase suicidality, whereas sertraline may reduce it.

However, several limitations in the existing evidence base should be noted. First, clinical trials
typically rely on self-reported symptom reduction, measured using psychometric tools such as the
PHQ-$. Thesemeasures are inherently subjective, in-uencedbyplacebo e%ects, andmay themselves
be endogenous to treatment. Second, most trials are based on relatively small sample sizes. Third,
outcomes are generally assessed over short durations (usually no more than eight weeks) and thus
provide limited insight into longer-term e%ectiveness. Fourth, the overall quality of the evidence is
mixed.!’ Administrative data o%er a valuable complement to clinical trials by enabling the evaluation
of treatment e%ects using objective outcomes measured in large, representative populations over
time. As we describe in Section (, we will use register data to assess impacts of AD treatment on
objective markers of health.

Dynamic e#ects of antidepressants on academic achievement Mental health disorders are as-
sociated with symptoms such as fatigue, disrupted sleep, and pessimism, all of which can impair
concentration, distort memory, and reduce productivity. Beyond these cognitive and behavioral im-
pairments, poor mental health can also distort economic preferences, beliefs, and marginal utility
(Ridley et al., ’#’#; de Quidt andHaushofer, ’#!,). Moreover, there is state dependence in mental
health, with conditions tending to persist if left untreated. Thismay be reinforced by dynamic com-
plementarities between mental health and economic outcomes as they evolve over the lifecourse. If
treatment is e%ective in improving mental health, it has the potential to break these negative feed-
back loops. If left unaddressed, their cumulative longer term impacts on educational and labour
market outcomes can be large.

"." Diagnosis and treatment of childhood mental health disorders
Denmark has universally subsidised health care, provided in a stepped system (Mathiesen et al.,
’#!,). A child with a mental health condition will initially consult their general practitioner (GP)
who can provide advice and prescribe psychotherapy but GPs tend not to prescribe antidepressant
medication for children. Following guidelines of the Danish Health andMedicines Authority, GPs
refer children at risk of a mental health disorder to secondary care. It is recommended that GPs
refer mild cases to private practice child psychiatrists and more severe cases to hospitals with psychi-

!’In their adult-focused review, Cipriani et al. (’#!)) rated )’% of the "’’ trials as having a moderate to high risk of
bias. They also noted that +)%of studies were funded by pharmaceutical companies, although they found no systematic
di%erences in response or attrition rates based on funding source. In contrast, the review focused on children judged the
included studies on children to be of moderate to high quality (Boaden et al., ’#’#).

+



atric departments. While direct costs are unlikely to determental health care utilization, patients face
longwaiting times due to a limited supply of providers. During’##)–’#!$, themean (median)wait
time for children after a GP referral was &! ((#) days.!( In ’#’’, the Danish Health and Medicine
Authority released a !#-year action plan to strengthen the provision of mental health services citing
lack of availability and limited treatment o%ers among the biggest challenges to be addressed (Danish
Health Authority, ’#’’).

For children who reach secondary care with depression, anxiety, or OCD, national guidelines
recommend non-pharmacological interventions as the *rst-line of treatment (Sørensen et al., ’#’#).
When pharmacological intervention is needed, the guidelines follow international protocols sug-
gesting selective serotonin reuptake inhibitors (SSRI) as the *rst-line pharmacologic intervention
(Dwyer and Bloch, ’#!$).!& Pharmaceutical treatments are never recommended on their own but
rather as a supplement to boost non-pharmacological interventions (Sørensen et al., ’#’#). Antide-
pressants are subsidised under the National Health Insurance Scheme, a ( month supply costing
around +#DKK (!#USD).

".$ Education system
Education inDenmark is compulsory at the primary level, which starts from the year the child turns
six until they complete $th grade. If their primary school o%ers it, children have the option of ex-
tending primary school by enrolling in a !#th grade- this is attended by roughly half of all children
completing $th grade. Further education is voluntary and can be academic (three year high-school)
or vocational (four-year trade school). Primary school exit examinations, performance in which is a
primary outcome of our analysis are compulsory. All municipalities implement psycho-social guid-
ance programs aimed at aiding parents and health care professionals in detecting student mental
health issues, schools do not do referrals to GPs or o%er mental health treatment.

$ Data
Using unique personal identi*ers, we link individual-level records across several population-level
administrative data sets fromDenmark. Appendix Table ! provides de*nitions of the variables used
in the analysis, and their sources. A brief discussion is provided here.

!(Available here, last accessed in June ’#’".
!&SSRIs are the most popular antidepressants due to their relatively few side e%ects, and they are the only class of

antidepressants licensed for pediatric use (Pottegård et al., ’#!&). Over $,% of antidepressant prescriptions for children
in our sample are SSRI, for which reason, we use the terms interchangeably.

)

https://www.esundhed.dk/Emner/Patienter-og-sygehuse/Erfarede-ventetider-psykiatrien


Outcomes Our primary outcome is subject-speci*c test scores from $th grade qualifying exams.
We focus on grades in thewritten tests forDanish (reading) andmathematics, two subjects forwhich
written tests are both mandatory for all students and graded blind by a school teacher and an exter-
nal evaluator (who can overrule the teacher in case of grade discrepancies). These exams are high
stakes as enrollment in further education (high school or vocational school) depends on their re-
sults.!" In robustness checks, we examine longitudinal data including test scores from grades ’–)
(see Appendix C.!). We standardize all test scores within subject and test year.

We additionally examine enrollment beyond compulsory education ($ years during our sample
period), at age !), distinguishing the academic and vocational track. For the earlier birth cohorts in
our sample, we study labor market outcomes and welfare dependency at ages ’"–(#. We also ex-
amine health outcomes. We de*ne an indicator for suicide attempts and self-harmwithin (months
of antidepressant initiation, as well as indicators for hospital contacts including ER, inpatient and
outpatient visits in that window.

Antidepressant use The prescription register provides the exact date when the prescription was
*lled, the personal identi*er of the person for whom the prescription was written, the identi*er
of the prescribing medical practice (the private clinic or the hospital department), the Anatomi-
cal Therapeutic Chemical (ATC) Classi*cation of the medication, and the amount included in the
prescription measured in de*ned daily doses (DDD). Importantly, we observe all *lled AD pre-
scriptions in Denmark, including those issued by providers outside the national public insurance
network, starting from !$$". Using these data we de*ne an indicator that takes on the value ! if a
child has ever *lled a prescription for selective serotonin reuptake inhibitors (SSRI, de*ned as all
drugs within ATC-group N#,AB) by age !", typically the year before the exit exams in grade $ (age
!,).!,

Covariates The administrative data link children to both parents, irrespective of whether the par-
ents live together. Wehave a rich set of child andparent characteristics. For childrenweuse indicators
for gender, birth order, birth year, year of *rst psychiatric contact (which we refer to as year of diag-
nosis), municipality of residence in the year of diagnosis, and number of siblings. For each parent we
control for age, marital/cohabitation status, employment status, income decile in the gender-speci*c
full population, highest education degree, and their own SSRI use. Since we look at children age )
onwards, we de*ne this and all time-varying parental characteristics (other than age) at their value

!"Individual exceptions are made but there are no general exemptions for mental health conditions (see the law on
mandatory *nal assessment, Folkeskoleloven Act No. (!( of !$April ’##,).

!,A recent meta analysis of AD trials identi*es paroxetine as an SSRI with elevated suicidality risk. It is notable that
fewer than !% of SSRI prescriptions are for paroxetine, !.$% in the analysis sample, and #.,% in the hospital sample.
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when the child is , years old. !+ Wede*ne household socioeconomic status (SES) as a binary variable
which indicates high SES if the mother has higher education (some college and above) and low SES
otherwise.

Treatments other than antidepressants We investigate the two other treatments that are of sub-
stantive relevance in our setting: non-SSRI psychotropic medications (de*ned as all drugs within
the ATC class “N” except for N#,AB) and psychotherapy. We utilize two indicators of use of ther-
apy. The *rst indicates whether the child received any counseling services fromGPs or psychologists
during the year prior to their *rst psychiatrist visit. The second indicator captures psychotherapy
treatment following the child’s *rst contact with the child psychiatrist, and this includes therapy
provided by psychiatrists, GPs, and psychologists. The information comes frommedical claims sub-
mitted by providers in the national public insurance network, but therapy can be sought at clinics
outside this network. There are no systematic records of this, so the measures of therapy will under-
state the amount used.

Psychiatrist characteristics In investigating the exclusion restriction,weuse a register that records
the characteristics of the psychiatrist. This includes their age, experience, gender, marital status, and
whether they practice independently or with another psychiatrist in the clinic. As many as )#% of
clinics have one psychiatrist. For multi-provider clinics, the characteristics represent the average age
and experience across psychiatrists, and indicators forwhether all psychiatrists are female ormarried.

Analysis sample Webeginwith the universe of )($,"’( native children born between !$$!–’##"
who are observed every year between the ages of , and !,. We restrict our analysis to native children,
de*ned as children whose parents are both born in Denmark, in order to reduce heterogeneity in
attitudes toward mental health disorders and their treatment (Alonso et al., ’##)). Because the
prescription drug data start in !$$" and the outcomes of interest are realized at age !, or later, there
is a trade-o% between the age at which we can start following children and the number of cohorts
we can study. We choose to follow children starting from age , because that is the age when children
are required to start school and teachers, school nurses, and school counselors may help identify
children with mental health disorders.

We impose the following restrictions to arrive at our analysis sample. First, we focus on children
who do not have a psychiatric visit at ages ,–+, but who do have such a visit between the ages of
)–!". This is because, in Denmark, antidepressants cannot be prescribed to children under the age
of ). As discussed in the previous section, the medical guidelines suggest that GPs refer children

!+Parental data are missing for a small number of observations. In these cases, we assign the mode of each variable to
the missing value.

!#



with suspectedmental health disorders to psychiatrists. Close to +% of children age )-!" are referred
to a child psychiatrist. We further restrict the sample to children whose *rst psychiatric visit is at a
private clinic. Consultations at private clinics are fully reimbursedunderDenmark’s universal health
coverage system. We focus on private clinics because the vastmajority ()#%) of these clinics have one
psychiatrist, in contrast to psychiatric hospital departments that have several. In the clinic sample
we can identify the psychiatrist and we can directly associate prescriptions with them through the
claims register. We also have data on their characteristics. As a result, our instrument (discussed in
the next section) is stronger in the clinic sample, and we are also in a stronger position to investigate
the exclusion restriction.!) However, since many more children are seen at hospitals, merging the
hospital sample with the clinic sample signi*cantly increases power. Therefore, in Section ".(, we
show that our results are robust to expanding the sample to include children whose *rst psychiatrist
consultation is at a hospital. This is what we might expect if the hospital sample includes fewer
marginal cases since, as we explain in the next section, our estimates are for marginal cases, de*ned
as cases over which psychiatrists di%er in whether they treat with AD.

To limit noise in our measure of specialist prescribing tendency, we require that the initial clinic
treats aminimumof "# children aged )–!" during the year of the *rst consultation (which results in
exclusion of (!! children). This leaves us with 7,211 children, approximately +)% of whom take the
exit exams at the end of $th grade. In Section ".(, we investigate robustness of our results to di%erent
thresholds.

Descriptive statistics Descriptives for the analysis sample are in Table !. Comparing children
who have had no contact with a psychiatrist with children who see a child psychiatrist at a clinic
(our primary analysis sample) (columns ! and ’, Panel A), we observe a mental health penalty on
test scores of #.(+, for Math and #.’+( for Danish. Within the analysis sample of children who see
a psychiatrist, those on antidepressants (SSRI) exhibit better school performance than those who
are not (columns ( and &). This holds across the distribution, see Appendix Figure A!. Our analysis
will seek to identify the causal component of this descriptive di%erence.

Panel B of Table ! reports means for all treatments that the children are on. Fewer than !#% of
children receive more than one drug type at any time. Children in our sample who are on SSRI are
also more likely to be on non-SSRImedications for mental health and to have been on therapy after
their *rst contact with the psychiatrist.!$ In Section ".’, we investigate these correlations, and argue

!)Hospitals often have many psychiatrists in a department, and we have no information on the number, or their
characteristics. TheDanish registers simply comewith this limitation for public sector providers. Hospitals experienced
a process of consolidation over the analysis period, which resulted in even larger departments, and some churn. We can
only associate prescriptions with the department and not with the individual psychiatrist. As a result, the instrument
(which is detailed in the next section) is constructed as the average prescribing tendency at the department level, and it
is weaker than the instrument in the clinic sample.

!$The table shows that +!% of children in the sample receive psychotherapy on average. We only observe therapy
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that theydonotbias our estimates of impacts of SSRI.The table shows thatmediandays between the
*rst contact with a psychiatrist and psychotherapy is ’) days, and children treated with AD are also
more likely to have received psychological counseling before their *rst psychiatric contact. Median
time to SSRI prescription is !#,." days, consistent with therapy being the *rst line of treatment. For
children using non-SSRI drugs, median time to medication is shorter, at ’( days, consistent with
these including medications for more extreme conditions such as psychosis.’#

Panels C and E of Table ! shows the age at *rst diagnosis is !!.,&. Comparing columns ! and ’,
boys are over-represented among children referred to a psychiatrist, as are children whose mothers
and fathers are less likely to be employed, are notmarried, andweremore likely to have used SSRI be-
fore their child’s referral. Di%erences in age, whether the parent has a college education, and income
are small. Comparing columns ( and &, conditional on referral, children on SSRI are more likely to
be girls, to have a mother and father with a college education (&#% vs (&%), who is employed, and
who used SSRI when the child was age ,-+. Di%erence by age and income are small. In our analysis,
we attempt to address the issues of selection into SSRI use.

Panel D describes the characteristics of child psychiatrists in the clinic sample. The average
propensity to prescribe AD in the full sample (i.e. unconditional on test taking) is !#."%, and there
is a ( percentage point di%erence between the prescribing tendencies of the psychiatrists seen by
children who are vs are not on SSRI. Close to )#% of all private clinics have just one psychiatrist,
most of the rest have two. &!% of psychiatrists are men, mean age "+, mean experience is ’) years,
,,% are married, and on average, they treat !+# children each year. In Section ".’, we investigate
whether these observable characteristics of psychiatrists are correlated with AD use, and show that
our estimates are robust to controlling for them.

In Appendix Table A’ we describe di%erences between children whose *rst contact is with a
clinic vs a hospital; as discussed we merge the hospital sample into the clinic sample (our primary
analysis sample) as a robustness check, and to investigate outcomes for which the analysis sample is
underpowered. Children in the clinic analysis sample are more likely to be prescribed SSRI (!".’%
vs. $.’%) and other mental health medications (&,.’% vs. &’.’%) than those whose *rst contact is
at a psychiatric hospital.

provided by in-network providers. Survey evidence suggests that the true rate of therapy use is higher (Sørensen et al.,
’#’#; Buhl Sørensen et al., ’##(), likely due to some children receiving care from out-of-network providers. Over $#%
of therapy is provided by the child psychiatrist.

’#Use of red--ag medications, for children, violating clinical guidelines is rare in Denmark, in contrast to the USA
(Cuddy and Currie, ’#’#). When used, duration is brief, for instance, median benzodiazepine use among children is
,–$ days.
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% Empirical strategy
We are interested in estimating the impact of AD treatment on child outcomes in a sample of chil-
dren referred to a psychiatrist in a setting in which the *rst line of treatment is psychotherapy. Our
estimates will thus capture the impact of adding AD treatment to psychotherapy. The main esti-
mating equation is given by:

𝐿
𝑀

𝑁
= 𝑂0 + 𝑂1𝑃𝑄𝑁 + 𝑅X𝑁 + 𝑆𝑁 , (!)

where𝐿 𝑀

𝑁
is an outcome for child 𝑁 measured at age 𝑀, 𝑃𝑄𝑁 is an indicator for antidepressant use by

age !", andX𝑁 is a vector of baseline child and family characteristics including *xed e%ects for year
of birth, year of diagnosis, and municipality of residence in the year of diagnosis.’!,’’ The standard
errors are clustered at the psychiatrist and year-of-diagnosis level. We will also display results with
SE clustered at the municipality and year level (Abadie et al., ’#’().

It is plausible that AD use may be correlated with unobservable characteristics of the child or
their parents, such as conscientiousness, that also a%ect their outcomes. Therefore, OLS estimates
of 𝑂1 may be biased by selection into AD use. In contrast to the common setting where sorting is
motivated by an outcome gain, in our setting, this is unclear. While parents of children with higher
outcome potential (e.g. more educated parents whose children have higher test score potential) may
seek out higher quality psychiatrists, there is no reason to believe that higher quality psychiatrists are
more likely to prescribe AD- or, equivalently, that parents want AD. To address this we implement a
two stage least squares (’SLS) strategy that exploits variation in AD prescribing propensities across
child psychiatrists.’( In particular, we construct a leave-one-out instrument that is de*ned as the
AD prescribing rate of the *rst psychiatrist seen by the index child, de*ned over other children of
the same age ()–!"), seen in the same year. We allow the instrument to vary at the psychiatrist-year
level to accommodate learning, or di%erential responses to changes in national guidelines (Mueller-
Smith, ’#!"). The instrument for child 𝑁 can be written as:

𝑇𝑇𝑁 =
𝑃𝑄

𝑈 (𝑁)𝑉 (𝑁) → 𝑃𝑄𝑁

𝑊
𝑈 (𝑁)𝑉 (𝑁) → 1

, (’)

’!The *xed e%ects allow us to purge any local-level associations between childmental health and school performance.
They will remove time-invariant attitudes toward mental health treatments, information and GP traits including GP
referral tendencies).

’’Our identifying assumption is similar to conditional random assignment based on, for instance, court, date, and/or
day of theweek assumed in some of the judge leniency literature (e.g., Agan et al., ’#’(; Dobbie et al., ’#!)). Instrument
validity is discussed and tested in more detail in Section ".’.

’(Our data include the identi*er of the clinic issuing the prescription rather than the identi*er of the individual
specialist. For that reason, we de*ne the instrument at the psychiatric clinic level. As documented in Table !, )#% of
children in our sample are treated in clinics with a single provider. !)% of children are seen in clinics with two psy-
chiatrists, and ’% in clinics with three psychiatrists. We show that our results are robust to restricting the sample to
solo-provider clinics.

!(



where 𝑃𝑄
𝑈 (𝑁)𝑉 (𝑁) is the total number of children prescribed AD by the psychiatrist 𝑈 (𝑁) who treats

child 𝑁 in year 𝑉 (𝑁), and 𝑊
𝑈 (𝑁)𝑉 (𝑁) is the total number of children treated by the psychiatrist in that

year.’& We de*ne the instrument based on the *rst psychiatrist that the child sees to minimize con-
cerns over endogenous mobility across psychiatrists, so that 𝑉 (𝑁) is the year of the *rst psychiatric
visit.’"

The premise for the instrument is that the prescribing behavior of the psychiatrist for similar-
age children predicts the probability that the index child will use AD. The idea derives from the
larger judge leniency literature (e.g., Agan et al., ’#’(; Bhuller et al., ’#’#; Dobbie et al., ’#!);
Aizer and Doyle, ’#!"; Dahl et al., ’#!&; Maestas et al., ’#!(; Doyle, ’##), ’##+; Kling, ’##,). A
number of recent papers exploit variation in physician prescribing tendencies (Currie and Zwiers,
Forthcoming; Costa-Ramón et al., ’#’(; Eichmeyer and Zhang, ’#’(, ’#’’; Cuddy and Currie,
’#’#; Laird and Nielsen, ’#!,; Dalsgaard et al., ’#!&), but we are unaware of research leveraging
variation in psychiatrist prescribing tendencies. This is a case in which we may expect signi*cant
idiosyncratic variation, given the subjectivity inherent in the assessment of depression and anxiety,
the absence of de*nitive clinical tests, and the consequent discretion in decisions pertaining to the
introduction of pharmacotherapy.

In order for the ’SLS method to yield consistent estimates, the instrument must satisfy three
conditions. First, the relevance condition requires that the psychiatrist’s prescribing tendency be a
su.ciently strong predictor of AD use to mitigate the *nite-sample bias inherent in ’SLS. Second,
the exogeneity condition assumes that assignment to psychiatrists is conditionally random, i.e., chil-
dren are not systematically matched to providers based on their prescribing behavior. Third, the
exclusion restriction requires that psychiatrists in-uence child outcomes solely through their an-
tidepressant prescribing decisions. Relevance can be empirically assessed by examining the strength
of the *rst stage. While exogeneity and exclusion are fundamentally untestable, we discuss their
plausibility at length in Section ".’ and present supporting evidence.

When treatment e%ects are heterogeneous, the instrumentmust satisfy an additional condition,
the monotonicity condition, to ensure that the ’SLS estimand can be interpreted as a local aver-
age treatment e%ect (LATE). In our setting, a su.cient condition is average monotonicity, which
requires that children who receive an AD prescription from a high prescribing psychiatrist would
also receive AD, on average, from a low prescribing psychiatrist. Recent evidence from the judge
leniency literature suggests that violations of averagemonotonicity introduceminimal bias (Sigstad,

’&So as to increase the predictive power of the instrument, we de*ne the instrument on all children seen at the same
psychiatric clinic in the year of each child’s *rst consultation. This includes out-of-sample information on children
diagnosed before age ), those diagnosed prior to our sample period, in-sample children diagnosed in previous years, and
immigrant children. Therefore, our instrument is similar in spirit but is not equivalent to a leave-one-out psychiatrist
*xed e%ect.

’"In the analysis sample, ,.(% of children switch psychiatric clinics. We *nd no evidence that this mobility is corre-
lated with the instrument i.e., the prescribing tendency of the *rst psychiatrist they see.
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Forthcoming), but we nevertheless provide evidence in Section ".’ that monotonicity is likely to
hold in our context.

The ’SLS model identi*es a LATE for children whose receipt of AD treatment was in-uenced
by the prescribing tendency of the *rst psychiatrist they consulted- children on AD who may not
have been on AD had they seen a psychiatrist with a lower prescribing rate. These marginal patients
are of particular interest when considering the question of AD being over- or under-prescribed, or
when evaluating the extent of discretion granted to psychiatrists under existing medical guidelines.
So as to illuminate the external validity of our results, we compute the proportion of compliers, as
well as their average characteristics.

Distributional e#ects and heterogeneity by observable and unobservable characteristics We
complement the baseline results with quantile IV regression estimates that reveal howAD treatment
shifts the distribution of test scores. We then explore treatment heterogeneity along both observable
and unobservable dimensions, which is relevant for policy targeting. Among observables, we focus
on child gender and household socio-economic status. To capture heterogeneity conditional on
observables, we apply themarginal treatment e%ects (MTE) framework developed byHeckman and
Vytlacil (’##+, ’##").

TheMTErepresents the average e%ect ofADuse for children at themargin of treatment, de*ned
by the distribution of unobserved resistance to treatment (see Appendix E for details). Estimation
of the MTE relies on the same assumptions as the LATE plus a stricter version of the monotonic-
ity assumption and an assumption that observed and unobserved heterogeneity enter the outcome
equation additively. We provide evidence on their plausibility in Section ".". TheMTE framework
allows the unobserved gain from treatment to be correlated with unobserved characteristics that
a%ect selection into treatment. The sign of this correlation is meaningful for consideration of the
bene*ts of treatment for the infra-marginal vs themarginal patient, and thus relevant to questions of
expanding or retracting treatment. TheMTE framework gives us tools to tackle the otherwise di.-
cult question of over- vs under-treatment. Aggregating the MTE with appropriate weights, we can
estimate average treatment e%ects on the treated (ATT) and the untreated (ATUT). It also provides
an approach to policy simulations, whichwe utilize to vary the prescribing behavior of psychiatrists.
We estimate policy relevant treatment e%ects (PRTEs) resulting frompolicy experiments that change
the treatment status of children of low vs high SES, and of boys vs girls, relative to the status quo.
This allows us to determine which, if any groups of children are harmed by or bene*t from expan-
sions or reductions in access to AD.We similarly estimate PRTE to simulate a tightening of medical
guidelines ("rules vs discretion") proxied by compressing the prescribing rate distribution, and to
simulate policies that eliminate either low or high prescribing behaviour.
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& Results

&.! E#ects of antidepressant treatment on school performance
First stage and relevance The *rst stage relationship presented in panel A of Table ’ shows that
the psychiatrist’s prescribing tendency is a strong predictor of AD use. The coe.cient is #.$’) and
theF-statistic is)’.). Challenging the rule of thumb that theF-statistic be at least !#, Lee et al. (’#’’)
show that weak instrument bias can remain substantial if the *rst-stage F-statistic is below !#&.+.
To account for this, we follow Andrews et al. (’#!$) and Sun (’#!)) and report Anderson–Rubin
con*dence intervals.’,

The histogram in Figure ! shows the distribution of the instrument conditional on *xed e%ects
for year of diagnosis, year of birth andmunicipality of residence. There is substantial variation inAD
prescribing tendencies, with (unconditional) prescribing rates at the psychiatrist-year level ranging
from zero to about (&%. On the premise that assignment of children to psychiatrists is conditionally
random (discussed in the next section), this is a measure of the extent of psychiatrist discretion.
Mental health treatment is an area where we may expect idiosyncratic variation given the inherent
subjectivity in how patients experience and report their symptoms. In addition, although medical
guidelines exist, the absence of de*nitive clinical tests means that psychiatrists must rely on their
judgment in interpreting the information, introducing further subjectivity.

Overlaid on the histogram is the *tted curve from a local linear regression of antidepressant use
on the instrument.’+ We see that the probability of using AD is monotonically increasing in the
prescribing tendency of the child psychiatrist and close to linear for most of the distribution. An
interquartile shift in the distribution (which involves moving up from a prescribing rate of ,.’% to
a rate of !&.!%) increases the probability of AD use by +.$ percentage points, which is about "’% of
the mean prescription rate of !".’% among children who see a psychiatrist.

Impact of antidepressant treatment on test scores Panel B of Table ’ presents the reduced form
estimates which show how much psychiatrist discretion impacts test scores. We *nd that an in-
terquartile shift in the prescribing propensity of the psychiatrist raisesMath scores by#.#() standard
deviation (henceforth SD) andDanish scores by #.#’$ SD. IV (’SLS) estimates of AD treatment on
test scores shown in panel C indicate that AD use in school-going years is associated with a #."’ SD
increase in Math scores and a #.&# SD increase for Danish. For Math, the Anderson–Rubin con*-

’,Thenumber of observations inTable’ is smaller than the number of childrenwith amental health contact noted in
Table ! because not all children take the $th grade exams. The distribution of the instrument in the sample of test-takers
is very similar to the distribution in the full sample of children with a psychiatric visit but the mean AD use is slightly
lower at !&.+%. We show in Section ".( that our main *ndings are not driven by selective test-taking.

’+As a result of conditioning on the *xed e%ects, the position (intercept) of the curve is notmeaningful, but the slope
is.
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dence interval is entirely positive. For Danish the con*dence interval is largely positive, but it strays
into the negative territory. Larger and more precise impacts on Math scores are also evident in re-
sponse to use of an anti-anxiety app (Cavatorta et al., ’#’!), and in response to cannabis prohibition
(Marie and Zölitz, ’#!+), broadly consistent with the mechanisms by which mental health impacts
test scores (Section ’.!). That said, the point estimates for Math and Danish are not statistically
signi*cantly di%erent from one another.

In Appendix Figure A’, we present results from an instrumental variables quantile regression to
estimate the impact of AD use at each decile of the test score distribution of children in our analysis
sample (Kaplan, ’#’’; Kaplan and Sun, ’#!+).’) We *nd that the estimated e%ects of AD are fairly
uniform across the distribution, suggesting that the average e%ects are not driven by outliers.

Performance on test scores may be regarded as a measure of the impact of AD treatment on
functionality, an objective “hard” outcome that plausibly re-ects improvements inmental health. If
AD treatment places children on a higher trajectory of mental health accumulation (see Section ,.!
for evidence in line with this), this can lead to persistent gains in cognitive performance at later ages.
This would be consistent with dynamic complementarities between mental health and learning, as
well as self-productivity in each.’$

Characterizing compliers The ’SLS results represent a local average treatment e%ect for the sub-
population of compliers: children whose AD use is impacted by their *rst psychiatrist’s AD pre-
scribing tendency. The size and composition of the complier population is important when consid-
ering the relevance of the ’SLS results. Following Chyn et al. (Forthcoming) , we multiply the *rst
stage coe.cient by the di%erence between themaximum andminimumAD-prescribing propensity
to obtain the fraction of compliers.(# The results are presented in Appendix Table B!. The share
of compliers in the full sample is (!.(%. It is higher for girls (().,% vs ’+.&% among boys), and
for children from higher SES families (&#.,% vs ’".,% in low SES). These are large fractions of the
population, consistent with substantial discretion and variation in AD prescribing behaviour. To
obtain the average characteristics of compliers, we interact each characteristic with the treatment
and regress that on the instrument. Aside from being more likely to be girls, high-SES, and to have
parents with a history of AD use, compliers are similar to the full analysis sample in terms of average

’)Recall that our sample consists of children who have seen a psychiatrist. Their medianMath andDanish test scores
in our sample fall around the ("th and ($th percentile of the respective distributions for children without any mental
health contact.

’$For example, a child who begins AD treatment may show immediate improvements in school performance relative
to a similarly diagnosed peer who does not receive treatment. These initial gains can trigger reinforcing e%ects: enhanced
academic performance fosters further learning due to the self-productivity of cognitive skills, while academic success
may, in turn, improve mental health through increased self-con*dence and stronger peer relationships, demonstrating
the cross-productivity between mental health and educational outcomes.

(#There is a slight di%erence in the estimating samples for theMath andDanish test scores. We characterize compliers
using the Math sample; results are similar using the Danish sample.
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characteristics. This suggests that the LATE estimates have considerable external validity.

Benchmarking the estimated e#ects of AD use The descriptive statistics in Table ! show that
children who have had a mental health contact during their school years, relative to children who
have not, score #.(+, (#.’+() SD lower on the $th grade math (Danish) tests. Our results imply
that the (cumulative) AD treatment e%ect wipes out the baseline (control group) penalty in test
scores associated with a mental health diagnosis. The e%ects are large, but plausible in view of self-
productivity and dynamic complementarities in the production ofmental health (Section ’.!). The
e%ect sizes are comparable to e%ects found in other studies evaluating medical interventions during
childhood (Daysal et al., ’#’’; Bharadwaj et al., ’#!().(!

&." Instrument validity
In this section we discuss the validity of the the exogeneity condition, the exclusion restriction, and
the monotonicity assumption.(’

Conditional independence For our instrument to be valid, conditional on year of birth, year of
diagnosis andmunicipality of residence *xed e%ects, children should not be systematically matched
to providers based on their prescribing behavior.(( We assess this assumption in two ways. First,
in the right panel ofAppendix Figure B! we provide a test of balance on observable characteristics
using a rich set of mother, father and child characteristics. The left panel demonstrates that there is
some sorting into AD use on observable characteristics – girls are more likely to use AD by age !",
and children are more likely to use AD if their mothers are married, (weakly) more educated, have
themselves used AD, or if the child received counseling before their *rst psychiatric visit. If children
with these characteristics are alsomore likely to performwell in school, then any association between
AD use and school performance will be contaminated by selection into AD use. The right panel
shows that the instrument is balanced on these characteristics. In addition, we *nd no evidence that
the observable characteristics jointly predict the psychiatrist’s propensities to prescribe AD (the F-
statistic is !."). We summarize this *nding in Appendix Figure B’ where we overlay a local linear
regression of predicted AD use (using a linear regression including the displayed child and family
observables) on psychiatrist tendencies to prescribe AD. This con*rms that predicted AD use is
not correlated with the instrument. In a related check, we follow Bhuller et al. (’#’#) and assess

(!Daysal et al. (’#’’) and Bharadwaj et al. (’#!() focus on very low birth-weight children, and *nd that access to
medical treatments at birth increases their math test scores by #.(’ SD in Denmark and #.’’–#.&) SD in Norway.

(’The checks implemented in this section are based on the estimating sample for $th grademath test score. The results
are virtually the same if we use the slightly di%erent sample of test-takers for the Danish test.

((This assumption is similar to the conditional random assignment based on, for instance, court, date, and/or day of
the week assumed in some of the judge leniency literature (e.g., Agan et al., ’#’(; Dobbie et al., ’#!)).
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the stability of the *rst-stage estimate to the inclusion of covariates. If the instrument is in fact
orthogonal to patient characteristics, then the *rst-stage coe.cient should be stable to the choice of
controls. The results in Appendix Table B’ show that this is indeed the case. These checks increase
our con*dence that the assignment of children to the *rst psychiatrist they consult is as good as
random.

In our setting, we are not surprised that we see no evidence of sorting into high AD prescribers.
While it is plausible, for example, that more educated parents—whose children tend to have higher
academic potential— seek out higher-quality psychiatrists, there is no reason to believe that higher-
quality psychiatrists are more likely to prescribe AD. In the next section, we investigate further the
question of sorting into psychiatrist on quality-indicators, and the question of whether proxies for
quality are correlated with the instrument.(&

Exclusion restriction Quasi-random allocation of patients to psychiatrists is su.cient to inter-
pret the reduced-form e%ect of prescribing tendency on outcomes as causal. However, for the ’SLS
estimates to re-ect the causal impact of AD, the exclusion restriction must hold. This requires that
a psychiatrist’s tendency to prescribe AD in-uences child outcomes solely through the AD treat-
ment. To investigate this, we examine psychiatrist characteristics (age, experience, gender, marital
status, and whether they practice alone or with other psychiatrists in the clinic) and behaviors (us-
ing the prescription register to identify their prescribing behaviour for treatments other than AD).

We *rst consider the concern that the psychiatrist’s tendency to prescribe ADmight be a proxy
for their “quality” (de*ned as being something about them that makes the patient perform better,
conditional upon AD use). To investigate this, we check whether the instrument is correlated with
psychiatrist characteristics and with whether the child has received psychotherapy or non-SSRI N-
class drugs (these being the two empirically relevant treatments for mental health in our sample
other than AD). See Appendix Figure B(, where the left panel looks at actual AD use, showing
that it is not correlated with psychiatrist characteristics, but that it is positively correlated with use
of other mental health medications and psychotherapy.(" The right panel shows associations with
AD prescribing leniency, our instrument. With the exception of physician gender, the instrument is
not correlatedwithCP characteristics. Moreover, these observable characteristics explain little of the
variation in the instrument: their inclusion increases the adjusted-𝑋2 from (!% to ("%. Considering
other treatments, our AD instrument is uncorrelated with an indicator for psychotherapy, but it is
positively correlated with the use of non-SSRI drugs.

(&Unlike the judge leniency setup, where a defendant always prefers a more lenient judge, patients do not universally
prefer AD treatment. Depending on individual symptom dynamics and the e%ectiveness of therapy, medication may
or may not be the optimal course of treatment. Conversations with a couple of psychiatrists suggest that, conditional
on municipality of residence and year of diagnosis, children are typically treated by the psychiatrist with the shortest
waiting time operating within a reasonable distance from the child’s residence.

("This refers to therapy after their *rst contact with a psychiatrist.
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As our AD instrument is predictive not only of AD use but also of use of non-SSRI drugs, we
followBhuller et al. (’#’#) in examining potential violation of the exclusion restriction in two steps.
First, we add psychiatrist characteristics and their prescribing propensities for alternative treatments
as controls in our baseline model. Column ’ of Appendix Table B& shows that the IV estimates for
bothMath and Danish are similar to the baseline estimates and statistically signi*cant at !#% based
on the Anderson–Rubin con*dence intervals.

In a second step, in column ( of Appendix Table B&, we replace the prescribing tendencies for
therapy and non-SSRI drugs with indicators for the focal child being prescribed these other treat-
ments, instrumenting these individual indicators with their psychiatrist’s prescribing tendency for
that treatment. This adjusts for the potential concern that psychiatrists with a higher propensity to
prescribe AD are also more likely to prescribe alternative treatments that independently a%ect test
scores, in which case our baseline estimates of the impact of AD treatment could be biased. The
*rst stage results in Appendix Table B( show that the *rst-stage regression for AD treatment is ro-
bust to adding controls for the other treatments (column ’), and that the *rst stage for therapy and
non-SSRI drugs is strong (columns (, &).(, The augmented IV results are in Appendix Table B&.
First, we see a positive signi*cant impact of AD treatment on test scores, con*rming that our base-
line results are not driven by omission of possibly correlated treatments (or characteristics). Second,
we observe that psychotherapy has an independent positive impact on test scores. Third, non-SSRI
N-class drugs (which include stimulants), appear to reduce test scores.(+ These *ndings align with
medical studies demonstrating the e.cacy of both therapy and antidepressants (Boaden et al., ’#’#;
Cipriani et al., ’#!)). The negative impact of non-SSRI drugs, which include ADHDmedications,
is consistent with Currie et al. (’#!&), who *nd adverse e%ects of ADHDmedication on the educa-
tional outcomes of marginal patients.

Extensivity Our treatment variable is a binary indicator re-ectingwhether a child usedADby age
!". Our IV strategy makes the implicit assumption that a high prescribing psychiatrist increases the
probability of using AD but not the duration of treatment for children who are on AD. A violation
of this assumption, where the instrument also a%ects treatment intensity rather than just initiation,
would constitute a speci*c form of exclusion restriction failure. We implement two checks to assess
the extensivity assumption, in line with Norris et al. (’#’!). These rely on data on AD volume
measured as the total number of de*ned daily doses (DDDs) *lled by age !".

(,Examining the o%-diagonal coe.cients (capturing the e%ect of the psychiatrist’s tendency to prescribe one treat-
ment on the likelihood of a child receiving another) we *nd some evidence of cross-treatment in-uence for pharmaceu-
tical treatments. However, these e%ects are considerably smaller than the direct e%ects shown on the principal diagonal.

(+TheLewis andMertens (Forthcoming) statistic reported inAppendixTable B& indicates that the three instruments
are not jointly strong. We therefore provide Anderson-Rubin con*dence intervals obtained through the projection
method for each coe.cient on the three treatments. Given that the instruments are jointlyweak, the con*dence intervals
are wide, and we focus on the fact that they are entirely positive rather than on the point estimates.
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First, we discretize the positive range of AD volume into ’# ventiles. We then run ’# regressions
of having a treatment duration smaller than that ventile on the psychiatrist prescribing tendency and
baseline control variables. Under extensivity, the estimated coe.cients on the instrument should in-
crease monotonically. Appendix Figure B& shows that this is indeed the case. Second, we replace in
our baseline speci*cation the AD indicator with AD volume but still use the psychiatrist tendency
to prescribe AD as the instrument. The IV estimates from this model represent a convex combina-
tion of extensive and intensive e%ects even if the extensivity assumption does not hold (Angrist and
Imbens, !$$"). The results reported in Appendix Table B" are consistent with those using the bi-
nary AD indicator: increasing AD volume by &"#DDDs (themedianADduration) increasesMath
by approximately #.’(" SD and Danish by #.!++.()

Monotonicity We follow the literature and implement two indirect tests. First, we show in Ap-
pendix Table B, that the *rst-stage estimate is positive and statistically signi*cant in di%erent sub-
groups de*ned by child gender, household socio-economic status, quartiles of the predicted test
score distribution, and characteristics of the *rst psychiatrist consulted (Norris, ’#’’; Norris et al.,
’#’!). Second, we estimate the *rst-stage in di%erent subgroups using reverse (or cross-) sample
instruments (Frandsen et al., ’#’(). For example, when we examine the *rst-stage in the sample
of girls, we de*ne the psychiatrist’s prescribing tendency based on the sample of boys. We again
con*rm that the *rst-stage estimates are positive and statistically signi*cant, indicating that psychi-
atrists who are lenient prescribers for a given subgroup are also lenient prescribers for other groups
(see Appendix Table B+).

&.$ Robustness checks
We assess the robustness of our main results across a range of sample restrictions and model speci*-
cations. The variations considered are summarized in Figure ’, which reports the IV point estimates
alongsideAndersen–Rubin con*dence intervals. In all cases, the estimates remain stable in both sign
and statistical signi*cance. Below, we provide the motivation for each robustness check and discuss
the corresponding results.($

()We also estimated two other speci*cations similar to our baseline. In the *rst, we useADvolume as the endogenous
variable and the psychiatrist propensity to prescribe higher volumes of AD as the instrument. The results, shown in
column ( of Appendix Table B", are very similar to the previous column and indicate that &"# additional DDDs of
AD increase Math by #.’)& SD and Danish by #.’$# SD. The second speci*cation adds the psychiatrist tendency to
prescribe AD (our instrument) as a control. Intuitively, identi*cation in this model relies on a comparison between
psychiatrists who treat a similar proportion of children with AD, but di%er in the average duration of treatment they
prescribe. Column & of Appendix Table B" shows that, although AD volume still has a positive e%ect on test scores,
the *rst stage is essentially -at. This suggests that the e%ect of AD volume on test scores work through the psychiatrist
tendency to prescribe AD and not volume.

($Appendix C reports the corresponding regressions.
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Robustness checks related to the instrument
Volume of the psychiatric clinicOur analysis sample includes children treated in clinics with

at least "# patients during the *rst year of contact, and the instrument is constructed at the clinic-
year level. Following best practice outlined in Chyn et al. (Forthcoming), in Appendix Table C!,
we investigate the sensitivity of the estimates to alternative thresholds. Across all speci*cations, the
IV coe.cients remain stable and statistically robust. Increasing the threshold to +" or !## patients
yields slightly larger coe.cients for Math, while lowering it to ’" results in a smaller coe.cient for
Math and a larger coe.cient for Danish, both of which are statistically signi*cant. To better isolate
prescribing behavior, we restrict the sample to the )#% of clinics with a single provider, and the re-
sulting estimates closely alignwith ourmain *ndings. As an additional robustness check, we change
the clustering of the standard errors from the clinic-year level to the clinic level, as is standard in the
judge *xed e%ects literature, and to the municipality and year of diagnosis level, which is the level
of random allocation in our setup (Chyn et al., Forthcoming; Abadie et al., ’#’(). Our inference
remains unchanged.

OutliersWe next probe the importance of outliers by excluding children treated by the top-(
psychiatrists, ranked by their average propensity to prescribe antidepressants. The IV coe.cients
increase slightly but remain statistically indistinguishable from the main estimates. Given the rela-
tively small number of psychiatric clinics, one potential concern is thatmodels includingmunicipal-
ity *xed e%ects may rely on limited identifying variation. To address this, we replace *xed e%ects for
the $)municipalities that children reside in with *xed e%ects for Denmark’s *ve health care regions.
The estimates are again similar to the main results.

Robustness checks related to the analysis sample
Endogenous test taking While a mental health diagnosis does not automatically exempt stu-

dents from taking exit exams, exceptions can be granted on a case-by-case basis. A potential concern
is that students on AD who miss the exam may be those who would have performed poorly, intro-
ducing selection bias. To address this, Appendix Table C’ examines the impact of AD treatment
on test-taking behavior. Panel A analyzes the likelihood of deferring the exam, while Panel B focuses
on the likelihood of never taking it. We *nd no statistically signi*cant evidence of endogenous test-
taking. However, some coe.cients are economically meaningful in magnitude, prompting further
investigation.

To assess the potential impact of selection, we estimate bounds on the baseline treatment e%ect.
Because students do not take any high-stakes standardized tests prior to age !,, we cannot identify
the likely position in the test score distribution of thosewhodid not take the exit exam.&# Weaddress
this by re-estimating the baselinemodel, adding back non-test-takers, sequentially assigning theAD-

&#National tests administered in grades ’–) are low-stakes and limited to public schools.
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treated a test score percentile (from the distribution of untreated students) ranging from the !#th to
the $#th percentile. The resulting estimates, shown inAppendix FigureC!, are consistently positive
and not statistically distinguishable from the baseline (indicated by the horizontal red line). This
pattern reduces the concern that our main *ndings are driven by selective test-taking among AD-
treated students.

Removing tests taken during the pandemic Given that the COVID-!$ pandemic increased
rates of mental health disorders among children and led to school closures, including those who
took age-!, exams during this period may bias our estimates. Excluding them produces estimate
similar to the baseline (Appendix Table C().

Including children ’rst seen in hospitalsAs discussed in Section (, the main analysis excludes
children whose initial mental health contact occurred at a hospital psychiatric department. Ap-
pendix Table C( assesses the robustness of our *ndings to including these children. The F-statistic
decreases from )’ to &+.&! TheMath coe.cient is slightly lower (#.&, vs. #."’) but estimated with
greater precision, while the Danish coe.cient is now close to zero.&’

Robustness checks related to AD treatment
Endogenous mobilityAprimary threat to our identi*cation strategy is the possibility that chil-

dren seeking to improve their $th-grade test performance selectively initiate AD treatment by tar-
geting high-prescribing psychiatrists. To alleviate this concern, we de*ne the instrument using the
prescribing propensity of the *rst-seen psychiatrist. In our analysis sample, ,.(% of children move
across psychiatric clinics. Appendix Table C& shows that subsequent psychiatrist changes are un-
correlated with prescribing rates.

AD use in the year of taking the testWe next examine whether our results may be in-uenced
by children who are using AD at the time of the test. This includes two distinct groups. The *rst
consists of children who begin AD treatment before age !" but continue their medication through
the exam period. The second group includes childrenwho initiate AD treatment after age !,; under
our current treatment de*nition (ADuse by age !") these children are classi*ed as part of the control
group. We show in Appendix Table C" that our results become larger when we drop the *rst group
of children. Further dropping the children in the second group does not impact the coe.cient
estimates. These results are consistent with early interventions having a larger impact on test scores
due to dynamic complimentarities.

School e#ectsSchools are a signi*cant part of a child’s environment and an extensive literature in
economics documents the importance of peer e%ects (Sacerdote, ’#!!). We re-estimate our baseline
model including school *xed-e%ects. The estimated e%ect for Math is very similar to the baseline

&!Appendix Figure C’ documents the balance check on the instrument in this sample.
&’This greater sensitivity of Danish scores to changing sample composition is possibly explained by greater hetero-

geneity in treatment e%ects by characteristics (see Appendix Table A’).
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and remains statistically signi*cant at !#% based on the Andersen-Rubin con*dence intervals (see
Appendix Table C").

Robustness test using longitudinal data on children While our instrument is balanced across
observable characteristics, concerns may remain that it does not fully eliminate unobserved di%er-
ences between treated and untreated children. An alternative approach leverages longitudinal data,
which allows us to control for time-invariant individual characteristics through child *xed e%ects.
For a subsample of children, we observe repeated scores from low-stakes, nationwide standardized
tests in Math and Danish administered in grades ’ through ). Using this panel data and a modi*ed
version of our instrument, we estimate the e%ect of AD use on test performance while controlling
for individual *xed e%ects (see Appendix C.! for details). Due to the limited number of children
with repeated test scores, Appendix Table C, reports results both for our main analysis sample and
for the broader sample of children with any psychiatric contact. The *ndings are broadly consistent
with our baseline estimates: following AD initiation, test scores increase by #.&+’ SD in Math and
#.(!) SD in Danish.

&.% Heterogeneity in treatment e#ects by observable characteristics
Child gender Medical studies indicate that girls have higher rates of AD use (Wesselhoeft et al.,
’#’#). This is also true in our analysis sample. Conditional on having a psychiatric contact, girls are
more likely to have used AD than boys (!$.’% versus !’."%). There are no statistically signi*cant
di%erences by child gender in the average impact of AD use on test scores, see columns ’ and ( of
Table (. However, there is a tendency for girls to show larger improvements than boys in the upper
end of the test score distribution across both subjects (Appendix Figure D’), echoing the *ndings
of Bhalotra et al. (’#’’), Cavatorta et al. (’#’!), and Marie and Zölitz (’#!+). The gender-speci*c
*rst-stage relationships are in the top Panel of Appendix Figure D!.

Household SES Wenext split the sample by household SES, de*ning high SES families as those in
which themother has at least some college education. So as to con*rm that de*ning SESonmother’s
education is meaningful, columns ( and & of Appendix Table D! compare the characteristics of
children from low- and high SES backgrounds in our analysis sample. Children whose mothers
have less than a college education are much less likely to have highly educated fathers, both parents
have lower earnings and employment rates, they are less likely to be married, and also more likely to
contribute boys to the analysis sample.

Turning to treatments, low and high SES children are similar in age at the time of their *rst
psychiatric contact, and in the median days between diagnosis and initiation of therapy. However,
low SES children are less likely to use antidepressants (!&% vs. !+.(%), and they start AD treatment
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slightly later. Low SES children are alsomore likely to use stimulants ((".$% vs. (#.,%) and antipsy-
chotics (+.)% vs. ,.$%).&(

Table ( presents IV estimates of our baseline model by household SES (columns & and ").&& We
*nd that AD treatment has similar e%ects on Danish test scores for the two groups, but the impact
on Math scores is substantially larger among low SES children. The Andersen–Rubin con*dence
interval for the low SES group is entirely positive, despite aweaker *rst-stage. This gradient indicates
that higher education among mothers acts as a partial substitute for antidepressant treatment, with
more educated mothers possibly being better equipped to bu%er their children’s academic perfor-
mance from the adverse e%ects of mental health conditions. This aligns with a medical literature
showing that the e%ectiveness of AD treatment depends on the patient’s broader environment (El-
wadhi andCohen, ’#’#). The spirit of our *nding is reminiscent of the *nding of Cornelissen et al.
(’#!)) that immigrant children, who would bene*t most from childcare in Germany, are less likely
to take it up.

Appendix Figure D( illustrates how AD treatment shifts the distribution of test scores by SES.
Among low SES children, Math scores increase most clearly at the lower and upper ends of the
distribution, while the e%ect is relatively uniform for high SES children. For Danish, the results are
not precise but scores tend to rise in the lower half of the distribution for low SES children and in
the upper half for high SES children.

A potential concern with the observed SES gradient is that it may be driven by positive selec-
tion into the analysis sample, speci*cally, that low SES children with higher potential gains from
treatmentmay bemore likely to seek care in clinics rather than hospital psychiatric departments. To
investigate this, we re-estimate ourmodel using an expanded sample that includes children *rst seen
in hospitals. We*nd that the gradient is in fact steeper in the expanded sample (AppendixTableD’),
so this is unlikely to be the case. The observed SES gradient is also not explained by di%erential sort-
ing. Average prescribing rates of the psychiatrists seen by low vs high SES children are similar (!#.)%
for low SES vs. !#% for high SES children), and the psychiatrist’s prescribing tendency is uncor-
related with household SES, see Appendix Figure B!. It is also unlikely to be driven by di%erences
by SES in use of therapy or non-SSRI drugs- we showed in Appendix Table B& that the estimated
impacts of AD were robust to controlling for these other treatments, instrumented by their own
prescribing rates.

Overall, we see limited heterogeneity in the impact of AD treatment by gender, and stark hetero-
geneity bywhether or not themother has higher education. In the next section,we estimatemarginal
treatment e%ects, thus allowing for variation in treatment e%ects conditional on observables.

&(Currie et al. (’#’&) report similar di%erences by SES in the pharmaceutical treatment of mental health conditions
in Canada.

&&The bottom panel of Appendix Figure D! shows the *rst-stage. Due to smaller sample sizes, the instrument is
weaker in both subgroups, with F-statistics of (+ for the low SES group and ", for the high SES group.
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&.& Marginal Treatment E#ects
Since our instrument is continuous, we can estimate marginal treatment e%ects (MTE), which rep-
resent the derivative of expected test scores with respect to the predicted probability of AD use.
Compared to the LATE estimates discussed thus far, the MTE approach provides a richer charac-
terization of treatment e%ect heterogeneity driven by unobserved factors in-uencing take-up. By
aggregating MTEs with appropriate weights, we can recover not only the LATE, but also the av-
erage impact of antidepressant use on children who use AD (the average treatment e%ect on the
treated, ATT) and on those who are diagnosed but do not use AD (the average treatment e%ect on
the untreated, ATUT). We provide a detailed discussion of the MTE framework and its estimation
in Appendix E.

A particular advantage of the MTE framework in our setting is that it illuminates the policy
question of whether children in our sample are being over- or under-treated with antidepressants.
The LATE is policy relevant in its own right as it re-ects the e%ect of ADuse for those children who
are on the margin of treatment under current prescribing practices. However, the LATE cannot
inform us about the consequences of any changes in prescribing behavior because the compliers
change as the policy (guidelines) change. The MTE provides us with a framework within which
we can examine the consequences of policy experiments that expand or reduce treatment with AD,
both along the distribution of unobserved resistance to treatment and on average.

Appendix Figure E! shows the distributions of the predicted probability of AD use (propensity
score) for treated and untreated children, with vertical lines marking the upper and lower bounds of
common support over which theMTE can be estimated.&" Figure ( plots theMTE curves, assumed
to follow a second-order polynomial in the propensity score, and the corresponding $"% con*dence
intervals. The curves show the e%ect of using AD for the compliers along the distribution of resis-
tance to treatment (the negative of the prescribing propensity), 𝑌, which is the residual in the *rst
stage equation. Intuitively, at every percentile of 𝑌, theMTE is the treatment e%ect for children who
would be “pushed into treatment” if treated by a marginally more lenient psychiatrist.

The MTE curves are both negatively sloped, indicating positive selection on gains to treatment
conditional onobservables. This is consistentwithpatients havingprivate informationon thedegree
to which taking AD will bene*t them.&, The height of the curve indicates the range of values of 𝑌
for which theMTE is positive. ForMath, theMTE are positive for almost the entire distribution of
common support. For Danish, theMTE turns negative around themiddle of the common support
range. However, themagnitude of the e%ect ofADalso depends on the distribution of compliers (or
of treated children) along the distributionof 𝑌. The dots inAppendix Figure E& indicate the fraction

&"In order to avoid biases due to small number of observations, we trim !% from both tails of the distributions.
&,For instance, conditional upon the prescribing tendency of their psychiatrist, people who know they will adhere to

treatment protocols and/or adopt complementary lifestyle strategies may be more likely to take up an AD prescription.

’,



of compliers at each percentile of 𝑌 and show that the majority of compliers come from the range
where the MTE are large and positive in both Math and Danish, which explains why both LATEs
are large and positive. Note also that the LATE obtained by aggregating the MTE is similar to the
LATE obtained via ’SLS, which gives us further con*dence in the validity of theMTE framework.

The estimated ATT is large and positive for both Math and Danish, suggesting bene*ts to all
treated children not just the compliers, consistent with positive selection into treatment on unob-
servables. The ATUT is negative and relatively small in Danish, but positive and large in Math,
indicating that children who are not treated with AD would have bene*ted from them in terms of
performance in the Math exam. Thus, if improvements in Math test scores were the objective in
deciding on AD treatment, then AD are being under-prescribed. In any case, the positive ATT and
our *nding that the LATE, which captures marginal cases, is positive suggest that AD are probably
not being over-prescribed.&+

Robustness checks on theMTE In addition to the conditions required for LATE identi*cation,
the MTE require pairwise monotonicity, a stronger version of the monotonicity condition. In our
setup, this condition requires that all psychiatrists have the same ranking of children in terms of
whether they should get AD, but that they di%er on the threshold they use for prescribing AD.
Appendix Table E! compares the LATE and the p-value from the Frandsen et al. (’#’() joint test
of pairwise monotonicity and exclusion restriction between our analysis sample and the subsample
with at least ’# observations per psychiatrist-year.&) The estimated ’SLS e%ects of AD use are very
similar between the two samples, especially for Math. Importantly, the Frandsen et al. (’#’() test
fails to reject the pairwisemonotonicity assumption in both samples forMath and in the full sample
for Danish. We cautiously interpret this as evidence that the MTE are identi*ed, at least for Math.

We conduct several additional checks, described in detail in Appendix E.(. First, given that both
the slope and the height of the MTE curve are consequential, we consider alternative functional
forms for the MTE. Appendix Figure E+ shows that functional form has limited bearing on both
attributes of the MTE curve. Second, the MTE depends on the correct estimation of the propen-
sity score in the *rst stage. Following Cornelissen et al. (’#!)), Appendix Figure E) shows that a
semiparametrically estimated propensity score has a similar shape to the baseline propensity score,

&+There is no such thing as an optimal prescribing rate: patients subjectively present their symptoms to a practitioner,
and the practitioner subjectively parses the informationwith reference to their medical training and national guidelines.
Our statements on over- or under-prescribing are based on the estimated bene*ts to children in terms of academic per-
formance. However, the bene*ts of AD use likely extend beyond just academic achievement given that test scores in the
$th grade exam, particularly in Math, are strongly correlated with labor market performance in adulthood. We present
evidence on this, and also on health e%ects, in Section ,.

&)The Frandsen et al. (’#’() test requires a “large enough” number of observations per examiner-cell to provide
su.cient power in *nite samples. This condition is not fully satis*ed in our analysis sample because the instrument
varies at the psychiatrist-year level. Column ’ in Appendix Table E! restricts the data to psychiatrist-year cells with at
least ’# children.
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with a correlation coe.cient close to #.$#. Third, in the spirit of Devereux (’#’’), we control for
higher order polynomials in a covariate index because theMTEmay be sensitive to the set of covari-
ates included. TheMTE curves plotted in Appendix Figure E( are virtually identical to the baseline
MTE curves, especially for Math.&$ All these checks reinforce our con*dence in the estimation of
the MTE curve, and in particular the MTE curve for Math.

Interacted MTE—di#erences by gender and SES The results in Section ".& indicate di%erent
e%ects ofADuse, on average, by gender and SES. To investigate theMTEby these characteristics, we
model it as a second-degree polynomial in the propensity score interacted with an indicator for the
characteristic (see Appendix E.& for details). Appendix Figure E" plots the MTE curves by gender.
The shapes of the curves are slightly di%erent, but the properties (slope and where they cross the
horizontal axis) are roughly similar, as are the ATE, ATT and ATUT.

TheMTEby SES are inAppendix Figure E,. While the two curves are similar forDanish scores,
they are di%erent for Math in slope and height. The MTE curvey for low-SES curve is -atter, indi-
catingmore limited selection into treatment on unobservables, while the high-SES curvemimics the
average curve, indicating positive selection on gains to treatment. Low-SES children have positive
MTE over the entire relevant part of the distribution of 𝑌, while the MTE for high SES children
turns negative about halfway. The ATU is also di%erent between the two groups and suggests that
the Math test scores of untreated low-SES children would bene*t from treatment with AD. This
motivates the policy experiments we conduct in the next section.

&.( Policy Experiments
As discussed, theMTE framework can be leveraged to throw some light on over- or under-treatment
with antidepressants. The LATE cannot inform us about the consequences of changes in prescrib-
ing behavior because the compliers change as policy guidelines change. We estimate policy-relevant
marginal treatment e%ect (PRMTE) curves, which show impacts of new (simulated) policies for the
children induced into treatment by the policy (relative to the status quo) at each point in the distribu-
tionof unobserved resistance to treatment. Usingweights equal to the share of children induced into
treatment, we can aggregate the PRMTE into the policy-relevant treatment e%ect (PRTE), which
gives the average e%ect per net person shifted into treatment (see Appendix E."). We conduct two
policy simulations motivated by our results: making psychiatrists “identity-blind” (speci*cally, to
the SES or the gender of the patient), and tightening medical guidelines to reduce physician discre-
tion. These policies a%ect the treatment status of all children in the same direction, which means

&$Note that we cannot superimpose the MTE curves because the distribution of 𝑌, which determines the horizontal
axis, changes every time we change the *rst stage speci*cation. We cannot compare the LATE for the same reason.
However, we can compare the ATE, ATT and ATUT between the two sets of results, and they are very similar.
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that the PRTE represents the ATT among a%ected children.

Identity blinding In this section we discuss closing the SES and gender gaps in AD treatment
by manipulating the propensity score in both directions. First, given our previous *nding of a pos-
itive ATUT among low SES children, we increase the AD treatment rate of low-SES children to
equal that of high-SES children. If there is under-treatment of low-SES children, we should see pos-
itive PRMTE and PRTE. Figure &(a) shows that this policy leads to an increase of !., (Math) or
!.( (Danish) percentage points in the total share of children who receive treatment, corresponding
to approximately !#% of all children receiving AD. The PRMTE curve for Math is positive over
the entire relevant range and lies above the MTE curve. This means that the low-SES children who
are switched into treatment under our policy see larger test score gains than children (of low and
high-SES) who were already treated under the status quo. The PRMTE weights, which represent
the share among all children a%ected by the policy at each point in the distribution of unobserved
resistance to treatment, are almost monotonically increasing with theMTE, indicating that most of
the a%ected children have relatively high returns to treatment. As a result, the estimated PRTE is
!.#’( SD, higher than the baseline ATT of #.+)’ SD.

The PRMTE for Danish test scores in Figure &(b) is slightly below the baseline MTE and is
positive only until roughly the middle of the relevant range of unobserved resistance to treatment.
However, the PRTEweights show again that the vast majority of children treated with AD because
of the policy come from the range with positive returns to treatment and that relatively few children
(!)%of the a%ected children) are harmedby the policy. As a result, the PRTE is smaller than the base-
line ATT of #.$#, SD, but still positive and large at #.,(( SD. In conclusion, all children a%ected by
this policy do better inMath, andmost but not all do better in Danish, suggesting under-treatment
among the low-SES children in our sample.

Even if low-SES children are under-treated with AD, it may be that high-SES children are over-
treated. To investigate this, we reduce the high-SES treatment rate to equal the rate for low-SES
children. If there was over-treatment among high-SES children, then this simulation should show
negative PRMTE and PRTE (i.e., the children who are denied treatment under the policy were
being harmed by their use of AD under the status quo). Our policy reduces the share of all children
receiving AD by #.)–!.# percentage points. The estimated PRMTE plotted in Figures &(c) and (d)
bothbecomenegative around themiddle of the relevant range ofunobserved resistance to treatment.
This is consistent with some childrenwho are switched away from treatment being harmed by using
AD.However, thePRMTEweights show thatmost of the switchers ()(% inbothMath andDanish)
come from among those with relatively high returns to treatment, resulting in relatively large and
positive PRTEs of #.&)’ SD (Math) and #.,+& SD (Danish), albeit smaller than the baseline ATTs.
Overall, these results suggest that reducing the treatment rate among high SES children harmsmore
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children than it bene*ts. There is thus scant evidence of over-treatment.
We repeat the exercise for the gender gap in AD treatment. The results, shown in Figure ",

are similar both when we simulate an increase in the use of AD among boys to the level of girls
((.) percentage points increase in a%ected children) andwhenwe reduce the prescribing rate among
girls (’.+ percentage point reduction). In all four Figures, the PRMTE curve is virtually identical
to the baseline MTE curve, indicating that the children a%ected by the policy have similar gains
from treatment as the children treated under the status quo. As in the case of SES, the vast majority
of a%ected children come from the range of unobserved resistance to treatment where the returns
to treatment are positive, resulting in relatively large and positive values of the PRTE. As in the
previous experiment, the conclusion is that expanding treatment with AD among boys tends to
generate bene*ts across the board, while reducing the use of AD among girls harms more children
than it bene*ts.

Rules vs discretion As discussed and shown in Figure !, there is discretion in the decision to
prescribe antidepressants. One lever that policy makers have to reduce discretion is to strengthen
guidelines. We proxy this with a compression of the distribution of prescribing rates. Motivated by
the preceding results indicating under-treatment, at least for low-SES children, we *rst simulate the
impact of expanding AD treatment by imposing a -oor on the prescribing rate- we shift prescribing
rates under the ’"th percentile to the ’"th percentile of the distribution under the status quo). This
increases the number of children treated by about #." percentage points. Although the PRMTE
curves for both Math and Danish become negative a bit above the midpoint of the relevant range,
the PRTE weights show that almost all of the children pushed into treatment by this policy come
from the range with positive PRMTE ($"% for both Math and Danish). As a result, the PRTE in
bothMath and Danish is high and comparable to the ATT under the status quo.

Next, we consider the reverse scenario: we proxy a concern with over-treatment with a cap that
pushes all rates above the +"th percentile of the prevailing distribution down to the +"th percentile.
This policy reduces the number of treated children by about !." percentage points. In both Math
and Danish, the PRMTE curve lies above the MTE curve, indicating that the children from whom
treatment would be withheld by the cap bene*t more from treatment than the children to whom
treatment is still available (see Appendix Figures E$(c) and E$(d)). Although the children shifted
out of treatment tend to be more evenly distributed along the range of unobserved resistance to
treatment, the resulting PRTE is positive and relatively large for both Math and Danish. Overall,
restricting access to AD treatment bene*ts at best a small fraction of children, harming a larger frac-
tion (speci*cally, $(% inMath and "$% in Danish).

Taken together, our policy experiments indicate that the evidence emerging from test score out-
comes is inconsistentwith over-prescribing and consistentwith under-prescribing, especially among
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low-SES children and boys.

( Additional Outcomes
In this section, we explore the e%ects of AD use on a broader set of outcomes. Given the ongoing
debate surrounding the pharmaceutical treatment of mental health in children, we begin by exam-
ining the short-term health impacts of AD use. We then turn to its e%ects on long-term educational
attainment, labor market performance and welfare dependency. To improve statistical power, these
analyses are conducted using the full sample of children with a psychiatric contact between ages )
and !", including those *rst seen in hospital settings."#

(.! E#ects of antidepressant use on (mental) health
The use of AD in children has long been subject to medical and regulatory scrutiny. Concerns over
increased risks of suicidal thoughts and behaviors gained prominence in the early ’###s. In response
to these concerns, the U.S. Food and Drug Administration (FDA) issued a “black box” warning in
’##&, advising caution in prescribing SSRI to pediatric patients. The EuropeanMedicines Agency
followed in ’##"with similar warnings across the EU, emphasizing the potential mental health risks
of AD use in young populations. However, subsequent medical research has highlighted method-
ological -aws in the meta-analysis that informed these regulatory actions and argued that the risks
associated with untreatedmental health conditions may outweigh those linked to treatment (Cipri-
ani et al., ’#!); Lu et al., ’#!&; Rihmer, ’##+).

In Table &, we examine the health e%ects of ADuse, looking at the likelihood of suicide attempts
or self-harm (indicators of mental health), as well as at any inpatient or outpatient hospital contact
within three months of treatment initiation. For children not treated with AD, we assign a placebo
initiation date based on the average age of AD initiation among same-gender peers diagnosed in the
same year. On average, we *nd no evidence of increased adverse health outcomes following AD ini-
tiation. Across all children, we see signi*cant reductions in suicide attempts and self-harm, and in
hospital visits, driven by outpatient visits. There are unambiguous bene*ts for girls on all of these
outcomes and, additionally, on emergency room (ER) visits. Among boys, the average e%ects are
smaller, and the Andersen–Rubin con*dence intervals are wide, making it hard to rule out adverse
e%ects. When we stratify by socioeconomic status, we observe a signi*cant reduction in suicide at-
tempts and self-harm among low-SES children, and a decline in hospital outpatient and ER visits
among high-SES children. These *ndings suggest overall improvements in mental health that plau-
sibly contribute to the documented test score gains.

"#Statistical power is limited for health outcomes due to their rarity, and for long-run outcomes because only children
from earlier birth cohorts (born between !$$!–!$$,) can be observed.
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Our*nding thatAD treatment for children referred to psychiatrists improves indicators ofmen-
tal health and overall health aligns with medical evidence on antidepressant e.cacy discussed in
Section ’.!. Our estimates o%er three key advantages. First, we track individuals for three months
following treatment initiation, whereas most clinical trials have shorter follow-up periods. Second,
our outcomes are based on objective measures of contact with the medical system, as captured in
administrative data. In contrast, medical trials typically assess e%ectiveness through changes in self-
reported symptoms. Not only is self-reporting inherently subjective and variable across individu-
als, but it may also be endogenous—if AD treatment improves well-being, individuals may become
better at recognizing and articulating their symptoms, potentially biasing trial-based estimates of
e%ectiveness downward. Third, clinical trials tend to be constrained to smaller samples.

(." E#ects of antidepressant use on longer run economic outcomes
We now look at the cumulative impacts of AD treatment on human capital accumulation, employ-
ment, earnings and welfare dependency.

Enrollment beyond compulsory schooling In Table ", we examine the e%ect of AD use on the
likelihood of being enrolled in education at age !). The estimate in column ! of Panel A indicates
a statistically signi*cant increase of &’.)%. This e%ect is similar in magnitude and precision across
gender and socioeconomic status groups (see row !). The fact that we observe signi*cant e%ects on
higher education for high-SES children even though we did not observe signi*cant increases in test
scores for this group suggests that AD treatment may in-uence educational attainment not only
through cognitive performance, but also by enhancing intrinsic motivation.

Disaggregating the results by educational track reveals meaningful heterogeneity by gender and
SES. AD treatment increases the likelihood of enrollment in the academic track among girls and
high-SES children, and in the vocational track among boys and low-SES children. The e%ects are
statistically signi*cant for all groups except high SES children, for whom the magnitude is mean-
ingful but signi*cance is on the margin."! Overall, our results suggest that improvements in mental
health can enhance educational progression at a critical transition point.

Labor market outcomes and welfare receipt Table , shows estimates for these outcomes mea-
sured at ages ’"–(# for individuals born during !$$!–!$$,. Our results indicate that young adults
who received AD treatment in childhood are signi*cantly more likely to be employed, less likely to
receive welfare or disability insurance bene*ts, and they report higher labor income—re-ected also
in higher total income. All of these long-run economic bene*ts are evident for the low-SES group.

"!The di%erences in the e%ects on educational track choice may re-ect gender-based comparative advantage in cogni-
tive versus physical skill-intensive paths (Bhalotra and Venkataramani, ’#!(; Rosenzweig and Zhang, ’#!().
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In the high-SES group, we observe a signi*cant increase in total income but we interpret the esti-
mates for this group with caution since the *rst-stage (shown in the penultimate row of the Table)
is weak. Turning to gender di%erences, we *nd signi*cant gains in labor income for both men and
women, with larger absolute gains for men. However, increases in employment and reductions in
welfare reliance are statistically signi*cant only for men.

Overall, in linewith our discussion ofmutually reinforcing dynamic complementarities between
mental health and human capital and labour market outcomes in Section ’.!, our *ndings suggest
that childhood AD treatment can avert a vicious cycle with in which poor mental health inhibits
economic outcomes and, in turn, weak economic outcomes feedback into poor mental health both
directly and through intermediate outcomes such as marital stability and crime. This is particularly
so among low-SES childrenwho experience higher rates ofmental illness, and for whom antidepres-
sant treatment yields large improvements in mental health, test scores, labor market outcomes and
welfare dependency.

) Conclusions
The burden of mental health disorders is rising to hitherto unseen proportions, challenging capac-
ity in health provision, limiting labor market participation and triggering debates about disability
bene*ts reform."’ We draw attention to the fact that mental health disorders tend to emerge in
childhood and, in many cases, to persist if left untreated. Against the backdrop of some contro-
versy over the e%ectiveness of AD treatment in general, and concerns over side e%ects for children in
particular, we estimate the impact of antidepressant use among children referred to child psychia-
trists in Denmark, in particular, the impacts of adding antidepressants, given that therapy is the *rst
line of treatment. We *nd that antidepressant treatment in childhood is e%ective in improving both
health and economic outcomes, over the medium and longer term. Our estimates suggest a strong
economic payo% to treating depression and anxiety, and particularly so for children from less advan-
taged family backgrounds. Policy simulations suggest that expanding treatment to low SES children
would bene*t them.
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Figure !: Distribution of specialist tendency to prescribe ADs and the probability of receiving ADs
by age !"

Notes: Both the propensity to prescribe AD and the probability of *lling a prescription by age !" are
net of year-of-diagnosis and municipality *xed e%ects. The gray bars represent the histogram of the
adjusted tendency to prescribe antidepressants. The solid line plots the local polynomial regression
of the probability of receiving antidepressants by age !" on the tendency to prescribe antidepressants
of the treating specialist, while the dashed lines indicate the corresponding $"% con*dence interval.
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Figure ’: Robustness of the e%ect of AD use on test scores

Notes: Each panel plots the estimated e%ect of AD use and corresponding Anderson-Rubin $"%
con*dence intervals from a separate ’SLS regression of the outcome listed in the panel heading,
in the sample or with the speci*cation indicated on the vertical axis. Unless otherwise mentioned,
all speci*cations include the full set of control variables described in the notes to Table ’ and the
standard errors are clustered at the clinic-year of diagnosis level.
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(a) Math

(b) Danish

Figure (: Marginal treatment e%ects

Notes: The solid line in each panel plots the marginal treatment e%ects (MTE) curve for the stan-
dardized test score indicated in the panel and the shaded area represent the $"% con*dence interval
obtained from !## replications of a Bayesian bootstrap clustered at the clinic-year of diagnosis level.
The horizontal dashed line shows the average treatment e%ect calculated by averaging the MTEs
over the relevant range. The MTE is estimated via local instrumental variables from a speci*cation
including the full set of controls listed in the notes to Table ’. The MTE curve is assumed to be a
polynomial of second degree in unobserved resistance to treatment and is estimated over the range
of common support trimmed by !% at both tails.
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I. Increase the prescribing rate for low SES children to the level of high SES children

(a) Math (b) Danish

II. Reduce the prescribing rate for high SES children to the level of low SES children

(c) Math (d) Danish

Figure &: Policy experiments

Notes: The two lines in each panel plot themarginal treatment e%ects (MTE) curves under the status
quo (solid line) and for the children whose treatment status is changed by the new policy (dashed
line), for the standardized test score indicated in the panel. TheMTE curves are estimated as detailed
in the notes to Figure (. The dots show the fraction of the children a%ected by the policy at each
level of unobserved resistance to treatment. Each panel reports the average treatment e%ect on the
treated (ATT) under the status quo, the average treatment e%ect among the children pushed into or
out of treatment with AD by the policy (PRTE), and the fraction of children a%ected by the policy
(ωTreated).
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I. Increase the prescribing rate for boys to the level of girls

(a) Math (b) Danish

II. Reduce the prescribing rate for girls to the level of boys

(c) Math (d) Danish

Figure ": Policy experiments

Notes: The two lines in each panel plot themarginal treatment e%ects (MTE) curves under the status
quo (solid line) and for the children whose treatment status is changed by the new policy (dashed
line), for the standardized test score indicated in the panel. TheMTE curves are estimated as detailed
in the notes to Figure (. The dots show the fraction of the children a%ected by the policy at each
level of unobserved resistance to treatment. Each panel reports the average treatment e%ect on the
treated (ATT) under the status quo, the average treatment e%ect among the children pushed into or
out of treatment with AD by the policy (PRTE), and the fraction of children a%ected by the policy
(ωTreated).
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Table !: Characteristics of the analysis sample

Nomental Analysis sample
health contact All No SSRI SSRI 𝑍-value

(!) (’) (() (&) (")
A. Outcomes
Standardized test score, math 0.093 →0.283 →0.305 →0.156 0.000

(0.968) (1.016) (1.021) (0.982)
Standardized test score, Danish 0.074 →0.199 →0.241 0.042 0.000

(0.983) (1.025) (1.019) (1.026)
B. Treatments
Therapy within ! year before *rst MH visit — 0.116 0.094 0.243 0.000
Therapy after *rst MH visit, by age !" — 0.713 0.687 0.858 0.000
Pharmaceutical treatments by age !":

SSRI 0.001 0.152 0.000 1.000 —
Tricyclic antidepressant 0.001 0.002 0.002 0.003 0.866
Benzodiazepine 0.006 0.015 0.012 0.032 0.000
Stimulant 0.005 0.341 0.351 0.284 0.000
Antipsychotic 0.001 0.075 0.052 0.203 0.000
Any non-SSRI N-drug 0.062 0.462 0.446 0.552 0.000

Age when *rst SSRI was *lled 13.481 12.674 — 12.674
(1.980) (1.778) (1.778)

Median days between *rst MH visit and:
First SSRI prescription — 106.500 — 106.500
First N-class non-SSRI prescription — →23.000 — →23.000
First therapy — 28.000 28.000 28.000 0.140

Median days b/w *rst therapy and *rst SSRI — 125.000 — 125.000

C. Child characteristics
Boy 0.504 0.596 0.615 0.489 0.000
Birth order:

! 0.453 0.490 0.496 0.460 0.031
’ 0.374 0.364 0.361 0.382 0.201
(+ 0.174 0.145 0.143 0.158 0.210

Number of siblings:
# 0.128 0.187 0.189 0.173 0.189
! 0.561 0.560 0.560 0.563 0.860
’ 0.223 0.178 0.174 0.195 0.121
(+ 0.087 0.076 0.077 0.070 0.440

Parents are married 0.810 0.680 0.665 0.758 0.000
High SES 0.365 0.352 0.344 0.401 0.000
Age at *rst diagnosis — 11.637 11.583 11.942 0.000

(2.069) (2.079) (1.984)
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Table ! (cont.): Characteristics of the analysis sample

Nomental Analysis sample
health contact All No SSRI SSRI 𝑍-value

(!) (’) (() (&) (")
D. Psychiatrist characteristics
Male — 0.413 0.413 0.412 0.960
Age (years) — 57.075 57.110 56.884 0.168

(5.232) (5.283) (4.930)
Experience (years) — 27.934 27.893 28.164 0.118

(5.612) (5.682) (5.205)
Married — 0.657 0.658 0.655 0.840
Solo practice — 0.793 0.792 0.803 0.392
Number of patients treated during year — 169.781 170.157 167.685 0.340

(79.220) (79.271) (78.937)
Propensity to prescribe SSRIs — 0.105 0.101 0.130 0.000

(0.061) (0.059) (0.066)
E. Mother’s characteristics at child age (
Age 35.879 35.708 35.598 36.321 0.000

(4.629) (5.066) (5.116) (4.731)
Some college or more 0.365 0.352 0.344 0.401 0.000
Employed 0.852 0.780 0.774 0.816 0.001
Annual gross total income 333.004 326.692 325.940 330.897 0.262

(189.383) (150.718) (154.009) (130.803)
Used SSRI between child ages ,–+ 0.086 0.167 0.161 0.201 0.002

F. Father’s characteristics at child age (
Age 38.247 38.122 38.025 38.667 0.000

(5.405) (5.732) (5.755) (5.573)
Some college or more 0.296 0.280 0.274 0.315 0.007
Employed 0.932 0.887 0.881 0.916 0.000
Annual gross total income 450.972 427.379 425.405 438.405 0.151

(561.056) (331.281) (342.182) (262.040)
Used SSRI between child ages ,–+ 0.050 0.088 0.086 0.097 0.270
Observations ++#,"’# +,’!! ,,!!, !,#$"
Notes: Column ! describes the sample of all native children born between !$$!–’##", who are observed every
year between the ages of , and !,, and who have no contact with a psychiatrist between ages ,–!". Columns
’ describes our analysis sample of all native children born between !$$!–’##", who are observed every year
between the ages of , and !,, who have no contact with a psychiatrist between ages ,–+, and whose *rst
psychiatric visit between ages )–!" is with a child psychiatrist in a private clinic. Columns ( and & split the
analysis sample by whether the child *lled an AD prescription by age !" (column &) or not (column (). The
𝑍-value inColumn " corresponds to a test of equality of the average characteristics of children treated and not
treated with AD.Means and standard deviations in brackets, unless otherwise indicated. Number of siblings
refers to the number of siblings in the household when the child is aged ,. Children of mothers with short
cycle higher education or above are classi*ed as high SES. Parents with short cycle higher education or above
are classi*ed as high SES. All parental characteristics, including marital status, are measured when the child is
aged ,. All monetary variables are in ’#!" DKK. See Appendix Table A! for details on how each variable is
constructed.
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Table ’: E%ect of AD use in childhood on $th grade test scores

Standardized test scores
Math Danish
(!) (’)

A. First stage (dependent variable: Ever ’lled an SSRI prescription by age !&)
Propensity to prescribe SSRIs 0.928↑↑↑ 0.920↑↑↑

(0.102) (0.101)
E%ect of interquartile change in instrument 0.074 0.073
Mean of outcome 0.147 0.147
First-stage F statistic 82.8 82.2
Observations ",&$" ",()(

B. Reduced form
Propensity to prescribe SSRIs 0.482↑↑ 0.365

(0.240) (0.224)
E%ect of interquartile change in instrument 0.038 0.029
Mean of outcome →0.283 →0.199
Observations ",&$" ",()(

C. Two-stage least squares
Ever *lled an SSRI prescription by age !" 0.520↑↑ 0.397↑

(0.266) (0.253)
[0.028, 1.063] [→0.070, 0.913]

Mean of outcome →0.305 →0.241
Observations ",&$" ",()(

Notes: Analysis sample as described in the notes to Table !. Each cell presents the results from a separate
regression of the outcome listed in the column for the speci*cation listed in the row. All speci*cation include:
indicators for child gender, birth order, family size; indicators for mother’s and father’s highest education
degree attained, employment status, income deciles, andmarriage status at child age ,; indicators formother’s
and father’s use of ADduring child age ,–+; mother’s and father’s age; and *xed e%ects for year of birth of the
child, year of diagnosis (*rst psychiatric visit), andmunicipality of residence during the year of diagnosis. The
mean of the outcome is calculated among children not using AD in Panels A and D, and among all children
in Panels B and C. In addition to the coe.cient estimate, Panels B and C list the e%ect on the outcome of
an increase in the value of the instrument from the ’"th to the +"th percentile in the full analysis sample,
corresponding to approximately +.$ percentage points. Panel D reports in square brackets Anderson-Rubin
$"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun, ’#!)), as well as
the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of Montiel Olea and P-ueger
(’#!(). Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance
(based on Anderson-Rubin con*dence intervals in Panel C) at the !%, "%, and !#% levels, respectively.
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Appendix A

Additional Descriptive Statistics



(a) Math

(b) Danish

Appendix Figure A!: Distribution of test scores by AD use in the analysis sample

Notes: Each panel plots the smoothed distribution of the standardized test score indicated in the panel, separately
for children who did not use antidepressants by age !" (solid line) and for children who did (long-dashed line), as
well as for children with no psychiatric contact between the ages of ,–!" (short-dashed line).
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(a) Math

(b) Danish

Appendix Figure A’: Distribution of test scores by AD use in the analysis sample

Notes: In each panel, each point and line segment represent the estimated e%ect and corresponding $"% con*dence
interval from an instrumental variables quantile regression estimated at the quantile indicated on the horizontal
axis for the outcome indicated in the panel. Each regression includes the full set of controls listed in Table ’ and is
estimated using smoothed estimating equations (Kaplan, ’#’’; Kaplan and Sun, ’#!+). Standard errors obtained
from !## bootstrap replications. Some con*dence intervals are truncated to improve the legibility of the *gures.
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Appendix Table A’: Characteristics of the full sample of children by type of specialist of *rst mental health visit

First contact with mental health specialist 𝑍-value 𝑍-value
between ages )–!" (!)–(() (’)–(()

None Hospital Private
clinic

(!) (’) (() (&) (")
A. Outcomes
Standardized test score, math 0.093 →0.400 →0.283 0.000 0.000

(0.968) (1.022) (1.016)
Standardized test score, Danish 0.074 →0.281 →0.199 0.000 0.000

(0.983) (1.045) (1.025)
B. Treatments
Therapy within ! year before *rst MH visit — 0.104 0.116 0.000 0.002
Therapy after *rst MH visit, by age !" — — 0.713 0.000 0.000
Pharmaceutical treatments by age !":
SSRI 0.001 0.092 0.152 0.000 0.000
Tricyclic antidepressant 0.001 0.003 0.002 0.024 0.906
Benzodiazepine 0.006 0.023 0.015 0.000 0.000
Stimulant 0.005 0.263 0.341 0.000 0.000
Antipsychotic 0.001 0.074 0.075 0.000 0.878
Any non-SSRI N-drug 0.062 0.422 0.462 0.000 0.000

Age when *rst SSRI was *lled 13.481 13.161 12.674 0.000 0.000
(1.980) (1.624) (1.778)

Median days between *rst MH visit and:
First SSRI prescription — 154.000 106.500 — 0.000
First non-SSRI prescription — →24.000 →23.000 — 0.166

C. Child characteristics
Boy 0.504 0.574 0.596 0.000 0.000
Birth order:
! 0.453 0.483 0.490 0.000 0.281
’ 0.374 0.358 0.364 0.110 0.280
(+ 0.174 0.159 0.145 0.000 0.003

Number of siblings:
# 0.128 0.178 0.187 0.000 0.093
! 0.561 0.537 0.560 0.882 0.000
’ 0.223 0.199 0.178 0.000 0.000
(+ 0.087 0.085 0.076 0.000 0.005

Parents are married 0.810 0.660 0.680 0.000 0.001
High SES 0.365 0.278 0.352 0.021 0.000
Age at *rst diagnosis — 11.899 11.637 — 0.000

(2.082) (2.069)
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Appendix Table A’ (cont.): Characteristics of the full sample of children by type of specialist of *rst mental
health visit

First contact with mental health specialist 𝑍-value 𝑍-value
between ages )–!" (!)–(() (’)–(()

None Hospital Private
clinic

(!) (’) (() (&) (")
D. Psychiatrist characteristics
Female — — 0.413
Age (years) — — 57.075

(5.232)
Experience (years) — — 27.934

(5.612)
Married — — 0.657
Solo practice — — 0.793
Number of patients treated during year — 2,977.441 169.781 0.000

(2,043.735) (79.220)
Propensity to prescribe SSRIs — 0.060 0.105 0.000

(0.031) (0.061)
E. Mother’s characteristics at child age (
Age 35.879 35.211 35.708 0.004 0.000

(4.629) (5.092) (5.066)
Some college or more 0.365 0.278 0.352 0.021 0.000
Employed 0.852 0.748 0.780 0.000 0.000
Annual gross total income 333.004 309.579 326.692 0.000 0.000

(189.383) (125.057) (150.718)
Used SSRI between child ages ,–+ 0.086 0.178 0.167 0.000 0.016

F. Father’s characteristics at child age (
Age 38.247 37.799 38.122 0.065 0.000

(5.405) (5.755) (5.732)
Some college or more 0.296 0.212 0.280 0.003 0.000
Employed 0.932 0.871 0.887 0.000 0.000
Annual gross total income 450.972 396.071 427.379 0.000 0.000

(561.056) (353.161) (331.281)
Used SSRI between child ages ,–+ 0.050 0.094 0.088 0.000 0.087
Observations ++#,"’# &$,&!! +,’!!
Notes: Sample of all native children born between !$$!–’##", who are observed every year between the ages of , and !,, and
who have no contact with a psychiatrist (either in a private clinic or hospital department) between ages ,–+. Column (!)
includes childrenwith no psychiatric visit by age !", Column (’) those childrenwhose *rst mental health-related visit between
the ages of )–!" was at a hospital psychiatric department, and Column (() the children whose *rst psychiatric visit was in a
private child psychiatry clinic. Columns (&) and (") present the 𝑍-values for the test of equality of means between Columns
(!) and ((), and between Columns (’) and ((), respectively. See the notes to Table ! for details on the variables listed.

+



Appendix B

Instrument Validity and Generalizability of LATE



Appendix Figure B!: E%ects of child, parent, family, and clinic characteristics, on the probability of *lling an AD
prescription and on the specialist propensity to prescribe AD

Notes: Each panel plots the coe.cients and corresponding $"% con*dence intervals from a regression of the out-
come listed in the panel heading on all the variables listed, as well as indicators for year of birth of the child, year
of diagnosis, and municipality of residence. The regressions are estimated in the sample of children who took the
Math test (the results from the sample of children who took the Danish test are virtually identical). The unlisted
variables and the variables in Panels A–D constitute the set of baseline controls.
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(a) Math

(b) Danish

Appendix Figure B’: Distribution of specialist tendency to prescribe ADs and predicted test scores

Notes: Both the propensity to prescribe AD and the predicted test scores are net of year-of-diagnosis and munici-
pality *xed e%ects. Test scores are predicted using the full set of control variables described in the notes to Table ’.
The gray bars represent the histogram of the adjusted tendency to prescribe antidepressants. The solid line plots the
local polynomial regression of the predicted outcome indicated in the *gure caption on the tendency to prescribe
antidepressants of the treating specialist, while the dashed lines indicate the corresponding $"% con*dence interval.
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Appendix Figure B(: E%ects of child, parent, family, and psychiatrist treatment choices and characteristics, on the
probability of *lling an AD prescription and on the specialist propensity to prescribe AD

Notes: Each panel plots the coe.cients and corresponding $"% con*dence intervals from a regression of the out-
come listed in the panel heading on all the variables listed, as well as indicators for year of birth of the child, year
of diagnosis, and municipality of residence. The regressions are estimated in the sample of children who took the
Math test (the results from the sample of children who took the Danish test are virtually identical). The unlisted
variables and the variables in Panels A–D constitute the set of baseline controls.
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Appendix Figure B&: E%ect of psychiatrist leniency on the probability of children *lling prescriptions with
cumulated total volume of DDD less than given volume

Notes: Each dot and line segment represent the coe.cient and corresponding $"%con*dence interval from a regres-
sion of the probability that the total volume of AD prescribed by age !" is lower than the ventile of the distribution
of volume of AD indicated on the horizontal axis. Each regression controls for the set of controls listed in the notes
to Table ’. Regressions estimated in the sample of children who took the Math test (the results in the sample of
children who took the Danish test are virtually identical).
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Appendix Table B!: Average characteristics for the analysis sample and for compliers

Panel A. Share of compliers
All Girls Boys Low SES High SES
(!) (’) (() (&) (")

Share of compliers 0.313 0.386 0.274 0.256 0.406

Panel B. Characteristics of compliers relative to the full analysis
sample

All Compliers Ratio
(!) (’) (()

A. Child characteristics
Boy 0.580 0.453 0.782
First born 0.495 0.540 1.090
High SES 0.383 0.456 1.190
Parents are married 0.700 0.812 1.160

B. Mother’s characteristics
Age 35.902 37.196 1.036
Employed 0.812 0.818 1.008
Annual income (thousands) 336.917 342.241 1.016
Used SSRI between child ages ,-) 0.166 0.205 1.236

C. Father’s characteristics
Age 38.233 38.968 1.019
Employed 0.906 0.908 1.002
Annual income (thousands) 445.526 469.055 1.053
Used SSRI between child ages ,-) 0.089 0.112 1.252

Notes: Analysis sample as described in the notes toTable !. Sample of children taking themath test (the estimates for the sample
of children taking the Danish test are virtually identical and available upon request). Panel A lists the share of compliers in the
sample indicated in the column, calculated as the product between the *rst-stage coe.cient in that sample multiplied by the
range of the instrument. Panel B lists the means of the variables listed in the row among the analysis sample (Column !) and
among compliers (Column ’). The mean of a characteristic among compliers is the estimated coe.cient on the instrument
from a regression of the interaction between the characteristic and the indicator for *lling an AD prescription by age !" on
the instrument and the full set of controls listed in the notes to Table ’. Column ( lists the ratio between the mean among
compliers (Column ’) and the mean in the full analysis sample (Column !).
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Appendix Table B’: First-Stage Estimates of ADUse on CP Leniency

Baseline Excluding parental Excluding parental
controls and child controls

(!) (’) (()
Specialist tendency to prescribe AD 0.928↑↑↑ 0.947↑↑↑ 0.962↑↑↑

(0.102) (0.105) (0.102)
E%ect of interquartile change in instrument 0.074 0.075 0.076
Mean of outcome 0.147 0.147 0.147
F statistic 82.8 81.6 88.9
Observations ",&$" ",&$" ",&$"

Notes: Analysis sample as described in the notes to Table !. Sample of children taking the math test (the estimates for the
sample of children taking theDanish test are virtually identical and available upon request). Each cell presents the results from
a separate regression of the indicator for *lling an AD prescription by age !" in the speci*cation listed in the column. All
speci*cations include *xed e%ects for the year of diagnosis and municipality of residence during the year of diagnosis. The
speci*cation in Column (!) includes the full set of controls listed in the notes to Table ’. The speci*cation in Column (’)
excludes the indicators for family size; the indicators for mother’s and father’s education degree, employment status, income
deciles, and marriage status at child age ,; the indicators for mother’s and father’s use of SSRI during child age ,–+; and
mother’s and father’s age. In addition, the speci*cation in Column (() excludes the indicators for child gender and birth
order, as well the *xed e%ects for year of birth. The mean of the outcome is calculated among all children in the estimation
sample. In addition to the coe.cient estimate, each cell lists the e%ect of an increase in the value of the instrument from the
’"th to the +"th percentile in the full analysis sample, corresponding to approximately +.$ percentage points. Each cell also
includes the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of Montiel Olea and P-ueger (’#!().
Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance at the !%, "%, and !#% levels,
respectively.
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Appendix Table B(: First-stage estimates of e%ect of SSRI use on test scores, taking into account other treatments
and psychiatrist characteristics

Baseline Including other prescribing tendencies
and psychiatrist characteristics

Dependent variable AD use AD use Non-SSRI N-drugs Therapy
(!) (’) (() (&)

Psychiatrist tendency to treat with:
— AD 0.928↑↑↑ 0.907↑↑↑ 0.355↑↑↑ →0.132

(0.102) (0.101) (0.123) (0.123)
—Non-SSRI N-class medication 0.108↑↑↑ 0.681↑↑↑ 0.066

(0.038) (0.051) (0.042)
—Therapy →0.080 →0.045 0.250↑↑↑

(0.073) (0.115) (0.091)
Mean of outcome 0.147 0.147 0.418 0.711
Observations ",&$" ",&$" ",&$" ",&$"
Psychiatrist characteristics No Yes Yes Yes

Notes: Analysis sample as described in the notes to Table !. Sample of children taking the math test (the estimates for the
sample of children taking the Danish test are virtually identical and available upon request). Each column presents the results
from a separate regression of an indicator for the use of the treatment listed in the column on the set of controls listed in the
notes to Table ’, the full set of psychiatrist characteristics (Columns ’–&), and the specialist tendencies to provide treatments
as indicated in the rows. Column ! repeats our baseline results and includes only the psychiatrist tendency to prescribe AD.
Columns ’–& include all psychiatrist characteristics as well as separate variables for the psychiatrist tendency to prescribe AD,
to prescribe non-SSRI N-class medication, and to provide therapy. Standard errors are clustered at the clinic-year of diagnosis
level. ↑↑↑, ↑↑ and ↑ indicate signi*cance at the !%, "%, and !#% levels, respectively.
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Appendix Table B&: ’SLS estimates of e%ect of SSRI use on test scores, taking into account other treatments and
psychiatrist characteristics

Baseline Include psych. Incl. other treatments
leniency and chars. and psych. chars.

(!) (’) (()
A. Standardized test score, math
Treatment received:
—AD 0.520↑↑ 0.405 0.613↑↑↑

(0.266) (0.277) (0.398)
[0.028, 1.063] [→0.106, 0.970] [0.613, 2.147]

—Non-SSRI N-class medication →0.273↑↑↑
(0.211)

[→1.085,→0.273]
—Therapy 0.702↑↑↑

(0.896)
[0.702, 5.877]

Lewis-Mertens statistic +.!
Lewis-Mertens $"% critical value ’!.#
Mean of outcome →0.305 →0.305 →0.305
Observations ",&$" ",&$" ",&$"

B. Standardized test score, Danish
Treatment received:
—AD 0.397↑ 0.402↑ 0.859↑↑↑

(0.253) (0.287) (0.625)
[→0.070, 0.913] [→0.072, 0.987] [0.859, 4.465]

—Non-SSRI N-class medication →0.494↑↑↑
(0.325)

[→2.993,→0.494]
—Therapy 2.205↑↑↑

(1.566)
[2.205, +↓]

Lewis-Mertens statistic ,."
Lewis-Mertens $"% critical value ’!.&
Mean of outcome →0.241 →0.241 →0.241
Observations ",()( ",()( ",()(
Psychiatrist characteristics No Yes Yes

Notes: Analysis sample as described in the notes to Table !. Each column presents the results from a separate regression of the
outcome indicated in the panel using the speci*cation indicated in the column. All speci*cations include the full set of controls
listed inTable’. In addition,Column’ controls for the full set of psychiatrist characteristics (Columns’–&), aswell as separate
variables for the psychiatrist tendency to prescribe non-SSRI N-class medication and to provide therapy. Column ( replaces
the two psychiatrist tendency variables with two indicator variables, one for the use of non-SSRI N-drug medication and one
for the use of therapy, instrumented for with the two psychiatrist tendency variables. Each panel reports in square brackets
Anderson-Rubin $"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun, ’#!)), as well as
the Lewis and Mertens (Forthcoming) statistic for instrument strength and the corresponding $"% critical value. The mean
of the outcome is calculated among children not using AD. Standard errors are clustered at the clinic-year of diagnosis level.
↑↑↑, ↑↑ and ↑ indicate signi*cance based on Anderson-Rubin con*dence intervals at the !%, "%, and !#% levels, respectively.
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Appendix Table B": ’SLS estimates of the e%ects of AD dosage on test scores

Endogenous variable
Indicator for Volume of SSRI used
SSRI use (hundred DDDs)

(!) (’) (() (&)
Standardized test score, math 0.520↑ 0.052↑ 0.053↑ 0.063

(0.266) (0.027) (0.028) (0.180)
[0.028, 1.063] [0.007, 0.108] [0.006, 0.116] —

First-stage F statistic )’.) ,#.! (&.’ !.#
Mean of outcome →0.305 →0.284 →0.284 →0.284
E%ect of median volume — 0.235 0.239 0.284
Observations ",&$" ",&$" ",&$" ",&$"

Standardized test score, Danish 0.397 0.039 0.064↑↑ 0.393
(0.253) (0.025) (0.028) (0.455)

[→0.070, 0.913] [→0.007, 0.090] [0.018, 0.128] —
First-stage F statistic )’.’ ,#.$ ((.( #.)
Mean of outcome →0.241 →0.200 →0.200 →0.200
E%ect of median volume — 0.177 0.290 1.770
Observations ",()( ",()( ",()( ",()(
Instrument = PP for AD AD Volume Volume
Control for PP for AD No No No Yes

Notes: Analysis sample as described in the notes to Table !. Each cell presents the results from a separate regression of the
outcome listed in the row for the speci*cation listed in the column. Column ! repeats our baseline results and reports the
coe.cient on the indicator for AD use by age !". The speci*cations in columns ’–& replace the indicator for AD use with the
total volume of AD (in hundreds of daily-de*ned doses) *lled by age !". All speci*cations include the full set of controls listed
in the notes to Table ’. In addition, the speci*cation in Column & includes the psychiatrist tendency to prescribe AD. The
speci*cations in Columns ! and ’ instrument for the endogenous variable (the indicator for AD use in Column !, the volume
of AD in Column ’) with the psychiatrist tendency to prescribe AD. The speci*cations in Columns ( and & instrument for
the endogenous variable (the volume of AD) with the psychiatrist tendency to prescribe volume of AD, de*ned as the average
volume prescribed by the psychiatrist to the other children age )–!" treated by the psychiatrist in the year of diagnosis of the
child. Each panel reports in square brackets Anderson-Rubin $"% con*dence intervals that are robust to weak instruments
(Andrews et al., ’#!$; Sun, ’#!)), as well as the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of
Montiel Olea and P-ueger (’#!(). In addition, Columns ’–& report the estimated e%ect of the median volume of AD on
the outcome. Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance based on
Anderson-Rubin con*dence intervals at the !%, "%, and !#% levels, respectively.
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Appendix Table B+: First-Stage Estimates of ADUse on CP Leniency Using Cross-Sample Instrument

Gender Socioeconomic status
Girls Boys Low SES High SES
(!) (’) (() (&)

Specialist tendency to prescribe AD 1.383↑↑↑ 0.513↑↑↑ 0.829↑↑↑ 1.050↑↑↑
(0.199) (0.075) (0.132) (0.115)

E%ect of interquartile change in instrument 0.110 0.041 0.066 0.083
First-stage F statistic 48.4 46.8 39.6 82.8
Observations ’,(!# (,!)" (,($! ’,!#&

Notes: Analysis sample as described in the notes to Table !. Sample of children taking the math test (the estimates for the
sample of children taking theDanish test are virtually identical and available upon request). Each cell presents the results from
a separate regression of the indicator for *lling an AD prescription by age !" in the sample of children with the characteristic
listed in the column. Children ofmothers with short cycle higher education or above are classi*ed as high SES. The instrument
inColumn (!) is de*ned as the fraction of )–!" year old boys treated in the year of diagnosis by the same psychiatrist who *ll an
ADprescription in that year. The instruments inColumns (’), ((), and (&) are constructed in a similarmanner, using only girls,
high-SES, and low-SES children, respectively. All speci*cations include the full set of controls listed in the notes to Table ’.
The mean of the outcome is calculated among all children. In addition to the coe.cient estimate, each Panel lists the e%ect
of an increase in the value of the instrument from the ’"th to the +"th percentile in the full analysis sample, corresponding
to approximately +.$ percentage points. Each panel also reports the robust *rst-stage F-statistic, which is equivalent to the
e%ective F-statistic of Montiel Olea and P-ueger (’#!(). Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑,
↑↑ and ↑ indicate signi*cance at the !%, "%, and !#% levels, respectively.
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Appendix C

Robustness Checks



C.! National tests
Starting from ’#!#, students enrolled in Danish public schools are required to take a number of national standard-
ized tests. These tests are computerized adaptive tests, in which the performance of the student in the previous
questions determines the di.culty of the next question.! They are usually administered between mid-January and
April and are scored electronically, without input from their teachers (who also do not prepare the questions). The
tests are low stakes: they are mainly used to inform teachers and parents on the performance of students. Although
they are mandatory andmore than $#% of public school students take them, there is no mandated punishment for
truancy and individual exemptions may be granted if teachers and parents agree that the student would not be able
to perform in an informative way.

In our paper, we use the data from the reading tests in Danish, administered in grades ’, &, ,, and ), and from
the tests in Mathematics, administered in grades (, ,, and ). Each test calculates scores across several performance
areas (e.g., for Danish, these are language comprehension, decoding, and reading comprehension). We follow stan-
dard practice in the literature and we standardized each score at the cohort level, take the simple average across the
di%erent domains, and restandardize at the cohort level to obtain one score per subject (Beuchert and Nandrup,
’#!)). We also use the exact date at which each test was administered in order to determine if it occurred before or
after an AD prescription was *lled.

Empirical strategy To estimate the e%ects of AD use on test score, we implement a modi*ed version of our
baseline strategy in Section &. The main estimating equation is:

𝐿𝑁 𝑎𝑉 = 𝑂0 + 𝑂1𝑃𝑄𝑁𝑉 + 𝑅X𝑁𝑉 + 𝑏𝑁 + 𝑐𝑎 + 𝑑𝑉 + 𝑆𝑁 𝑎𝑉 ,

where𝐿𝑁 𝑎𝑉 is a test score for child 𝑁 in grade 𝑎 during year 𝑉 , 𝑃𝑄𝑁 𝑎𝑉 is an indicator for the child having *lled an AD
prescription before the date of the test, 𝑒𝑁𝑉 is a set of time-varying characteristics (an indicator for whether the child
has skipped the previous test, and an indicator for whether the previous test and the current test were administered
using di%erent algorithms), and 𝑏𝑁 , 𝑐𝑎 , and 𝑑𝑉 are individual, calendar year, and grade *xed e%ects.

As before, it is possible that the use of AD is correlated with some unobservable (time-varying) individual char-
acteristics that also in-uence school performance. Therefore, we implement a panel ’SLS estimation strategy in
which the *rst stage equation is:

𝑃𝑄𝑁 𝑎𝑉 = 𝑂
𝑓 𝑔

0 + 𝑂
𝑓 𝑔

1 1(𝑉 ↔ 𝑖𝑁)𝑇𝑇𝑁 + 𝑅
𝑓 𝑔X𝑁𝑉 + 𝑏

𝑓 𝑔

𝑁
+ 𝑐

𝑓 𝑔

𝑎
+ 𝑑

𝑓 𝑔

𝑉
+ 𝑗𝑁 𝑎𝑉 ,

where 1(𝑉 ↔ 𝑖𝑁) indicates whether the date of the test 𝑉 is after the date𝑖𝑁 of the child’s *rst mental health visit,
and 𝑇𝑇𝑁 is our instrument as de*ned in Equation (’):

𝑇𝑇𝑁 =

∑
𝑈ω𝑁 𝑃𝑄𝑈1(psychiatrist

𝑈
= psychiatrist

𝑁
)∑

𝑈ω𝑁 1(psychiatrist𝑈 = psychiatrist
𝑁
) .

!The algorithm changed in ’#!", changing the di.culty of the *rst question and of the second and third questions following a correct
or wrong response.
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(a) Math

(b) Danish

Appendix Figure C!: Bounding the e%ect of using AD on test scores

Notes: In each panel, each point and line segment represent the estimate and corresponding $"%Anderson-Rubin
con*dence interval from an instrumental variables regression similar to our baseline regression in Equation (!). In
these regressions, children treated with AD and who did not take the test are assigned the percentile indicated on
the horizontal axis from the distribution among children not treated with AD, for the outcome indicated in the
panel. Each regression includes the full set of controls listed in Table ’. Standard errors clustered at the specialist
and year level.
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Appendix Figure C’: E%ects of child, parent, family, and clinic characteristics, on the probability of *lling an
SSRI prescription and on the specialist propensity to prescribe SSRIs in the full MH sample

Notes: Each panel plots the coe.cients and corresponding $"% con*dence intervals from a regression of the out-
come listed in the panel heading on all the variables listed, as well as indicators for year of birth of the child, year
of diagnosis, and municipality of residence. The regressions are estimated in the sample of children who took the
Math test (the results from the sample of children who took the Danish test are virtually identical and available
upon request). The unlisted variables and the variables in Panels A–D constitute the set of baseline controls.
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Appendix Table C!: Robustness Checks Related to the Instrument

Math Danish
(!) (’)

Baseline 0.520↑↑ 0.397↑
(0.266) (0.253)

[0.028, 1.063] [→0.070, 0.913]
First-stage F statistic )’.+), )’.!$+
Mean of outcome →0.305 →0.241
Observations ",&$" ",()(

Children treated in clinics with at least "& patients 0.472↑↑ 0.531↑↑
(0.253) (0.251)

[0.004, 0.990] [0.116, 1.043]
First-stage F statistic )&.(&" )&.,(’
Mean of outcome →0.304 →0.238
Observations ",+!( ",,#!

Children treated in clinics with at least )& patients 0.566↑↑ 0.392
(0.289) (0.282)

[0.032, 1.156] [→0.073, 0.967]
First-stage F statistic +!.)+( +#.&&,
Mean of outcome →0.306 →0.245
Observations ",!)) ",#+$

Children treated in clinics with at least !** patients 0.549↑ 0.428↑
(0.303) (0.267)

[→0.009, 1.107] [→0.064, 0.971]
First-stage F statistic ,,.(,+ ,".!)"
Mean of outcome →0.319 →0.271
Observations &,(++ &,’+,

Children treated in solo-provider clinics 0.498↑↑ 0.353
(0.283) (0.261)

[0.032, 1.074] [→0.076, 0.882]
First-stage F statistic +#.$!’ +!.#&!
Mean of outcome →0.305 →0.231
Observations &,($" &,(!)
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Appendix Table C! (cont.): Robustness Checks Related to the Instrument

Math Danish
(!) (’)

Clustering at the clinic level 0.520↑ 0.397
(0.322) (0.298)

[→0.006, 1.168] [→0.146, 0.996]
First-stage F statistic "#.,), "&.#+)
Mean of outcome →0.305 →0.241
Observations ",&$" ",()(

Clustering at municipality and year-of-diagnosis level 0.520↑↑ 0.397↑
(0.239) (0.284)

[0.083, 0.956] [→0.068, 0.971]
First-stage F statistic +#.! ,).(
Mean of outcome →0.305 →0.241
Observations ",&$" ",()(

Excluding children treated by top-$ prescribers 0.725↑↑ 0.479↑
(0.343) (0.327)

[0.094, 1.423] [→0.061, 1.145]
First-stage F statistic ,!.’!( ,!.""&
Mean of outcome →0.314 →0.254
Observations &,+$" &,+##

Including region instead of municipality ’xed e#ects 0.437↑↑ 0.229
(0.242) (0.223)

[0.032, 0.936] [→0.186, 0.644]
First-stage F statistic )$.(() )$.($"
Mean of outcome →0.305 →0.241
Observations ",&$" ",()(

Notes: Analysis sample as described in the notes to Table !. Each cell presents the results from a separate regression of the
outcome listed in the column for the speci*cation listed in the row. All speci*cations include the full set of controls listed
in the notes to Table ’. The number of patients in clinics refers to the number of )–!" year old children treated in the year
of diagnosis of the child. Solo-provider clinics are clinics operated by a single psychiatrist throughout the entire year of di-
agnosis. Psychiatrists are ranked based on their average prescribing tendency over the entire sample period. The mean of the
outcome is calculated among children not usingAD. In addition to the coe.cient estimate, each panel reports in square brack-
ets Anderson-Rubin $"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun, ’#!)), as well as
the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of Montiel Olea and P-ueger (’#!(). Standard
errors are clustered at the clinic-year of diagnosis level unless mentioned otherwise. ↑↑↑, ↑↑ and ↑ indicate signi*cance based on
Anderson-Rubin con*dence intervals at the !%, "%, and !#% levels, respectively.
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Appendix Table C(: Robustness Checks Related to the Sample

Math Danish
(!) (’)

Baseline 0.520↑↑ 0.397↑
(0.266) (0.253)

[0.028, 1.063] [→0.070, 0.913]
First-stage F statistic )’.+), )’.!$+
Mean of outcome →0.3 →0.2
Observations ",&$" ",()(

Excluding children taking the test in pandemic years 0.597↑↑ 0.373
(0.306) (0.285)

[0.093, 1.219] [→0.097, 0.954]
First-stage F statistic ").’)" "+.&$$
Mean of outcome →0.3 →0.2
Observations &,"$, &,"#’

Including children treated in hospital psychiatric departments 0.461↑↑↑ →0.079
(0.202) (0.184)

[0.125, 0.876] [→0.458, 0.263]
First-stage F statistic &,.+’& &,.,’)
Mean of outcome →0.4 →0.3
Observations ($,$+" (),,+"

Notes: Analysis sample as described in the notes to Table !. Each cell presents the results from a separate regression of the
outcome listed in the column for the speci*cation listed in the row. All speci*cations include the full set of controls listed
in the notes to Table ’. The number of patients in clinics refers to the number of )–!" year old children treated in the year
of diagnosis of the child. Solo-provider clinics are clinics operated by a single psychiatrist throughout the entire year of di-
agnosis. Psychiatrists are ranked based on their average prescribing tendency over the entire sample period. The mean of the
outcome is calculated among children not usingAD. In addition to the coe.cient estimate, each panel reports in square brack-
ets Anderson-Rubin $"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun, ’#!)), as well as
the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of Montiel Olea and P-ueger (’#!(). Standard
errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance based on Anderson-Rubin con*dence
intervals at the !%, "%, and !#% levels, respectively.
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Appendix Table C": Robustness Checks Related to AD treatment

Math Danish
(!) (’)

Baseline 0.520↑↑ 0.397↑
(0.266) (0.253)

[0.028, 1.063] [→0.070, 0.913]
First-stage F statistic )’.+), )’.!$+
Mean of outcome →0.3 →0.2
Observations ",&$" ",()(

Excluding treated children on AD at time of test 0.765↑↑ 0.556↑
(0.398) (0.360)

[0.031, 1.577] [→0.039, 1.290]
First-stage F statistic &).+ "#.!
Mean of outcome →0.305 →0.241
Observations ",!)# ",#+#

Excluding all children on AD at time of test 0.715↑↑ 0.491
(0.379) (0.346)

[0.015, 1.489] [→0.148, 1.197]
First-stage F statistic &$.& "#.&
Mean of outcome →0.308 →0.248
Observations ",#$+ &,$),

Including school ’xed e#ects 0.549↑ 1.163↑↑↑
(0.360) (0.395)

[→0.038, 1.197] [0.588, 1.874]
First-stage F statistic "&., &$.&
Mean of outcome →0.245 →0.168
Observations &,)!$ &,)##

Notes: Analysis sample as described in the notes to Table !. Each cell presents the results from a separate regression of the
outcome listed in the column for the speci*cation listed in the row. All speci*cations include the full set of controls listed in
the notes to Table ’. We consider a child as using AD at the time of the test if the number of daily de*ned doses from the last
prescription *lled before the test is larger than the number of days between the date of the last prescription *lled and the date
of the test. School *xed e%ects are based on the school in which the student was enrolled at the time of the test. The mean of
the outcome is calculated among children not using AD. In addition to the coe.cient estimate, each panel reports in square
brackets Anderson-Rubin $"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun, ’#!)),
as well as the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of Montiel Olea and P-ueger (’#!().
Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance based on Anderson-Rubin
con*dence intervals at the !%, "%, and !#% levels, respectively.
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Appendix Table C,: E%ect of AD use on ’nd–)th grade test scores

Analysis sample Full MH sample
(!) (’)

Standardized test score, math 0.385 0.472
(1.267) (0.969)

[→3.491, +↓] [→1.196, 2.510]
First-stage F statistic 8.0 14.6
Mean of outcome →0.250 →0.319
Observations 1,416 11,619
Children 690 5,717

Standardized test score, Danish →0.030 0.318
(0.299) (0.206)

[→0.609, 0.549] [→0.079, 0.716]
First-stage F statistic 50.9 174.2
Mean of outcome →0.186 →0.227
Observations 5,789 52,787
Children 1,745 16,223

Notes: The analysis sample is described in the notes to Table !, while the full MH sample is the sample of all children whose
*rst mental health-related visit between the ages of )–!" was either at a hospital psychiatric department or with a privately-
practicing psychiatrist (see the notes to Table &). In both cases, the sample is restricted to children who took the test at least
once before diagnosis (*rst mental health-related visit) and at least once after diagnosis. Each cell presents the results from a
separate regression of the outcome listed in the row in the sample listed in the column. All speci*cation include: indicators for
the calendar year when the test is taken, for the grade in which the child is, for whether the student skipped a test, and for the
scale on which the test was graded (pre- or post-’#!&); and child *xed e%ects. The main independent variable is an indicator
for *lling an AD prescription before the date of the test. The instrument is the interaction between the specialist tendency to
prescribeAD as de*ned in Equation (’) and an indicator for the test being taken after the *rstmental health visit. Themean of
the outcome is calculated among children not using AD. In addition to the coe.cient estimate, each panel reports in square
brackets Anderson-Rubin $"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun, ’#!)),
as well as the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of Montiel Olea and P-ueger (’#!().
Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance based on Anderson-Rubin
con*dence intervals at the !%, "%, and !#% levels, respectively.
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Appendix D

Treatment Heterogeneity by Observable Characteristics



(a) Girls (b) Boys

(c) Low SES (d) High SES

Appendix Figure D!: Distribution of psychiatrist tendency to prescribe ADs by gender and SES

Notes: Both the propensity to prescribe AD and the probability of *lling a prescription by age !" are net of year-of-
diagnosis and municipality *xed e%ects. Hence, the location of the *tted curves is not meaningful but the slopes
are. The gray bars represent the histogram of the adjusted tendency to prescribe antidepressants. The solid line
plots the local polynomial regression of the probability of receiving antidepressants by age !" on the tendency to
prescribe antidepressants of the treating specialist within the group indicated in the panel, while the dashed lines
indicate the corresponding $"% con*dence interval.
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(a) Girls, math (b) Boys, math

(c) Girls, Danish (d) Boys, Danish

Appendix Figure D’: E%ects of AD use along the distribution of test scores by gender

Notes: In each panel, each point and line segment represent the estimated e%ect and corresponding $"% con*dence
interval from an instrumental variables quantile regression estimated at the quantile indicated on the horizontal
axis for the outcome and subsample indicated in the panel. Each regression includes the full set of controls listed
in Table ’ and is estimated using smoothed estimating equations (Kaplan, ’#’’; Kaplan and Sun, ’#!+). Standard
errors obtained from !## bootstrap replications. Some con*dence intervals are truncated to improve the legibility
of the *gures.
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(a) Low SES, math (b) High SES, math

(c) Low SES, Danish (d) High SES, Danish

Appendix Figure D(: E%ects of AD use along the distribution of test scores by SES

Notes: In each panel, each point and line segment represent the estimated e%ect and corresponding $"% con*dence
interval from an instrumental variables quantile regression estimated at the quantile indicated on the horizontal
axis for the outcome and subsample indicated in the panel. Each regression includes the full set of controls listed
in Table ’ and is estimated using smoothed estimating equations (Kaplan, ’#’’; Kaplan and Sun, ’#!+). Standard
errors obtained from !## bootstrap replications. Some con*dence intervals are truncated to improve the legibility
of the *gures.
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Appendix Table D’: E%ects of AD use in the analysis sample and in the full MH sample, by SES

Low SES High SES
Analysis Full MH Analysis Full MH
sample sample sample sample
(!) (’) (() (&)

Standardized test score, math 0.720↑↑ 0.787↑↑↑ 0.236 →0.176
(0.428) (0.219) (0.336) (0.296)

[0.020, 1.669] [0.419, 1.241] [→0.371, 0.843] [→0.788, 0.377]
First-stage F statistic (+.( $).’ ""., "(.,
Mean of outcome →0.518 →0.585 0.050 →0.021
Observations (,($! ’+,#’+ ’,!#& !’,$&)

Standardized test score, Danish 0.333 →0.061 0.408 →0.066
(0.393) (0.189) (0.344) (0.309)

[→0.386, 1.128] [→0.414, 0.293] [→0.277, 1.028] [→0.704, 0.511]
First-stage F statistic (".( $!.& "&., "$.&
Mean of outcome →0.431 →0.454 0.074 0.009
Observations (,(#+ ’,,#&+ ’,#+, !’,,’)

Notes: The analysis sample is described in the notes to Table !, while the full MH sample is the sample of all children whose
*rst mental health-related visit between the ages of )–!" was either at a hospital psychiatric department or with a privately-
practicing psychiatrist (see the notes to Table &). Each cell presents the results from a separate regression of the outcome listed
in the row in the sample listed in the column. All speci*cations include the full set of controls listed in the notes toTable ’. The
mean of the outcome is calculated among children not using AD. In addition to the coe.cient estimate, each panel reports
in square brackets Anderson-Rubin $"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun,
’#!)), as well as the robust *rst-stage F-statistic, which is equivalent to the e%ective F-statistic of Montiel Olea and P-ueger
(’#!(). Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance based on Anderson-
Rubin con*dence intervals at the !%, "%, and !#% levels, respectively.
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Appendix Table D(: E%ect of SSRI use on test scores, taking into account other treatments and psychiatrist
characteristics, by SES

Baseline Taking into account other treatments
and psychiatrist characteristics

Low SES High SES Low SES High SES
(!) (’) (() (&)

A. "SLS, Standardized test score, math
Treatment received:
—AD 0.720↑↑ 0.236 1.319 0.050

(0.428) (0.336) (0.908) (0.371)
[0.020, 1.669] [→0.371, 0.843] [→↓,→2.145] ↗ [1.319, +↓] [→0.646, 1.443]

—Non-SSRI N-class medication →0.624 0.005
(0.377) (0.322)

[→↓,→0.624] ↗ [0.813, +↓] [→1.206, 0.610]
—Therapy 1.065 0.893

(1.524) (1.031)
[→↓,→7.649] ↗ [1.065, +↓] [→1.043, 8.637]

Lewis-Mertens statistic &.( ".’
Lewis-Mertens $"% critical value ’#." ’#.!
Mean of outcome →0.518 0.050 →0.518 0.050
Observations (,($! ’,!#& (,($! ’,!#&

B. "SLS, Standardized test score, Danish
Treatment received:
—AD 0.333 0.408 1.919 0.081

(0.393) (0.344) (1.606) (0.537)
[→0.386, 1.128] [→0.277, 1.028] [→↓, +↓] [→0.927, 2.095]

—Non-SSRI N-class medication →0.981 →0.013↑
(0.622) (0.431)

[→↓, +↓] [→↓,→0.013]
—Therapy 3.025 1.963↑↑

(2.988) (1.419)
[→↓,→8.360] ↗ [3.025, +↓] [1.963, +↓]

Lewis-Mertens statistic (.+ &.$
Lewis-Mertens $"% critical value ’#.+ !$."
Mean of outcome →0.431 0.074 →0.431 0.074
Observations (,(#+ ’,#+, (,(#+ ’,#+,
Psychiatrist characteristics No No Yes Yes
Notes: Analysis sample as described in the notes to Table !. Each column presents the results from a separate regression of the
outcome indicated in the panel using the speci*cation and in the subsample indicated in the column. All speci*cations include
the full set of controls listed inTable’. In addition,Columns ( and& include the full set of psychiatrist characteristics, aswell as
two indicator variables, one for the use of non-SSRIN-drugmedication and one for the use of therapy, instrumented for with
the corresponding psychiatrist tendencies. Each panel reports in square brackets Anderson-Rubin $"% con*dence intervals
that are robust toweak instruments (Andrews et al., ’#!$; Sun, ’#!)), as well as the Lewis andMertens (Forthcoming) statistic
for instrument strength and the corresponding $"% critical value. The mean of the outcome is calculated among children
not using AD. Standard errors are clustered at the clinic-year of diagnosis level. ↑↑↑, ↑↑ and ↑ indicate signi*cance based on
Anderson-Rubin con*dence intervals at the !%, "%, and !#% levels, respectively.
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Appendix E

Marginal Treatment E#ects



E.! General setup
Suppose the potential outcomes of child 𝑁 when treated and when not treated, and the observed outcome, respec-
tively, are given by:

𝐿
1
𝑁
= 𝑐

1(𝑒𝑁) + 𝑗
1
𝑁
,

𝐿
0
𝑁
= 𝑐

0(𝑒𝑁) + 𝑗
0
𝑁
,

𝐿𝑁 = 𝐿
1
𝑁
· 𝑃𝑄𝑁 +𝐿 0

𝑁
· (1 → 𝑃𝑄𝑁) = 𝑐

0(𝑒𝑁) + 𝑃𝑄𝑁

[
𝑐
1(𝑒𝑁) → 𝑐

0(𝑒𝑁) + 𝑗
1
𝑁
→ 𝑗

0
𝑁

]
+ 𝑗

0
𝑁

= 𝑐
0(𝑒𝑁) + 𝑃𝑄𝑁 · ω𝑁 + 𝑗

0
𝑁
,

where 𝑒𝑁 is a set of observable characteristics of the child and of the parents, and ω𝑁 is the treatment e%ect of AD
on child 𝑁.

Suppose also that the decision to take AD treatment (the *rst stage) depends on the entire set of instruments
𝑘𝑁 , which includes the observable characteristics 𝑒 and the propensity to prescribe AD of the specialist 𝑇𝑇 , and
on an unobserved “resistance to treatment”𝑖 :

𝑃𝑄𝑁 = 1
[
𝑐(𝑘𝑁) →𝑖𝑁 ↔ 0

]
.

The condition in the equation above can be rewritten as 𝑓𝑌 [𝑐(𝑒𝑁 , 𝑇𝑇𝑁)] ↔ 𝑓𝑌 (𝑖𝑁), where 𝑓𝑌 (·) is the cumulative
distribution function of𝑖 . The left-hand side of this inequality is the probability of receiving AD as a function of
the observable characteristics 𝑒 and the instrument 𝑇𝑇 , which is just the propensity score 𝑇 (𝑘𝑁) derived from the
*rst-stage regression:

𝑇 (𝑙𝑁) = 𝑇𝑚 (𝑃𝑄𝑁 = 1|𝑘𝑁 = 𝑙𝑁) = 𝑐(𝑒𝑁 , 𝑇𝑇𝑁) + 𝑆𝑁 .

The right-hand side of the inequality represents the quantiles of the distribution of𝑖 ,𝑛𝑄𝑁 = 𝑓𝑌 (𝑖𝑁). Therefore,
child 𝑁will be treatedwithAD if the propensity score exceeds their place (quantile) in the distributionof unobserved
resistance to treatment.

The marginal treatment e%ect (𝑜𝑝𝑞) is given by the treatment e%ect at a particular point in the distribution
of unobserved resistance to treatment:

𝑜𝑝𝑞 (𝑟, 𝑗𝑄) = 𝑞 [𝐿 1
𝑁
→𝐿

0
𝑁
|𝑒𝑁 = 𝑟,𝑛𝑄𝑁 = 𝑗𝑄] = 𝑞 [ω𝑁 |𝑒𝑁 = 𝑟,𝑖𝑁 = 𝑌] .

The marginal treatment e%ect can then be used to derive other parameters of interest, such as the average treat-
ment e%ect 𝑃𝑝 𝑞 , the average treatment e%ect on the treated 𝑃𝑝𝑝 and on the untreated 𝑃𝑝𝑛𝑝 , as well as the IV

&#



estimator from a ’SLS approach:

𝑃𝑝 𝑞 = 𝑞 (𝐿 1 →𝐿
0 |𝑒 = 𝑟) =

∫ 1

0
𝑜𝑝𝑞 (𝑟, 𝑗𝑄)𝑠𝑗𝑄 ,

𝑃𝑝𝑝 = 𝑞 (𝐿 1 →𝐿
0 |𝑒 = 𝑟, 𝑃𝑄 = 1) =

∫ 1

0
𝑜𝑝𝑞 (𝑟, 𝑗𝑄)𝑡𝑃𝑝𝑝 (𝑟, 𝑗𝑄)𝑠𝑗𝑄 ,

𝑃𝑝𝑛𝑝 = 𝑞 (𝐿 1 →𝐿
0 |𝑒 = 𝑟, 𝑃𝑄 = 0) =

∫ 1

0
𝑜𝑝𝑞 (𝑟, 𝑗𝑄)𝑡𝑃𝑝𝑛𝑝

(𝑟, 𝑗𝑄)𝑠𝑗𝑄 ,

𝑢𝑃𝑝 𝑞 =
∫ 1

0
𝑜𝑝𝑞 (𝑟, 𝑗𝑄)𝑡𝑢𝑃𝑝 𝑞

(𝑟, 𝑗𝑄)𝑠𝑗𝑄 ,

(E.!)

where the 𝑡’s are parameter-speci*c weights (see, e.g., Heckman et al., ’##,, for details and formulas). It can be
shown that for two given values of the instrument 𝑙 and 𝑙↘ such that 𝑃𝑄(𝑙) = 1 and 𝑃𝑄(𝑙↘) = 0, the local average
treatment e%ect is:

𝑢𝑃𝑝 𝑞 (𝑙, 𝑙↘) = 𝑞 [𝐿 1
𝑁
→𝐿

0
𝑁
|𝑒𝑁 = 𝑟, 𝑃𝑄𝑁 (𝑙) = 1, 𝑃𝑄𝑁 (𝑙↘) = 0]

= 𝑞 [𝐿 1
𝑁
→𝐿

0
𝑁
|𝑒𝑁 = 𝑟, 𝑗

↘
𝑄
< 𝑛𝑁𝑄 < 𝑗𝑄] .

This implies that, as 𝑗↘
𝑄
≃ 𝑗𝑄 , the 𝑢𝑃𝑝 𝑞 converges to the 𝑜𝑝𝑞 .

E." Estimation
We assume linearity in both the potential outcomes equations (𝑐1

𝑁
(𝑒𝑁) = 𝑒𝑁 𝑂

1 and 𝑐
0
𝑁
(𝑒𝑁) = 𝑒𝑁 𝑂

0) and in the
*rst stage (𝑐(𝑒𝑁 , 𝑇𝑇𝑁) = 𝑒𝑁𝑅𝑒 + 𝑇𝑇𝑁𝑅). We also assume additive separability between observed and unobserved
heterogeneity:

𝑞 [𝐿 1
𝑁
|𝑒𝑁 = 𝑟,𝑛𝑄𝑁 = 𝑗] = 𝑟 𝑂

1 + 𝑞 [𝑗1
𝑁
|𝑒𝑁 = 𝑟,𝑛𝑄𝑁 = 𝑗],

𝑞 [𝐿 0
𝑁
|𝑒𝑁 = 𝑟,𝑛𝑄𝑁 = 𝑗] = 𝑟 𝑂

0 + 𝑞 [𝑗0
𝑁
|𝑒𝑁 = 𝑟,𝑛𝑄𝑁 = 𝑗] .

(E.’)

Then the model outlined in the previous section is a Heckman selection model, which can be estimated via joint
maximum likelihood by assuming that the error terms follow a normal distribution. In this normal parametric case,
the MTE is given by:

𝑜𝑝𝑞 (𝑟, 𝑗𝑄) = 𝑞 [𝐿 1
𝑁
→𝐿

0
𝑁
|𝑒𝑁 = 𝑟,𝑛𝑄𝑁 = 𝑗𝑄] = 𝑟 (𝑂1 → 𝑂

0) + ( 𝑣1 → 𝑣
0)ε→1(𝑗𝑄),

where 𝑣1 and 𝑣
0 are the correlation coe.cients between 𝑛 1

𝑁
and𝑖𝑁 , and 𝑛 0

𝑁
and𝑖𝑁 , respectively. This approach

restricts the shape of the MTE curve to be monotonic, given byε→1(·). The sign of the di%erence ( 𝑣0 → 𝑣
1) (the

reverse of the term above) gives the direction of the selection on unobserved gains.
The normality assumption is very restrictive, so the usual estimation approach (and the one we follow in this

paper) is themethod of local instrumental variables (local IV), inwhich incremental changes in the propensity score
serve as local instruments that identify the MTE at each value of𝑖 . In other words, at each value of𝑖 there are
some persons on themargin for taking AD treatment and theMTE is the di%erence in the potential outcomes with
and without the treatment for these people. Heckman and Vytlacil (’##") show that in this case, the MTE can be
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estimated as the change in observed outcomes induced by a marginal change in the propensity score:

𝑜𝑝𝑞 (𝑟, 𝑍) =
𝑤𝑞 [𝐿 |𝑇 (𝑘) = 𝑍]

𝑤 𝑍

.

When the instrument has enough variation so that the propensity score has full common support within cells
de*ned by 𝑒𝑁 , then the MTE curve can be estimated nonparametrically within each cell. In general, however, the
propensity score will not have full common support. In this case, we need to impose the parametric assumptions in
Equation (E.’) and the full independence assumption (𝑒𝑁 , 𝑘𝑁) ⇐⇐ (𝑛 0

𝑁
,𝑛

1
𝑁
,𝑖𝑁), which implies that the observable

characteristics 𝑒 can a%ect the intercept of the MTE curve but not its shape (which is given by the way in which
𝑛

1
𝑁
and𝑛 0

𝑁
depend on𝑖𝑁).

Under these assumptions, the MTE can be rewritten as:

𝑜𝑝𝑞 (𝑟, 𝑗) = 𝑟 (𝑂1 → 𝑂0) + 𝑞

[
𝑗
1
𝑁
→ 𝑗

0
𝑁

''
𝑒𝑁 = 𝑟,𝑛𝑄𝑁 = 𝑗

]
.

Given that the potential outcomes are assumed to be linear in 𝑒𝑁 and that the MTE has constant shape across 𝑒𝑁 ,
the outcome equation becomes:

𝑞 [𝐿𝑁 |𝑒𝑁 = 𝑟, 𝑇 (𝑘𝑁) = 𝑍] = 𝑒𝑁 𝑂
0 + 𝑒𝑁 (𝑂1 → 𝑂

0) 𝑍 + 𝑥 ( 𝑍),

where 𝑥 (·) is a nonlinear function in the propensity score. The coe.cients on the interaction term 𝑒𝑁 𝑍 show how
the observable characteristics a%ect the treatment e%ect and the intercept of the MTE curve. The last term, 𝑥 ( 𝑍),
gives the shape of the MTE curve and, importantly, is estimated across all values of 𝑒𝑁 instead of within cells of 𝑒𝑁

as in the nonparametric approach. Therefore, this requires unconditional full common support, a much weaker
assumption than full common support within the cells de*ned by 𝑒𝑁 .

Finally, taking the derivative of the outcome equation with respect to the propensity score yields the MTE:

𝑜𝑝𝑞 (𝑟,𝑛𝑄𝑁 = 𝑍) = 𝑟 (𝑂1 → 𝑂0) +
𝑤𝑥 ( 𝑍)
𝑤 𝑍

.

The formof the estimator above depends on the functional formchosen for𝑥 (·). Two common approaches are the
semiparametric form proposed byHeckman et al. (’##,), or a parametric approach in which 𝑥 ( 𝑍) is a polynomial
in 𝑍.

Our preferred speci*cation is a parametric one with a third-degree polynomial in 𝑍. This implies that theMTE
is a second-degree polynomial in 𝑍:

𝑜𝑝𝑞 (𝑟,𝑛𝑄𝑁 = 𝑍) = 𝑟 (𝑂1 → 𝑂0) +
(
𝑦1 + 𝑦2 𝑍 + 𝑦3 𝑍

2
)
. (E.()

We conduct the estimation using the mtefe Stata package provided by Andresen (’#!)). We should note at this
point that the estimation procedure discretizes the distribution of𝑖 (i.e., it uses a grid of values for𝑛𝑄𝑁), meaning
that the weights 𝑡 in Equation (E.!) represent the fraction of children with that level of unobserved resistance to
treatment among all the children contributing to the calculation of the speci*c treatment e%ect.

We should also note that the more continuous the distribution of the instrument, the easier it is to estimate
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the MTE. In many applications of the judge *xed e%ect framework, continuity boils down to a few discrete values
because typically the instrument is constructed at the judge level and there are only two possible values of the instru-
ment per judge. The distribution of our instrument is shown in Figure !. The &!! unique values range from # to
#.((+", with amedian di%erence between two consecutive values of #.###), or less than !%of the range. Therefore,
the distribution of our instrument appears to be reasonably continuous.

E.$ Robustness of MTE curves
We conduct three types of speci*cation checks. First, we compare the estimated curves from the parametric nor-
mal, semiparametric, and parametric approaches with di%erent polynomials in 𝑍. If our baseline model is correctly
speci*ed, then we should not *nd large di%erences between the MTE curves estimated under the three di%erent
estimation strategies.

Second, amisspeci*ed *rst stage can lead to bias in theMTE curve. FollowingCornelissen et al. (’#!)), we com-
pare the propensity score estimated using our baseline approach to a propensity score estimated semiparametrically
as follows. We *rst classify the instrument into equal-size bins of width #.#". Next, we predict the probability of re-
ceiving AD from a linear regression on all the control variables included in our baseline speci*cation andwe classify
this predicted probability into equally-sized bins of size #.#". We obtain the semiparametric propensity score by re-
gressing the AD indicator on the full set of interactions between the two sets of bins constructed above. Finally, we
plot the two propensity scores against the instrument and we calculate the correlation coe.cient between them. A
high correlation would suggest that our baseline *rst stage is a su.ciently -exible approximation of the propensity
score.

Third, Devereux (’#’’) notes that the estimated MTE curves are sensitive to the set of controls included. Of
particular concern are correlations between the propensity score and higher-order terms in the controls included in
theMTE speci*cation Equation (E.(). In the spirit of the recommendations inDevereux (’#’’), we construct two
indices of the controls: a linear index obtained as the predicted values from anOLS regression of the probability of
AD use on all the controls, and a non-linear index obtained in a similar fashion from a probit regression. We then
augment the MTE speci*cation to include second-order terms in each of the two indices. If the baseline MTE is
biased because the estimated propensity score is correlatedwith these terms, thenwe should see a di%erence between
the baseline MTE curves and the MTE curves obtained through this strategy.

E.% Interacted MTEs
In principle, there are no theoretical restrictions on the function 𝑥 (·). This is particularly useful for our case be-
cause we are interested in letting the shape of the MTE curve vary across groups de*ned by gender or SES. In
particular, we modify the parametric approach by including group-speci*c polynomials in the propensity score:

𝑥 ( 𝑍) =
𝑜∑
𝑧=0

+,
-
𝑦𝑧 +

𝛤∑
𝑈=2

𝛥

𝑈

𝑁
𝛩

𝑈

𝑧

./

𝑍
𝑧

,

where 𝛤 is the number of groups, 𝛥𝑈

𝑁
an indicator for person 𝑁 belonging to group 𝑈 , and 𝑜 is the degree of the

polynomial in 𝑍. In our case, both the classi*cation by gender and that by SES consist of only two groups so the
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functional form above simpli*es to:

𝑥 ( 𝑍) =
𝑜∑
𝑧=0

(𝑦𝑧 + 𝛥𝑁𝛩𝑧) 𝑍𝑧,

where 𝛥𝑁 is an indicator for child 𝑁 being a boy or high-SES. As a result, the shape of the MTE is allowed to di%er
between the two groups:

𝑜𝑝𝑞 (𝑟,𝑛𝑄𝑁 = 𝑍) = 𝑟 (𝑂1 → 𝑂0) +
𝑜∑
𝑧=1

(𝑦𝑧 + 𝛥𝑁𝛩𝑧) 𝑍𝑧→1

= 𝑟 (𝑂1 → 𝑂0) +
(
𝑦1 + 𝑦2 𝑍 + 𝑦3 𝑍

2
)
+ 𝛥𝑁

(
𝛩1 + 𝛩2 𝑍 + 𝛩3 𝑍

2
)

We estimate theMTE above using a modi*ed version of the mtefe Stata package provided by Andresen (’#!)).
This modi*ed package, available from the authors, allows the shape of the MTE curve to di%er across two or more
di%erent groups. As before, we can calculate the usual treatment e%ects by averaging the MTE with appropriate
weights. Both in the estimation of theMTE and of the treatment e%ects, we use the average values of the covariates
over the entire sample so that the di%erence between the two sets of estimates (MTE and treatment e%ects) is driven
entirely by di%erences in the shape of the polynomial in 𝑍.

E.& Policy relevant treatment e#ects
The MTE framework allows us to conduct policy experiments and estimate the e%ects of speci*c policies that
change the status quo (Heckman andVytlacil, ’##", ’##!). Consider a policy that changes the probability of receiv-
ing the treatment (the propensity score) for some children, but not the potential outcomes from treatment (𝐿 0

𝑁
and

𝐿
1
𝑁
) or the unobserved selection into treatment (𝑖𝑁). This policy does not change the bene*ts from treatment (the

MTEs), but rather who gets the treatment. The e%ect of the policy, or the policy-relevant treatment e%ect 𝑇𝑋𝑝 𝑞 ,
can be de*ned as the average change in outcomes between the new policy and the status quo divided by the change
in the share of treated children:

𝑇𝑋𝑝 𝑞 =
𝑞 [𝐿𝑁 |new policy] → 𝑞 [𝐿𝑁 |status quo]

𝑞 [𝑃𝑄𝑁 |new policy] → 𝑞 [𝑃𝑄𝑁 |status quo]
.

The 𝑇𝑋𝑝 𝑞 is the average change in outcomes per net person shifted into treatment. This is more di.cult to
interpret when the policy shifts some people into and some out of treatment. However, the policies studied in this
paper change the treatment status of all a%ected children in the same direction. In this case, the 𝑇𝑋𝑝 𝑞 becomes
the average treatment e%ect (on the treated) per child a%ected by the policy.

In practice, we *rst de*ne a new policy that changes the treatment status of some children. Next, we estimate
theMTEs for the a%ected children (those whose treatment status would change if this policy were implemented) at
each level of unobserved resistance to treatment,which yield the policy-relevantmarginal treatment e#ect (PRMTE)
curve. As in Equation (E.!), the calculation of the 𝑇𝑋𝑝 𝑞 involves integrating weighted PRMTEs, and the corre-
sponding discretized weights represent the share of children at each level of unobserved resistance to treatment
among all the children a%ected by the policy. Using these weights we can calculate the 𝑇𝑋𝑝 𝑞 and the total fraction
of children a%ected by the policy.

&&



There are several ways in which we assess the policies we consider. First, at each level of unobserved resistance to
treatment, we can compare the returns to treatment for children a%ected by the policy relative to children treated
under the status quo by comparing the PRMTE curve to theMTE curve. If the PRMTE curve lies above theMTE
curve, then the children a%ected by the policy have higher returns from treatment than the children already treated,
and vice-versa. Second, the PRMTEweights indicate what fraction of the a%ected children are at each point in the
distribution of returns to treatment. We can then use these weights to calculate the fraction of children negatively
a%ected by the policy. For example, if the policy involves shifting children into treatment, then the sum of the
PRMTE weights corresponding to the range of negative returns to AD treatment yields the fraction of children
a%ected by the policy who are harmed by it. Finally, we compare the PRMTE to the ATT under the status quo
to assess how the average treatment e%ect for the children a%ected by the policy compares to the average treatment
e%ect for the children treated under the status quo.
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(a) Math

(b) Danish

Appendix Figure E!: Common support for the propensity score used to estimate the marginal treatment e%ects

Notes: Each panel plots the distribution of the propensity score used to estimate the marginal treatment e%ects,
separately for treated (*lled bars) and untreated (hollow bars) children. The dashed vertical lines represent the
upper and lower bounds of common support after !% trimming of both tails. The propensity score is predicted
from a probit regression of the indicator for AD use by age !" on the instrument and the full set of controls listed
in Table ’.
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I. Math

(a) Full analysis sample (b) Psychiatrists with more than ’# patients

II. Danish

(c) Full analysis sample (d) Psychiatrists with more than ’# patients

Appendix Figure E’: MTE in the full analysis sample and in the sample of children treated by psychiatrists with at
least ’# newly diagnosed patients

Notes: The solid line in each panel plots the marginal treatment e%ects (MTE) curve for the standardized test score
indicated in the heading estimated in the sample in the panel, and the shaded areas represent the $"% con*dence
interval obtained from !## replications of a Bayesian bootstrap clustered at the clinic-year level. The horizontal
dashed line shows the average treatment e%ect calculated by averaging theMTEs over the relevant range. TheMTE
is estimated via local instrumental variables from a speci*cation including all the control variables described in the
notes to Table ’. The MTE curve is assumed to be a polynomial of second degree in unobserved resistance to
treatment and is estimated over the range of common support trimmed by !% at both tails. The sample in Figures
(b) and (d) includes only the children in the analysis sample whose *rst psychiatrist was also the *rst psychiatrist for
at least !$ other children in the analysis sample in that same year. The con*dence interval in Figures (b) and (d) is
trimmed for legibility.
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I. Math

(a) Baseline (b) Including covariate indices

II. Danish

(c) Baseline (d) Including covariate indices

Appendix Figure E(: Comparison of MTE estimated using the baseline speci*cation and the speci*cation
including the covariate indices

Notes: The solid line in each panel plots the marginal treatment e%ects (MTE) curve for the standardized test score
indicated in the heading estimated using the speci*cation in the panel, and the shaded areas represent the $"%
con*dence interval obtained from !## replications of a Bayesian bootstrap clustered at the clinic-year level. The
horizontal dashed line shows the average treatment e%ect calculated by averaging theMTEs over the relevant range.
The MTE is estimated via local instrumental variables from a speci*cation including all the control variables de-
scribed in the notes to Table ’. In addition, the speci*cations in Figures (b) and (d) include the squared values of a
linear index in the full set of control variables (the predicted values from anOLS regression of the indicator for AD
use on all the control variables) and of a non-linear index (the predicted values from a similar probit regression). The
MTE curve is assumed to be a polynomial of second degree in unobserved resistance to treatment and is estimated
over the range of common support trimmed by !% at both tails.
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(a) Math

(b) Danish

Appendix Figure E&: Marginal treatment e%ects and the weights used to calculate the LATE

Notes: The solid line in each panel plots the marginal treatment e%ects (MTE) curve for the standardized test score
indicated in the panel and the shaded areas represent the $"% con*dence interval obtained from !## replications
of a Bayesian bootstrap clustered at the clinic-year level. The dots indicate the weights used to calculate the local
average treatment e%ect (LATE) assigned to observations at each point in the distribution of unobserved resistance
to treatment. The horizontal dashed line shows the average treatment e%ect calculated by averaging theMTEs over
the relevant range. The MTE is estimated via local instrumental variables from a speci*cation including all the
control variables described in the notes to Table ’. TheMTE curve is assumed to be a polynomial of second degree
in unobserved resistance to treatment and is estimated over the range of common support trimmed by !% at both
tails.
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(b) Danish

Appendix Figure E": Marginal treatment e%ects and average treatment e%ects by gender

Notes: The lines in each panel plot the marginal treatment e%ects (MTE) curve for girls (solid) and boys (dashed)
for the standardized test score indicated in the panel and the shaded areas represent the $"% con*dence intervals
obtained from !## replications of a Bayesian bootstrap clustered at the clinic-year level. All these measures are
estimated via local instrumental variables from a speci*cation including all the control variables described in the
notes to Table ’. The MTE curves are estimated via local instrumental variables from a speci*cation including all
the control variables described in the notes to Table ’. The MTE curves are assumed to be polynomials of second
degree in unobserved resistance to treatment and are estimated over the range of common support trimmed by !%
at both tails. Each panel also reports the average treatment e%ect (ATE), the average treatment e%ect on the treated
(ATT), and the average treatment e%ect on the untreated (ATUT)within each group, alongwith the corresponding
bootstrap standard errors. "#
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Appendix Figure E,: Marginal treatment e%ects and average treatment e%ects by SES

Notes: The lines in each panel plot the marginal treatment e%ects (MTE) curve for low- (solid) and high-SES
(dashed) for the standardized test score indicated in the panel and the shaded areas represent the $"% con*dence
intervals obtained from !## replications of a Bayesian bootstrap clustered at the clinic-year level. All thesemeasures
are estimated via local instrumental variables from a speci*cation including all the control variables described in the
notes to Table ’. The MTE curves are estimated via local instrumental variables from a speci*cation including the
full set of controls listed in the notes to Table ’. The MTE curves are assumed to be polynomials of second degree
in unobserved resistance to treatment and are estimated over the range of common support trimmed by !% at both
tails. Each panel also reports the average treatment e%ect (ATE), the average treatment e%ect on the treated (ATT),
and the average treatment e%ect on the untreated (ATUT) within each group, along with the corresponding boot-
strap standard errors. "!
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(b) Danish

Appendix Figure E+: Marginal treatment e%ect curves estimated under di%erent hypotheses

Notes: Each panel plots theMTE curves for the standardized test score indicated in the panel, estimated under four
di%erent functional form assumptions: the baseline second-degree polynomial (solid line), a third-degree polyno-
mial (long-dashed line), a semiparametric speci*cation with a second-degree polynomial (short-dashed line), and a
parametric normal distribution (dotted line). See Appendix E for details. All the MTE curves are estimated from
speci*cations including the full set of controls listed in the notes to Table ’ over the range of common support
trimmed by !% at both tails.
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Appendix Figure E): Robustness of the estimated propensity score to the *rst-stage speci*cation

Notes: Each panel plots two estimated propensity scores for using AD in the sample of children taking the test for
the speci*ed subject. The solid line represents the propensity score estimated from our baseline speci*cation. The
dashed line is obtained from a nonparametric speci*cation as described in Appendix E.(. Both curves are estimated
froma speci*cation including the full set of controls listed in the notes toTable’over the range of common support
trimmed by !% at both tails. Both panels also report the correlation coe.cient between the two propensity scores.
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I. Impose a ,oor of the prescribing rate of psychiatrists at the "&th percentile of the prescribing
distribution

(a) Math (b) Danish

II. Cap the prescribing rate of psychiatrists to the )&th percentile of the prescribing distribution

(c) Math (d) Danish

Appendix Figure E$: Policy experiments

Notes: The two lines in each panel plot the marginal treatment e%ects (MTE) curves under the status quo (solid
line) and for the children whose treatment status is changed by the new policy (dashed line), for the standardized
test score indicated in the panel. TheMTE curves are estimated as detailed in the notes to Figure (. The dots show
the fraction of the children a%ected by the policy at each level of unobserved resistance to treatment. Each panel
reports the average treatment e%ect on the treated (ATT) under the status quo, the average treatment e%ect among
the children pushed into or out of treatment with AD by the policy (PRTE), and the fraction of children a%ected
by the policy (ωTreated).
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Appendix Table E!: ’SLS Estimates of the E%ect of ADUse on Test Scores and the Frandsen et al. (’#’() Joint
Test of Exclusion andMonotonicity

Full analysis sample Children treated by psychiatrists
with at least ’# newly diagnosed patients

(!) (’)
Standardized test score, math 0.520↑↑ 0.592↑↑

(0.266) (0.315)
[0.028, 1.063] [0.014, 1.231]

Mean of outcome →0.305 →0.304
Observations ",&$" &,(&,
Frandsen et al. ("*"$) test p-value 0.166 0.298
Standardized test score, Danish 0.397↑ 0.275

(0.253) (0.294)
[→0.070, 0.913] [→0.266, 0.873]

Mean of outcome →0.241 →0.264
Observations ",()( &,’&)
Frandsen et al. ("*"$) test p-value 0.126 0.066

Notes:Column ! repeats our baseline estimates from the analysis sample as described in the notes toTable !. Column ’ restricts
the analysis sample to children whose *rst psychiatrist was also the *rst psychiatrist for at least !$ other children in the analysis
sample in that same year. Each cell presents the results from a separate regression of the outcome listed in the row estimated in
the sample indicated in the column. All speci*cations include the full set of controls listed in Table ’. The mean of the out-
come is calculated among children not using SSRI. In addition to the coe.cient estimate, each cell reports in square brackets
Anderson-Rubin $"% con*dence intervals that are robust to weak instruments (Andrews et al., ’#!$; Sun, ’#!)), as well as
the 𝑍-value for the joint test of strict monotonicity and exclusion proposed by Frandsen et al. (’#’(). The test is conducted
conservatively by assigning a weight of ! to the *t 𝑍-value and a weight of # to the slope. A 𝑍-value below #.! indicates a viola-
tion of the exclusion and/or strict monotonicity assumption. Standard errors are clustered at the clinic-year of diagnosis level.
↑↑↑, ↑↑ and ↑ indicate signi*cance based on Anderson-Rubin con*dence intervals at the !%, "%, and !#% levels, respectively.
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