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Human capital is “a particular form of 
wealth” that is embodied in people.

• Historically, economic research on human
capital focused on education.
• Child health was thought to affect well being

primarily by affecting educational attainment
• Increasingly, child health has been

recognized as an important form of “capital”
and mental health is receiving increasing
attention.



Mental Health Problems may Remain Latent 
until Adolescence or Young Adulthood

- Many mental health problems have roots in early 
childhood or the prenatal period, but manifest in early 
adulthood.

- Mental health problems are extremely common. ~22% 
of U.S. adolescents have ever suffered serious 
impairment as a result of a mental health condition, 
which parallels rates among adults (US DHHS, 2017).

- Mental health is one of the most important 
determinants of adult outcomes, especially by 
affecting work.

- This lecture will touch on prevention, diagnosis and 
treatment of mental health problems.







Currie et al. (2010) document long-term effects 
of childhood mental health problems.  

- Use linked administrative data on 50,000 
Canadian children to examine effects of child 
health conditions on young adult outcomes. 

- Compare the impact of common physical 
conditions (asthma, injuries) to those of mental 
health conditions (ADHD, Conduct Disorder).

- Examine impact of diagnosis/treatment at four 
age ranges, and the impact of persistent 
conditions.



Estimated effect of condition on receipt of social 
assistance  after age 18, by age (sibling FE models)
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Prenatal conditions can place children 
at higher risk of poor mental health
- Evidence linking Dutch “Hunger Winter” to 

schizophrenia (Susser 1992, 1996, 1998)
- Petterson et al. (2015) use a large administrative 

sample of Danish twins and find a strong association 
between birth weight and ADHD, even in identical 
(monozygotic) twins.

- Persson and Rossin-Slater (2018) use Swedish data 
and find when mothers experienced a death in the 
family during pregnancy, the child is more likely to 
have ADHD, and later depression, than if the mother 
experienced a loss after the birth.



Interventions in Pregnancy Can Prevent 
Future Mental Health Problems

- Chorniy and Currie (2018a) examine prenatal 
WIC (a nutrition and medical careprogram) 
and the mental health of South Carolina 
children 6-11. 

- Children were born between 2004 and 2009 
and followed up to 2015 in the administrative 
public health insurance data.

- Compared to siblings, children who got WIC 
prenatally were 5-6% less likely to have 
ADHD or other common childhood mental 
health conditions by age 11.



If Improved Access to Care is Making 
Child Mental Health Better, Why Does it 

Seem Like it is Getting Worse?
- Diagnostic standards for many conditions are 

changing.

- Changes in coverage and in incentives facing 
providers have resulted in more screening.

-
- More access    more screening    more cases.



In the U.S. increases in ADHD prescribing occurred 
mainly in the Medicaid population 

(data from MEPS, children <17, Chorniy and Currie, 2018b)
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Changes in Medicaid encouraged screening

- In the U.S., increases in ADHD diagnoses are 
mainly in the Medicaid (public health insurance) 
population.

- A switch from fee-for-service to managed care 
changed the incentives facing providers.

- Managed care plans promote screening because 
their reimbursements are higher for children 
with chronic conditions, and in South Carolina 
their contracts include penalties for failing to do 
screenings.



Chorniy and Currie (2018b) Examine 
Effect of Switching to Managed Care in 

South Carolina Medicaid 

- SC switched the “default” plan to managed care 
between Oct. 2007 and May 2008.

- Use a 60% random sample of all children <17 in 
Medicaid any time between 2004 and 2015.

- Two identification strategies:
- Event study: All children observed in the 2 years 

before and after switch to MC, n=409,230.
- Individual child fixed effects: All children whose 

individual plan type changed, n=209,607.



Event Studies 
show that the 
number of new 
diagnoses of 
ADHD closely 
follow the number 
of screenings.

All regressions included
time and county fixed 
effects.



Estimated % increase in diagnoses in 12 
mo. after Switch to MC, Child FE Models
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We have touched on prevention and 
diagnosis of child mental health conditions 

What can we say about treatment?

- The U.S. may serve as a laboratory for 
understanding the effectiveness of treatment 
given large variations in practice style within 
and across regions (and at the individual 
provider level).

- Increasing availability of administrative data on 
treatment, outcomes.



30-Day Prescriptions of Anti-
Depressant Drugs by County Per 

1000 Persons 10-19 Years Old, 2014

• Source=Cuddy and Currie, 2019 from IQVIA data on retail prescriptions.



Cuddy and Currie, 2021
• Examine mental health treatment and outcomes in a large national sample 

of children who were privately insured for at least one year between 2012 
and 2018.
• Ask how much of the variation in treatment can be explained by 

characteristics of local areas, such as the supply of providers and their 
practice styles.
• Use machine learning (LASSO) to predict the probability of treatment 

using many area-level measures of supply and practice style in order to 
examine the impact of the type of treatment on subsequent medical 
utilization over the next two years.
• Using area-level measures helps to get around the problem that sicker 

children may get more treatment and have worse outcomes, or, conversely, 
that higher SES children may be less sick but more likely to be treated.



Guidelines for prescribing in children 
(1st mental health episode)

• It is useful to consider a 1st spell since the child is not already taking 
medications, and guidelines are clear(er) about what should be done.
• Generally, children should try therapy before being prescribed drugs or 

in addition to drug treatment.
• Clinicians should start with drugs that are FDA approved for use in 

children (a small number of drugs; also age-restricted).
• Clinicians should avoid tricyclic antidepressants which are not 

effective in children and may have serious side effects (AAFP 2012 
guidelines).
• Clinicians should avoid addictive drugs and those dangerous in 

overdose, especially benzodiazapines (Xanax, Klonopin, 
Lorazepam…)



The sample:
• Children observed before age 11, with a 1st mental health episode 

between 10 and 17, and non-missing geography.
• Must be observed for 6 months prior to the episode and 3 months 

afterwards for descriptives.  N=202,066
• For outcomes, we follow people for 24 months afterwards which 

reduces the sample size. N= 97,306 
• The majority (80%) are between the ages of 10-14 when they have a 

first mental health episode.



What is an episode?
• Define episodes using diagnosis codes, procedure codes, and drug 

prescriptions. 70.2% enter the sample because of a diagnosis code. 
79.7% will have a diagnosis by the end of the sample period.
• Other children enter because they are receiving a mental health drug or 

procedure (like therapy). 
• 30% of sample children have a neurodevelopmental conditions like 

ADHD or autism.  We do not treat these as new mental health 
conditions since they start very young.  We do include these children 
in our main sample though we re-estimate models excluding them.
• Using these definitions, 9.2% of sample children have a 1st mental 

health spell which is comparable to the U.S. CDC estimate that 8.4% 
6-17 year-old children have ever diagnosed with anxiety or 
depression).



Diagnosis: Condition: Frequency Percent 
None 53,969 26.71%
F22 Persistent delusional disorders 1,532 0.76%
F31 Bipolar affective disorder 2,309 1.14%
F32 Major depressive disorder, single episode 22,953 11.36%
F33 Major depressive disorder, recurrent 6,903 3.42%
F34 Persistent mood disorders 4,465 2.21%
F39 Unspecified mood disorder 3,796 1.88%
F40 Phobic anxiety disorders 4,063 2.01%
F41 Other anxiety disorders 58,144 28.77%
F42 Obsessive-compulsive disorder 4,493 2.22%
F43 Adjustment disorders 60,245 29.81%
F44 Dissociative and conversion disorders 4,473 2.21%
F45 Somatoform disorders 3,493 1.73%
F50 Eating disorders 3,309 1.64%
F51 Insomnia 2,138 1.06%
F63 Impulse control disorder 2,717 1.34%
F93 Emotional disorders 9,189 4.55%
Other 14,237 7.05%



Share of children with a first spell in ZCTAs 
with at least 20 BCBS children.

Notes: This figure shows the prevalence of mental illness among children (10-17) with BCBS coverage between 2012-2018. Each polygon represents a Census zip code tabulation area 
(ZCTA), where the blue-shaded polygons are ZCTAs with at least twenty children with BCBS coverage.



Fig. 1a: Type of Treatment, 
1st 3 Months
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Fig 1b: Red Flag Drug Treatment, 
1st 3 Months
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Individual Means All
BCBS

Mental 
Illness
Sample

Therapy 
Only

Therapy 
and 

Drugs Drugs

Red-
Flag

Drugs
Female 0.490 0.528 0.523 0.617 0.563 0.576
Age 1st appearance in sample 7.581 8.395 8.324 8.685 8.594 8.619
Any Hospital (annualized) 0.012 0.035 0.024 0.092 0.047 0.070
Any ER (annualized) 0.103 0.156 0.156 0.613 0.186 0.186
Avg. Monthly Costs ($2018) $157 $302 $253 $433 $412 $552
Neurodevelopmental condition 0.133 0.318 0.329 0.390 0.238 0.216
Neuro condition is ADHD 0.100 0.233 0.248 0.277 0.174 0.152
Age,1st mental illness episode NA 12.023 11.862 12.577 12.299 12.354
Hospitalized, 1st mental illness NA 0.012 0.005 0.062 0.020 0.019
ER, 1st mental illness NA 0.033 0.026 0.060 0.029 0.026
1st episode is an evaluation NA 0.421 0.710 0.418 0.107 0.075
Number of observations 2,201,566 202,066 85,358 11,932 57,717 26,030



Much previous research focuses on geographic 
variations in care 

Small Area Variations in Health Care Delivery: A population-based health 
information system can guide planning and regulatory decision-making.  John 
Wennberg and Alan Gittelsohn.
• Science • 14 Dec 1973 

”…when we looked at the data, we found tremendous variation in every aspect 
of healthcare delivery, even among communities served by academic medical 
centers. We found the same thing when we compared healthcare in the Boston 
and New Haven communities served by some of the finest academic medical 
centers in the world. The basic premise—that medicine was driven by science 
and by physicians capable of making clinical decisions based on well-
established fact and theory—was simply incompatible with the data we saw. It 
was immediately apparent that suppliers were more important in driving demand 
than had been previously realized." 





Most popular anti-depressants, by county, by 
active ingredient, 2014

Source: author’s calculations from IQVIA data.



Variation in Treatment by Area (ZCTA), 
by Sample Quantile 

Percentiles of the Area-Level Distribution: 10th 25th 50th 75th 90th

Child treated within 3 months 0.50 0.61 0.71 0.80 0.88

Therapy Only (if any treatment) 0.17 0.29 0.40 0.52 0.62

Drugs&Therapy (if any treatment) 0.00 0.00 0.03 0.10 0.17

Drugs Only (if any treatment) 0.00 0.13 0.21 0.33 0.45

Red flag Drug (if any drug treatment) 0.00 0.17 0.43 0.60 1.00



Do characteristics of areas explain 
variation in treatment?

• Treatment type = f(child characteristics, illness severity, local 
socioeconomic/demographic, health market characteristics, 
year&month FEs)
• Demographics à age, gender, ADHD/autism indicator
• Severity à ER/hospital in past previous 6 months, total health cost in previous 

6 months, 1st visit ER/hosp/evaluation
• Local socioeconomic/demographic à ACS 2017 share black, median household 

income, share in education brackets, poverty rate, home ownership rate, rate 
single parenthood.

• Health market characteristics à supply per million of therapists, GPs, and 
psychiatrists.

• Year and month of diagnosis fixed effects



Fig. 2.  This figure plots regression coefficients normalized to show the percent change in outcomes 
associated with a movement to the 2nd, 3rd, or 4th quartile of the distribution of psychiatrists per 1,000 
BCBS children  relative to the 1st quartile of the distribution.



Fig. 2.  This figure plots regression coefficients normalized to show the percent change in outcomes associated 
with a movement to the 2nd, 3rd, or 4th quartile of the distribution of therapists per 1,000 BCBS children relative to 
the 1st quartile of the distribution.



Percentage of Variance Explained (R-squared)

Any 
Treatment

Therapy 
Only

Therapy 
and 

Drugs

Drugs 
Only 

Red flag 
Drugs

Child-level 
variables only 0.046 0.367 0.036 0.386 0.153
Adding post-code-
level supply-side 
measures

0.047 0.371 0.036 0.391 0.153

Adding post-code-
level fixed effects 0.138 0.463 0.143 0.485 0.262

Supply-side measures (e.g. number of psychiatrists) don’t explain much of the variance across areas.  But area-
level effects are important.  What other area-level characteristics could be important?



Post-code-Level Measures of Supply and 
Practice Style, by Sample Quantile 

B. Provider Supply (Source is BCBS) 10th 50th 90th
Within-
ZCTA 

Variation

Between-
ZCTA 

Variation
Psychiatrists per 1,000 BCBS children 10-17 3.49 7.45 17.90 6% 94%

Therapists per 1,000 BCBS children 10-17 14.74 26.70 51.59 9% 91%

PCPs providing MH treatment per 1,000 BCBS children 10-17 17.80 39.77 89.23 9% 91%

C. Practice Style (Source is BCBS or IQVIA)
BCBS: Share MH providers who are psychiatrists 0.07 0.11 0.18 8% 92%

BCBS: Share MH providers who are PCPs 0.12 0.18 0.24 11% 89%

BCBS: Share PCP's patients who receive a MH drug 0.03 0.07 0.11 35% 65%

BCBS: Share provider prescriptions for red-flag drugs 0.43 0.51 0.58 52% 48%

IQVIA: Share new prescriptions by psychiatrists 0.03 0.07 0.12 35% 65%

IQVIA: Share new prescriptions for red-flag drugs 0.28 0.36 0.44 50% 50%



Estimating the Effects of Treatment 
• Treatments are not randomly assigned.
• If the sickest people are the most likely to get treatment and likely to 

get the most intensive treatment, then it might look like treatment is 
harmful.
• Or if less sick teens (e.g. high socioeconomic status) are more likely to 

be treated then treatment would look beneficial.
• We use measures of practice style and interact them with measures of 

severity (e.g. 1st episode in hospital), broad diagnostic categories, age 
and gender.  This yields many potential predictors of treatment 
(instrumental variables).
• We use machine learning (LASSO) to select a small set of instruments 

that are the most predictive of each treatment.  



Outcomes:
• In claims data, spending is a natural outcome.  We look at 

total spending and mental health spending.
•We also look at whether patients went to the emergency room 

or were hospitalized, and how many days they were 
hospitalized.
•We follow patients at 3 months, 12 months, and 24 months 

(where costs are cumulative).



Effects of Any Treatment on Spending



Effects of Any Treatment on Facility Use



Effect of Drug Treatment Conditional on Any



Effect of Drug Treatment Conditional on Any



Effect of Red-Flag Drug Treatment  
Conditional on Any Drug Treatment



Effect of Red-Flag Drug Treatment 
Conditional on Any Drug Treatment



Implications of Treatment on Costs at 24 months

Notes: This figure traces out the implications of each initial treatment choice on costs at 24 months. The 
share of children in each branch appears in parentheses. Based on post-Lasso estimates.



Implications of Treatment on Facility Use at 24 months

Notes: This figure traces out the implications of each initial treatment choice on facility use at 24 
months. The share of children in each branch appears in parentheses. Based on post-Lasso estimates.



Conclusions
• There is a great deal of variability in treatment which is not well 

explained by area variations in the supply of mental health specialists.
• Variations in practice style across areas are also important.
• There is a lot of questionable prescribing, especially in this context of 1st

mental health episodes among young teens.
• Having any treatment in the 1st 3 months after an initial episode increases 

costs and facility use.
• Conditional on any treatment, drug treatment is higher cost.
• These negative results are driven in large part by questionable “red-flag” 

drug treatments, which have large effects on costs and facility use.
• Suggests that adherence to even loose guidelines could improve 

outcomes (i.e. no red-flag prescribing).



Overall Summary:
- Mental health may be one of the most 

important aspects of child health.
- It has larger effects than common physical 

health problems in terms of children’s 
future outcomes.

- There is an urgent need to better understand 
determinants of treatment and promote 
compliance with guidelines





Extra Slides follow





Effects of 
Child-Level 
Characteristics
(Model also includes 
provider supply, year, 
month, and ZCTA FE.)



Effects of 
Market-Level
Supply Side 
(Model also includes 
child characteristics, 
year, month, and 
ZCTA FE.)



Notes on implementating LASSO
We use Stata’s ivlasso which fits a lasso instrumental-variables linear 
regression model.  We use the refined data-driven penalty described in 
Bellini et al. (2012). 
For exogenous variables, we require that LASSO select: Indicators for 
1st visit in ER or hospital, or for evaluation; Female; Age; Year + month 
FEs; Flag for in a facility in the previous 6 month; Zip 3 FEs, where 
anyone living in a zip with fewer than 150 children is  recoded into a 
“rest of state” zip3 bin.
For instruments, we allow LASSO to select among a very large 
instrument vector which includes: Up to a 3rd degree polynomial in the 
instruments and their interactions. We cluster SEs at the zip 3 level.



Implications of Treatment on Costs at 24 months –
Controlling for Diagnosis

Notes: This figure traces out the implications of each initial treatment choice on costs at 24 months. The share of 
children in each branch appears in parentheses. Based on post-Lasso estimates.  Excludes children without diagnoses.



Implications of Treatment on Facility Use at 24 
months – Controlling for Diagnoses

Notes: This figure traces out the implications of each initial treatment choice on facility use at 24 months. The share of 
children in each branch appears in parentheses. Based on post-Lasso estimates.  Excludes children without diagnoses.


