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This dissertation is comprised of three essays, each examining a different topic in health 

economics. In Chapter 1, I investigate ex ante moral hazard from health insurance, or the effect 

of insurance on risky behaviors. Specifically, I examine risky sex, a behavior with quick, 

meaningful consequences. I exploit the requirement insurance cover prescription contraception 

without cost-sharing. Since this policy affects a small aspect of insurance, I isolate the effect on 

behavior. Using pre-policy insured rates as a measure of treatment intensity, I find insurance 

decreases prevention (condom sales) and increases sexually transmitted infections (STIs). To 

determine insurance’s overall effect, I exploit the requirement insurance cover young adult 

children. I find the protective effect of insurance on STIs more than compensates for the 

reduction in prevention. 

In Chapter 2, I test whether weight impacts mental health. Both average body mass index 

(BMI) and rates of depression increased over the past several decades; however, scant research 

has investigated if the correlation between weight and depression reflects a causal effect. Using 

genetic variation in obesity predisposition as an instrument, I determine the impact of BMI on 

suicidality and depression. I find BMI impacts suicidal ideation but not other measures of mental 

health. This effect on suicidal ideation is concentrated in white women. One mechanism through 

which weight affects mental health is social stigma. 

In Chapter 3, I investigate the effect of financial aid on health, specifically BMI and general 

self-report health. Aid lowers the cost of college, which increases college-going. However, there 

is little evidence on the long-run impact of aid on health. I exploit a 1981 shock in Social 



 

Security benefits to test the effect of aid on health. Minor children of retired or disabled Social 

Security beneficiaries and children with deceased parents are eligible for their own benefits, and 

before 1981 these children could receiving benefits conditional on college enrollment. Using 

difference-in-differences, I show benefits for college students reduced women’s BMI and 

improved general health, but had no effect on men. I also find that aid improved educational 

attainment for beneficiaries, which is a plausible mechanism between aid and health. 
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CHAPTER 1 

Ex Ante Moral Hazard in Health Insurance:  

Lessons from the ACA and Risky Sex 

 

 

 

 

 

 

Abstract: Given the $3 trillion spent on health care in 2015 and the political contention 

surrounding insurance expansions, the impact of health insurance on health behaviors, 

medical utilization, and health outcomes continues to be of the upmost importance. How 

insurance influences investment in good health and risky behavior (ex ante moral 

hazard) has received much less attention than the effect of insurance on the out-of-

pocket cost of care (ex post moral hazard). Since many risky health behaviors take 

decades to result in illness, these behaviors likely respond to expectations about future 

insurance but could be unaffected by current insurance status. I examine the effect of 

moral hazard in the context of risky sex, a health behavior that results in quick and 

economically meaningful consequences – fertility and sexually transmitted infections. I 

isolate the effect of ex ante moral hazard by exploiting a policy in the Affordable Care 

Act, the 2012 zero cost-sharing for prescription contraception mandate. Leveraging pre-

policy insured rates as a measure of policy intensity, I use dose-response event studies 

that estimate both a time-varying treatment effect as well as a one-time jump in 

outcomes in the treatment year. I find evidence ex ante moral hazard from health 

insurance decreases prevention and increases STIs. I then exploit the 2010 dependent 

coverage mandate to determine the overall effect of health insurance. Based on this 

policy I find that the protective effect of insurance on STIs more than compensates for 

the reduction in prevention. 

 

 

  



 

2 

1. Introduction 

Health insurance has played a prominent role in the rapid growth of medical 

spending over the past half century (Finkelstein, 2007; Finkelstein et al., 2012; 

Manning et al., 1987). While health insurance increases utility by smoothing 

consumption, insurance can also have unintended consequences, known as moral 

hazard. Ex ante moral hazard is the effect health insurance has on risky health 

behaviors and investment in prevention. This kind of moral hazard receives less 

attention than ex post moral hazard, the increased quantity of care demanded due to 

lower out-of-pocket cost (Zwiefel and Manning, 2000).1  However, determining the 

effect of insurance on risky behavior is important because these distortions can cause 

increased illness and medical spending. Additionally, ex ante moral hazard causes 

negative externalities; the financial burden is spread across the insurance risk pool and 

infections can be transmitted to individuals who have not changed their behavior. 

Most studies that do examine ex ante moral hazard find little or inconsistent 

evidence that health insurance changes smoking, diet, exercise, and drinking (Dave 

and Kaestner, 2009; De Preux, 2011; Barbaresco et al., 2015; Simon et al., 2017).2 A 

major obstacle to observing ex ante moral hazard is that many health shocks occur 

                                                 
1 There is a large literature on moral hazard in other types of insurance markets as well. See Cummins 

and Tennyson (1996) for a car insurance example and Chetty (2008) for an unemployment insurance 

example. However, health insurance has important distinguishing characteristics. For instance, health 

insurance covers maintenance and prevention (such as prescription contraception), while car insurance 

does not cover maintenance such as oil changes. Additionally, the distinction between treatment and 

prevention is blurry in health; for instance, statins treat high cholesterol but also prevent heart attack. 

Most importantly for changes in prevention, other types of insurance can provide replacements (cars, 

houses, income), while health insurance can often only provide access to treatment that may not 

completely cure the illness or repair the injury. 
2 Dave and Kaestner (2009) examine exercise, smoking, alcohol consumption. De Preux (2011) 

examines exercise, smoking, alcohol consumption. Barbaresco et al. (2015) examine exercise, smoking, 

alcohol consumption, BMI/obesity, pregnancy. Simon et al. (2017) examine exercise, smoking, alcohol 

consumption, BMI/obesity. 
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only after years or decades of poor health behaviors, for example smoking and cancer 

(Department of Health and Human Services, 2010). As a result, future, rather than 

current, health insurance covers the eventual consequences of many current risky 

behaviors. 

This paper empirically tests for ex ante moral hazard in risky sex decisions and the 

ensuing health consequences. The risky sex behavior I consider is sex between a man 

and a woman without a condom.3 There are two advantages of focusing on risky sex. 

First, many health consequences of risky sex such as unplanned pregnancy and 

sexually transmitted infection (STI) occur quickly, so changes to insurance status 

should affect risky sex. Few risky health behaviors can cause adverse health shocks as 

quickly as unprotected sex. One exception is drug-use can result in an overdose and 

mortality almost immediately, and a recent working paper suggests drug-use is another 

risky behavior that is responsive to ex ante moral hazard (Doleac and Mukherjee, 

2018). 

The second benefit of focusing on risky sex is that a recent policy change in the 

Patient Protection and Affordable Care Act (ACA) provides a unique opportunity to 

isolate an ex ante moral hazard effect. The zero cost-sharing for prescription 

contraception mandate of 2012 made prescription birth control free for insured 

women, increasing health insurance on the intensive margin or the degree to which 

each person is insured. The zero cost-sharing mandate allows me to isolate an ex ante 

moral hazard effect, because it affects only a single aspect of health insurance: the cost 

                                                 
3 I acknowledge that risky sex can occur in other contexts, such as with men who have unprotect sex 

with men. Here I focus on heterosexuals who should respond to the zero cost-sharing mandate. 



 

4 

of prescription contraception. This policy was implemented in all states 

simultaneously, so its effect cannot be determined by comparing treated and untreated 

states. To overcome this obstacle to identification, I use pre-policy insurance rates as a 

measure of treatment intensity, similar to the approach employed by Finkelstein 

(2007). 

I use state-year level data and dose-response event studies to determine the effect 

of this policy on several outcomes related to risky sex, such as condom sales, STI 

incidence, and fertility. The measure of treatment intensity I use is the pre-policy 

insured rate among 25-to-29-year-olds in each state. The insured rate represents the 

percent of 25-to-29-year-olds exposed to the zero cost-sharing mandate, because the 

mandate only applies to insured individuals.4 Using non-parametric event study 

analysis, I identify any change in relative trends that occur in the treatment year by 

interacting the treatment intensity in each state with year dummies. I then impose a 

linear parameterization on the event studies. In this analysis, I model the pre-policy 

trend and intercept in the event studies as well as the change in trend and one-time 

jump that occur in the year of policy implementation. The benefits of the 

parametrization are increased statistical power and clearer estimates, but it requires the 

assumption that trends are approximately linear. 

Economic theory provides clear predictions of the ex ante moral hazard effects of 

the zero cost-sharing mandate. Prescription contraception decreases the cost of having 

sex without a condom and should decrease demand for condoms. Condoms and 

                                                 
4 See Courtemanche et al. (2017) and Finkelstein (2007) for two examples using similar sources of 

exogenous variation in other contexts.  
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prescription birth control are substitutes when it comes to preventing pregnancy, but 

condoms also prevent the transmission of STIs. Based on the dual role of condoms, 

substitution to prescription contraception should lead to increased incidence of STIs. 

While much of the ex ante moral hazard literature considers the substitution from 

prevention to treatment, I am examining a different pathway between health insurance 

and risky behaviors: substitution from broad behavior-based prevention to narrow 

medical-based prevention. I find that the estimated effects of the zero cost-sharing 

mandate are consistent with ex ante moral hazard: a reduction in condom sales and 

increased incidence of chlamydia. 

An increase in STIs is not consequence of all health insurance expansions. As an 

extension, I examine the young adult dependent coverage mandate of 2010 that 

allowed children 25 and under to join their parents’ health insurance. This mandate 

caused an exogenous shock to the extensive margin of health insurance, which I 

leverage to determine the overall effect of health insurance. I use the same empirical 

strategy but now the measure of treatment intensity is the uninsured rate among people 

in their early 20s. I find that this policy also reduced investment in prevention. 

However, the protective effect of health insurance more than offset the reduction in 

prevention; the dependent coverage mandate resulted in fewer STIs. 

This study makes two main contributions to the literature. First, it empirically tests 

for ex ante moral hazard in risky sex. Several studies have examined the effect of 

health insurance on health behaviors, but largely in contexts where health behaviors 

are slow to result in disease and are less likely to respond to health insurance coverage 

(Dave and Kaestner, 2009; De Preux, 2011; Barbaresco et al., 2015; Simon et al., 
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2017).  

The second main contribution is an evaluation of important and contentious aspect 

of the ACA. For instance, almost 90 outside groups submitted briefs during Burwell v. 

Hobby Lobby, which determined that certain corporations do not have to pay for 

insurance plans that cover prescription birth control (Supreme Court of the United 

States, 2014). Furthermore, information on the effect of this mandate provides insight 

on recent and current policy proposals. The executive branch recently drafted a rule 

limiting the zero cost-sharing mandate (Wolf, 2017), greatly expanding the ability of 

employers to obtain an exemption from the requirement to offer insurance that covers 

birth control at no out-of-pocket cost. Additionally, Congress recently considered 

repealing the ACA, which may have ended this mandate (Kaplan and Pear, 2017). 

Evidence from the implementation of this policy offers suggestive evidence about the 

effect of proposals that would eliminate or reduce it. 

There is also great policy interest in the outcomes I examine: fertility and STIs. 

Fertility, especially unintended pregnancy, is a very expensive consequence of 

unprotected sex and is often paid for by public insurance. The government spends an 

estimated $12 billion on unwanted pregnancies each year (Thomas and Monea, 2011). 

Additionally, some STIs are becoming increasingly resistant to treatment. Bacterial 

STIs were previously easy to treat, but complications from STIs, such as pelvic 

inflammatory disease, are an increasing concern (Hersher, 2016). In fact, the World 

Health Organization (2017) prioritized gonorrhea as one of the eleven most important 

antibiotic resistant bacteria. This study also produces insight on an important outcome 

missing from many analyses of risky sex: condoms. By analyzing condom sales, I 
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provide evidence on one mechanism through which insurance affects STI incidence 

and fertility. Finally, in contrast to the many studies on Medicaid expansion and 

Medicare that focus on low income or older populations, I focus on a largely 

understudied group; the marginal individual in this context is a middle class young 

adult with private insurance or with privately insured parents. 

The zero cost-sharing mandate lowered the cost of prescription contraception but 

not of condoms, which resulted in a reduction in condom sales. One way to counteract 

the increase of risky sex would be to also subsidize condoms. Another policy concern 

is that while ex ante moral hazard causes increased health care utilization, spending on 

medical care does not reflect the full economic loss of reduced prevention. Ex ante 

moral hazard results in more health shocks, so people experience utility loss directly 

from illness and injury. 

The remainder of this paper proceeds as follows: Section 2 provides background 

including a review of the existing literature and information on the zero cost-sharing 

mandate. Section 3 describes the economic framework. Section 4 details the data 

sources and empirical research method. Empirical results are presented in Section 5. In 

Section 6, I examine the extensive margin of health insurance to determine the overall 

effect of health insurance using another policy in the ACA, the mandate that adult 

children under the age of 26 be allowed on their parents’ insurance. Robustness and 

falsification tests are discussed in Section 7. Finally, Section 8 concludes with a 

discussion.  
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2. Background 

2.1. Literature Review 

This study sits at the intersection of two literatures: (1) responses to health 

insurance, particularly ex ante moral hazard effects on risky behaviors and prevention, 

and (2) the economics of sexual activity. While not the focus of this study, the 

theoretical work on ex post moral hazard in health insurance starts with Pauly (1968). 

Both the RAND and Oregon health insurance experiments showed strong empirical 

evidence of ex post moral hazard (Manning et al., 1987; Finkelstein et al., 2012). 

Finkelstein (2015) provides an overview of this literature. The theoretical work on ex 

ante moral hazard in health insurance starts with Ehrlich and Becker (1972). However, 

the empirical evidence of ex ante moral hazard is much less consistent than the 

evidence of ex post moral hazard. 

Generally, researchers find weak or mixed empirical evidence of ex ante moral 

hazard; many studies find effects on a small subset of examined health behaviors or 

find effects only among certain demographic groups. A common strategy to examine 

the causal effect of insurance on health behaviors is to leverage the exogenous change 

in insurance status caused by aging into Medicare eligibility (Dave and Kaestner, 

2009; De Preux, 2011). While most people entering Medicare are 65 years old, other 

studies examine policies that affect younger populations. For example, Barbaresco et 

al. (2015) study the population targeted by the 2010 requirement that insurers cover 

adult dependents under 26 years of age, comparing changes in 23-to-25-year-olds to 

27-to-29-year-olds. Simon et al. (2017) compare states that did and did not expand 

Medicaid coverage to low-income childless adults. 



 

9 

The studies on the effect of health insurance on risky health behaviors primarily 

examine effects on smoking, exercise, and drinking. The lack of evidence of ex ante 

moral hazard may in part be related to the set of outcomes studied, because these 

health behaviors often do not result in health shocks for many years. To overcome this 

obstacle I examine risky sex, which has a short lag before resulting in health shocks 

such as pregnancy and STIs. 

In contrast to the lack of consensus about the effect of insurance coverage on risky 

behaviors, the literature on the economics of sex generally finds that lowering the cost 

of sex without a condom increases health shocks, particularly STIs (Chesson, 2012). 

Klick and Stratmann (2007) and Levine (2003) examine state laws that require minors 

to inform or involve their parents in order to obtain an abortion. These studies show 

that such laws resulted in fewer abortions, fewer cases of gonorrhea, and fewer 

pregnancies. Ressler et al. (2006) find that increasing cash welfare payments, which 

decreased the cost of having a child, increased rates of sexually transmitted infection. 

Similarly, Ahituv et al. (1996) determine that condom use increased when the cost of 

unprotected sex (AIDS prevalence/risk of infection) increased.  

However, not all studies find that lowering the cost of sex without a condom 

increased sex-related health shocks. For instance, easier access to emergency 

contraception did not affect fertility or abortion rates (Gross et al, 2013). In certain 

contexts, even easier access to condoms did not reduce the number of pregnancies or 

STIs. Looking at school-based programs that distributed condoms to teens, Buckles 

and Hungerman (2016) find that these programs increased teen pregnancy, particularly 

if additional information was not provided with condoms. Conversely, Lovenheim et 
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al. (2016) find that expansion of school-based health centers, which provide access to 

prescription birth control and often condoms, led to lower teen fertility. I add to the 

literature on risky sex by examining a different source of exogenous variation in the 

cost of risky sex: health insurance expansion. 

With some exceptions, existing research on the cost of risky sex focuses on births 

and diseases, while ignoring the effects on actual behaviors such as use and purchases 

of condoms. Understanding the effect on condom purchases helps confirm that 

changes in fertility and infection are due to changes in risky sexual behavior and not 

due to an unobserved contemporaneous shock. The lack of evidence on these 

outcomes is primarily driven by data limitations. Questions about use of condoms and 

prescription contraception are not even included in the surveys most likely to ask 

about these behaviors, such as recent waves of the Behavioral Risk Factor 

Surveillance System. I address this gap with proprietary data on condom sales.  

2.2. Policy Background 

President Obama signed the ACA into law in March 2010. The ACA was the most 

significant legislative change to the health care system in the 50 years since passage of 

Medicare and Medicaid (Oberlander, 2010). Unlike Medicare and Medicaid, the ACA 

is primarily a market-based health insurance expansion.5 For instance, two of the most 

well-known aspects of the ACA are the individual mandate and the health insurance 

exchanges, which caused major changes to the private health insurance system (Kaiser 

Family Foundation, 2013). The individual mandate requires that every individual have 

                                                 
5 One major aspect of the ACA that does involve expansion of government-based health insurance is 

Medicaid coverage of childless adults, a group generally not eligible for Medicaid pre-ACA. 
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comprehensive health insurance. The insurance exchanges are online marketplaces to 

compare plans and purchase health insurance. Neither of these policies involve the 

government directly providing health insurance, instead they leverage and expand the 

existing private health insurance market.6 

This study uses an adjustment to private health insurance markets made by the 

ACA to test for ex ante moral hazard. The zero cost-sharing mandate requires 

insurance plans to cover prescription contraception with no out-of-pocket cost starting 

in August 2012 (Health Resources & Service Administration, 2017). At least one 

version of each form of prescription contraception (e.g. oral, injectable, intrauterine 

device) must be covered with no out-of-pocket expense, but there is no requirement 

that branded versions be covered with no cost-sharing if a generic option of the 

method is available (Centers for Medicare & Medicaid Services, 2015). This policy 

ensures 47 million women can access prescription contraception and other preventive 

care with no deductible, co-pay, or co-insurance (Simmons and Skopec, 2012).  

The zero cost-sharing mandate affects the intensive margin of health insurance, 

because it changes the degree of coverage by requiring zero cost-sharing for certain 

benefits. Importantly, this policy went into effect before much of the ACA, such as the 

establishment of the insurance exchanges, the requirement that individuals have 

insurance, or the bulk of Medicaid expansion to childless adults (Senate.gov, 2010),7 

which reduces concern about contemporaneous policy shocks. While the requirement 

                                                 
6 For more details on these and other aspects of the ACA, see Kaiser Family Foundation (2013). 
7 In fact, many other early aspects of the ACA did not directly affect patients, and instead focused on 

health care institutions and infrastructure. For more details, see the implementation timeline provided 

by the U.S. Senate (Senate.gov, 2010). 
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that young adults be allowed on their parents’ insurance began in 2010, I focus my 

analysis on an older population unaffected by the dependent coverage mandate. 

Additionally, there is less concern about policy timing endogeneity, because I use a 

change in federal law instead of state-level policies. 

The zero cost-sharing mandate had a meaningful effect on both the out-of-pocket 

cost of prescription contraception and contraception use. Between 2012 and 2014, the 

percent of privately insured women who paid $0 out-of-pocket for contraception 

increased by 30-50 percentage points across methods (oral, injectable, ring, 

intrauterine device) (Bearak et al., 2016; Sonfield et al., 2015). The median out-of-

pocket cost fell from $10 to $0 for oral contraception and from $20 to $0 for 

intrauterine devices (IUD). Even a few hundred dollars can be meaningful to low-

income women, but the reduction in cost was much higher for many women. For 

example, the cost of an IUD at the 90th percentile dropped from $844 to $15, though 

some uninsured women and women working for religiously-exempt employers still 

bear at least some financial burden (Bearak et al., 2016; Sonfield et al., 2015). An 

analysis of women working in 499 Midwest firms that provide health insurance found 

this policy caused a 2.3 percentage point or 7.6% increase in prescription 

contraception use (Carlin et al., 2016).8  

 

3. Theoretical Framework 

3.1: Moral Hazard 

While health insurance provides protection against the financial burden caused by 

                                                 
8 There is evidence in the behavioral economics literature that reducing the price to $0 can be 

significantly more effective than reductions to small, non-zero prices (e.g., Shampanier et al., 2007). 
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health shocks, it can also have unintended consequences known as moral hazard. 

While much of the literature has emphasized the ex post moral hazard effect due to 

lower out-of-pocket costs of medical care, I focus on ex ante moral hazard. This effect 

is the distortion caused by lowering the expected cost of risky or unhealthy behaviors. 

This increase in risky behavior, in turn, increases the probability of a subsequent 

negative health shock and increased medical spending. Figure 1 shows that lowering 

the cost of risky behaviors due to health insurance results in greater demand for risky 

behaviors. The wedge between the quantity of risky behaviors demanded with and 

without insurance is ex ante moral hazard.  

For example, the expected cost of skateboarding is lower if someone has insurance 

because his insurance will cover medical expenses in the event of an injury. A person 

who gains health insurance may be more likely to take up skateboarding because the 

expected cost is lower. Insurance can also increase risky behaviors through 

substitution to narrower, medical-based forms of prevention – such as prescription 

birth control or statins – and away from more comprehensive, behavior-based methods 

– such as abstinence/condoms or diet/exercise. Insured people have cheaper access to 

birth control, and removing the risk of unintended pregnancy lowers the expected cost 

of having sex without a condom. This reduction in cost should result in increased 

demand for risky behaviors such as unprotected sex and sedentary lifestyles.  

3.2. Economic Model of Insurance and Sex Decisions 

In this section, I present a two-period model of risky sex behavior involving health 

insurance, prevention, health shocks, and treatment. While economists have modeled 
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the effect of certain “costs” on sex decision-making,9 the effect of insurance on the 

costs and benefits surrounding sex has not received much attention (Arcidiacono et al., 

2012; Gross et al., 2014; Chan et al., 2016). I use my model to map out the potential 

pathways through which health insurance affects risky sex and health outcomes as 

well as to derive testable hypotheses. I neither attempt to determine the overall effect 

on utility of health insurance by solving my model nor to structurally estimate model 

parameters. The model leads to clear predictions of the effect of lowering the cost of 

prescription contraception: an increase in STIs and a decrease in fertility. As I discuss 

in Section 6, the overall effect of insurance at the extensive margin is largely 

ambiguous.  

3.2.1: Choices, Parameters, and Outcomes 

The two-period model contains three types of variables: choices that are 

completely within the control of a person, parameters that a person cannot control, 

and outcomes that are affected by the choices and parameters but are not deterministic. 

There are two groups of choices. The choices in the first period are: to use 

prescription birth control or not (BCRx), to have sex or not (S), and to use a condom 

or not (C). These choices influence the probability of an adverse health shock, and 

distortions to these choices are ex ante moral hazard. The probabilistic outcomes – 

pregnancy (P) and STI infection (STI) – occur between the two rounds of choices. The 

choices in the second period are: to bring a pregnancy to term or not (B as in birth), 

and to treat STIs or not (T). 

There are two groups of parameters that a person cannot influence – preferences 

                                                 
9 These costs include both monetary and implicit costs such as probability of infection. 
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(𝜃𝑝𝑟𝑒𝑓) and policies (𝜃𝑝𝑜𝑙𝑖𝑐𝑦) – that determine the environment in which choices are 

made. Preferences include desire for a child, inclination to use condoms, as well as 

utility derived from all choices and outcomes. The policy parameters include whether 

or not prescription contraception is free, as well as the effect this policy has on the 

prevalence of STIs in potential sexual partners. Changes in the policy parameter 

directly affect prices; for instance, the zero cost-sharing mandate decreases the cost of 

prescription contraception.  

3.2.2: Uncertainty in the risk of pregnancy and STI infection 

In this model, I assume that any form of prevention (condoms or prescription birth 

control) is a hundred percent effective,10 but in the absence of prevention there is 

uncertainty in outcomes. The probability of pregnancy is assumed to be zero if 

condoms or birth control is used or if a person abstains from sex. The probability of 

pregnancy in the absence of prevention is some fixed value 𝜋. If a person refrains 

from having sex or uses condoms, I assume the probability of STI infection is zero. 

The probability of contracting an STI in the case of unprotected sex is an increasing 

function of the prevalence of STIs in the potential partner pool: If more people have 

STIs, then the greater the likelihood that unprotected sex will result in a new case of 

an STI. 

 

 

 

                                                 
10 This is a simplification; condoms are about 80% effective in pregnancy prevention, the pill about 

90%, and IUDs over 99% (Centers for Disease Control and Prevention, 2017a). Relaxing this 

assumption by assuming less than hundred percent effectiveness does not result in meaningfully 

different conclusions. 
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Pregnancy probability: 

Pr(P) = { 
 0                       if C=1 or BCRx=1 or S=0                              

𝜋                     if C=0 and BCRx=0 and S=1              
 

 

STI probability: 

Pr(STI) = 

{
0                    if C=1 or S=0               
  f(STI prevalence)       if C=0 and S=1                

 

where f' (STI prevalence) > 0.  

3.2.3: Model of utility maximization 

A rational individual faces a two-period utility maximization problem. 11  

        max
{𝑆,𝐵𝐶𝑅𝑥,𝐶,𝐵,𝑇}

𝑢1(𝑆,  BCRx,  𝐶 |𝜃𝑝𝑟𝑒𝑓,  𝜃𝑝𝑜𝑙𝑖𝑐𝑦) + 𝛽𝐸[𝑢2(𝐵,

𝑇 |𝜃𝑝𝑟𝑒𝑓,  𝜃𝑝𝑜𝑙𝑖𝑐𝑦; 𝑃,  𝑆𝑇𝐼)] 

such that 

 𝑃𝐵𝐶𝑅𝑥 ∗ BCRx + 𝑃𝑐 ∗ 𝐶 + 𝑂𝑡ℎ𝑒𝑟 𝐺𝑜𝑜𝑑𝑠1 ≤ 𝐼1   (Period 1 Budget 

Constraint) 

 and 𝑃𝑇 ∗ 𝑇 + 𝑃𝐵 ∗ 𝐵 + 𝑂𝑡ℎ𝑒𝑟 𝐺𝑜𝑜𝑑𝑠2 ≤ 𝐼2 (Period 2 Budget Constraint) 

 

where  

 
𝑑𝑢1(𝑆, BCRx, 𝐶 |𝜃𝑝𝑟𝑒𝑓, 𝜃𝑝𝑜𝑙𝑖𝑐𝑦)

𝑑𝐶
 < 0 

 

 
𝑑𝑢1(𝑆, BCRx, 𝐶 |𝜃𝑝𝑟𝑒𝑓, 𝜃𝑝𝑜𝑙𝑖𝑐𝑦)

𝑑BCRx
 = 0 

 

A person makes choices about sex, prescription birth control, and condoms, which 

enter her first period utility and depend on her preferences and the current policy 

                                                 
11 While there are other models of behavior such as the theory of the triune brain (MacLean, 1982), the 

rational choice model is simple, produces testable hypotheses, and is consistent with previous research 

showing that risky sex responds to costs such as disease risk (Arcidiacono et al., 2012; Gross et al., 

2014; Chan et al., 2016). 
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environment. The probability of pregnancy and STI infection are based on choices in 

the first period. Pregnancy and STI status as well as preferences and the policy 

environment influence birth and STI treatment choice, which enter the second period 

utility function. Both sets of choices are subject to period-specific budget constraints, 

where prices are out-of-pocket prices. I assume that income is exogenous and that 

condoms decrease utility for at least some people and prescription contraception does 

not. 

The utility-maximization problem can also be framed as two distinct optimization 

problems that are solved by backward-induction.  

 

Stage 2: 

max
{𝐴, 𝐵, 𝑇}

 𝑢2(𝐵,  𝑇 |𝜃𝑝𝑟𝑒𝑓,  𝜃𝑝𝑜𝑙𝑖𝑐𝑦; 𝑃,  𝑆𝑇𝐼) 

such that 𝑃𝑇 ∗ 𝑇 + 𝑃𝐵 ∗ 𝐵 + 𝑂𝑡ℎ𝑒𝑟 𝐺𝑜𝑜𝑑𝑠2 ≤ 𝐼2 

 

Stage 1: 

max
{𝑆, 𝑅𝑥𝐵𝐶, 𝐶}

𝑢1(𝑆,  BCRx,  𝐶 |𝜃𝑝𝑟𝑒𝑓,  𝜃𝑝𝑜𝑙𝑖𝑐𝑦; 𝐵′,  𝑇′) 

such that  𝑃𝐵𝐶𝑅𝑥 ∗ BCRx + 𝑃𝑐 ∗ 𝐶 + 𝑂𝑡ℎ𝑒𝑟 𝐺𝑜𝑜𝑑𝑠1 ≤ 𝐼1 

 

First, the actor solves the second period problem by choosing what actions she would 

take for each pregnancy and STI infection state; she decides if she is willing to give 

birth and if she will get an STI treated. Then she solves the first period problem and 

decides what, if any, prevention she will engage in: abstention from sex, use of birth 

control, and use of condoms. The second-period choice functions are then treated as 
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parameters in the first period utility function; the decision-maker knows what she will 

do in the second period given any state and takes those future decisions as given in the 

first period. 

3.2.4: Predictions of Theoretical Model 

To derive predictions for the zero cost-sharing for contraception mandate, I 

determine how each parameter, choice, and outcome affects each other by considering 

the direction of the marginal effect holding all else constant.12 First, I determine the 

effect of the policy on parameters in the utility function, such as the cost of birth 

control. Next, I consider the effects of parameters on choices, the effects of one choice 

on other choices, and the effects of outcomes on second stage choices. Last, I consider 

the effect of choices on outcomes. 

Here I discuss only the clear theoretical predictions the model offers for the effect 

of lowering the cost of prescription contraception. The predicted effect of the zero 

cost-sharing mandate is a reduction in prevention as measured by condom sales and an 

increase in STIs, which would provide evidence of ex ante moral hazard. Appendix 

Tables A1-A5 depict the full set of model interactions for the zero cost-sharing 

mandate as well as the dependent coverage mandate, which is discussed in Section 6. 

The requirement that insurance plans must cover prescription contraception with 

no out-of-pocket cost to the policyholder is a change in 𝜃𝑝𝑜𝑙𝑖𝑐𝑦. This policy lowers the 

cost and increases the quantity demanded of prescription birth control (𝑃𝐵𝐶𝑅𝑥↓ ⇒ 

𝐵𝐶𝑅𝑥↑). The use of prescription birth control lowers the expected cost of sex without 

                                                 
12 This is similar to a partial derivative, but since most parameters, choices, and outcomes are discrete 

as opposed to continuous, the functions are not differentiable. 
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a condom by lowering the probability of unintended pregnancy, and results in ex ante 

moral hazard in the form of more frequent risky sex (𝐵𝐶𝑅𝑥↑ ⇒ Pr(P)↓ ⇒ 𝑆↑, 𝐶↓).13 

This increase in the quantity of risky sex demanded causes an increase in the rate of 

sexually transmitted infections (𝑆↑, 𝐶↓ ⇒ 𝑆𝑇𝐼↑). In summary, my model predicts that 

zero cost-sharing for prescription contraception increases prescription contraception 

and STI rates and decreases condom-use/sales and pregnancies.  

 

4. Data and Method 

4.1: Data 

The data for this study come from several sources and are at the state-year level.14 

Each state’s insured rate for 25- to 29-year-olds in 2011-12, which serves as the 

measure of treatment intensity, is derived from the Behavioral Risk Factor 

Surveillance System (BRFSS). Each year the BRFSS surveys over 400,000 adults and 

is representative at the state level (Centers for Disease Control and Prevention, 2013). 

The main benefit of BRFSS is that each state-year has sufficient sample size to 

precisely estimate the insured rate for 25- to 29-year-olds. 

Condom sales for each state-year come from Nielsen Retail Scanner data, which 

contains sales information provided to Nielsen by retailers.15 These data have 

                                                 
13 Even though condoms protect against both STIs and pregnancy, two reasons people may switch are: 

1) prescription contraception, particularly long-acting forms such as IUDs, are more effective (Centers 

for Disease Control and Prevention, 2017a), and 2) some people have a preference for sex without a 

condom (Ahituv et al., 1996). 
14 Ideally, a panel data set would contain insurance status, demographics, prevention (prescription 

contraception and condoms), fertility, and STIs. However, no individual-level data set contains the 

requisite data elements for this analysis.  
15 This is in contrast to Nielsen Consumer Panel Dataset (known as HomeScan), where consumers 

report purchases to Nielsen. Calculated (or Derived) based on data from The Nielsen Company (US), 

LLC and marketing databases provided by the Kilts Center for Marketing Data Center at The University 

of Chicago Booth School of Business. The conclusions drawn from the Nielsen data are those of the 
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important advantages over many surveys. First, since information is not self-reported, 

it does not suffer from reporting error, including social desirability bias. Second, 

Nielsen Retail Scanner data provide information on more condoms in a state-year than 

any survey. While these data do not cover 100 percent of sales, a large fraction of 

food, drug, and big-box stores’ sales are covered. These data capture over 50% of 

sales at grocery and drug stores as well as about a third of mass merchandise stores 

from 35,000 locations (Kilts Center for Marketing, 2017). If changes in which stores 

are included are uncorrelated with treatment intensity, incomplete coverage will not 

bias estimated effects. While these data are the most appropriate source available on 

condoms for my analysis, there are two main limitations: (1) they contain sales of 

condoms instead of condom use and (2) sales to certain age groups cannot be isolated. 

However, no survey appropriate for longitudinal analysis or with sufficient sample 

size in each state-year contains information on condom use.  

Less immediate outcomes, such as STI incidence and number of births, come from 

federal administrative data sources. Information on STIs including chlamydia and 

gonorrhea are available from the National Center for HIV/AIDS, Viral Hepatitis, STD, 

and TB Preventions AtlasPlus (Centers for Disease Control and Prevention, 2017c). I 

focus on chlamydia and gonorrhea because these STIs are primarily found in 

heterosexuals who may respond to the cost of prescription contraception, while HIV 

and syphilis are concentrated in men who have sex with men (Centers for Disease 

Control and Prevention, 2016; Centers for Disease Control and Prevention, 2017b). 

                                                 
researchers and do not reflect the views of Nielsen. Nielsen is not responsible for, had no role in, and 

was not involved in analyzing and preparing the results reported herein. 
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State or local regulations require doctors, laboratories, and hospitals to report 

diagnosed cases of certain illness including STIs to local health departments, who then 

relay this information to the CDC (Centers for Disease Control and Prevention, 2015). 

National Vital Statistics provide counts of births in each state and year.  

Each outcome is collapsed to the state-year level for 25- to 29-year-olds. While an 

earlier mandate in the ACA allows dependents to use their parents’ insurance applies 

to young adults up to 26 (through 25) years of age, STI data are only available for pre-

determined age groupings (20-24, 25-29, 30-34, etc.). Analyses are performed on 25- 

to 29-year-olds to isolate the effect of the zero cost-sharing mandate from the earlier 

policy, though 25-year-olds may contaminate the analysis somewhat. Event study 

analysis and robustness tests on an older group (30- to 34-year-olds) provide 

additional evidence that this data limitation is not driving results. 

I control for a set of time-varying state-level characteristics: the unemployment 

rate (total and age-specific) and population (total and age-specific) provided by the 

Bureau of Labor Statistics;16 income per capita data from the Bureau of Economic 

Analysis; a binary measure of strict abortion regulation based on information from the 

Guttmacher Institute;17 and state mandates of adult dependent health insurance 

coverage and of required coverage of prescription contraception from Collins and 

                                                 
16 “Age-specific” indicates that analyses on 25- to 29-year-olds include controls for the population and 

unemployment rate of 25- to 29-year-olds. 
17 Data were requested from the Guttmacher Institute. States are assigned to one of four categories – 

supportive, middle ground, hostile, extremely hostile – based on the number of major abortion 

restrictions in place during a year. For three examples, see 

www.guttmacher.org/sites/default/files/images/2000-2014-maps-states.png. I dichotomized categories 

into hostile (hostile or extremely hostile) or not (supportive or middle ground). Data were unavailable 

for 2007 and 2009. For the very few states that switched from not hostile to hostile between 2006 and 

2008 or 2008 and 2010, I assigned hostile; otherwise 2007 and 2009 values were set to the values of the 

neighboring years. 
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Nicholson (2010) and Raissian and Lopoo (2015).  

The years of analysis are 2006 to 2014. I start the analysis in 2006 because 

emergency contraception became available over-the-counter for adults starting in that 

year (National Conference of State Legislatures, 2012). Over-the-counter emergency 

contraception could interact with health insurance (the measure of treatment intensity 

in this study) in important ways. Over-the-counter emergency contraception 

eliminated the need to interact with a health provider, which was a greater burden to 

women without insurance. To isolate my analysis from the effect of emergency 

contraception, I exclude years before the introduction of over-the-counter emergency 

contraception.  

4.2: Method 

Identifying the effect of national policies can be difficult, because all states 

simultaneously experience the policy shock. To identify the effect of the zero cost-

sharing mandate, I use a continuous measure of treatment intensity based on the pre-

mandate insurance level, specifically the insured rate for 25- to 29-year-olds in 2011-

12. By focusing on 25- to 29-year-olds, I am less likely to conflate the estimated effect 

of the zero cost-sharing mandate with the earlier dependent coverage policy. 

The rationale for the treatment measure is that the potential effect of the zero cost-

sharing mandate varies with the percent of the population that is insured. The effect of 

the zero cost-sharing mandate on behavior is stronger in states with high rates of 

insurance, because the mandate only applies to people who are insured. Consider the 

extreme cases: a hypothetical state with no insured 25- to 29-year-olds in 2011-12 

would have no potential for an exogenous change in the cost of prescription birth 
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control, while a state where every person is insured would have the potential for a 

large exogenous change in the cost and use of prescription contraception.  

To determine the effect of the zero cost-sharing mandate, I perform non-

parametric and parametric event study analyses. The strengths of non-parametric event 

studies are that they reveal all changes that occur in the event year as well as providing 

a compelling visual representation. However, by adding a linear parametric 

assumption I can derive causal estimates with meaningful interpretations, perform 

statistical inference, and gain statistical power. Additionally, by clearly stating the 

parametric method’s assumptions, I create transparency about when the method is 

appropriate.  

The zero cost-sharing mandate could cause an immediate effect as well as a time-

varying effect, both of which are important to capture. The time-varying effect could 

be due to more people learning about the policy over time. Another potential reason 

for a time-varying effect is the compounding effect of STI infection: when one case is 

transmitted, that infection now has the potential to be spread to future partners. See 

Figure 2 for a stylized event study with a visual representation of the parametric 

analysis. To capture both the immediate and time-varying effects in the parametric 

event study analysis, I fit a line for the pre-period represented by the solid blue line 

before 2012 in Figure 2. I then estimate both a one-time jump/drop that occurs in the 

year of policy implantation as well as any change in slope.18  

                                                 
18 This is similar to post-estimation in Finkelstein (2007). After estimating event studies, she compares 

the difference in the event studies between 1970 (five years after Medicare introduction) and 1965 (the 

year of Medicare introduction) to the difference between 1965 and 1960 (five years before Medicare 

introduction). This approximately compares the slope in the event study before the policy to the slope in 
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 First, I estimate non-parametric event study models. The estimating equation is 

 

log (𝑌𝑠𝑡) = 𝛽0 + ∑ 𝛽𝑡

2014

𝑡=2006
≠2011

(𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠 ∗ 𝟏(𝑌𝑒𝑎𝑟𝑡)) 

      +αj ∗ 𝟏(States) +  δt ∗ 𝟏(𝑌𝑒𝑎𝑟𝑡) +  𝛽𝑥 ∗ 𝑿𝑠𝑡 + 𝜖𝑠𝑡. (Eq. 1) 

 

By including state and year fixed effects, I control for time-invariant state 

characteristics and national year-specific changes. The insured rate for 25- to 29-year-

olds in 2011-12 is 𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠. The relationship between treatment intensity and 

outcomes in year t is 𝛽𝑡, and these coefficients show the pattern in the outcome 

between states with high and low uninsured rates. Since equation (1) is a log-linear 

regression and 𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠 is a rate between 0 and 1, for a percentage point increase 

in the treatment intensity (insured rate) there is a 𝛽𝑡 percent increase in the outcome 

in year t compared to the base year of 2011.   

I also control for a set of time-varying state-specific covariates, 𝑿𝑠𝑡. Controls 

include the unemployment rate (total and age-specific), population (total and age-

specific), income per capita, a dummy for strict regulation of abortion, and dummy 

variables for state-level mandates similar to the ACA’s dependent coverage mandate 

and mandates of contraception coverage.  

In addition to revealing any change that occurs in the treatment year, the non-

parametric event studies provide information on the identifying assumptions of the 

parametric event studies. The two identifying assumptions are: (1) pre- and post-trends 

                                                 
the event study after the study. For an example of a similar parameterization, see Levy et al. (2016) and 

Wolfers (2006) for a partial parameterization. 
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are approximately linear, and (2) there are no contemporaneous shocks. The non-

parametric event study graphs show that the 𝛽𝑡’s progress linearly. The second 

assumption that there are no contemporaneous changes related to states’ pre-policy 

insurance levels cannot be tested directly. However, I perform falsification tests by 

estimating the effect of the zero cost-sharing mandate on state characteristics that 

should be unaffected by this policy change. 

The research design for statistical inference is a parametric event study analysis 

estimating both a one-time immediate effect and a linear time-varying treatment effect 

using a continuous measure of treatment intensity based on the pre-policy insured rate. 

To identify the effect of zero cost-sharing, I estimate models of the form:   

 

log (𝑌𝑠𝑡) = 𝛽0 + 𝛽1(𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠 ∗ (𝑡 − 2012))  

+ 𝛽2(𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠 ∗ 𝟏(𝑡 ≥ 2012)) 

+𝛽3(𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠 ∗ (𝑡 − 2012) ∗ 𝟏(𝑡 ≥ 2012)) 

+αs ∗ 𝟏(𝑆𝑡𝑎𝑡𝑒𝑠) +  δt ∗ 𝟏(𝑌𝑒𝑎𝑟𝑡) +  𝛾𝑥 ∗ 𝑿𝑠𝑡 + 𝜖𝑠𝑡 .         (Eq. 2) 

 

𝛽2 and 𝛽3 are the parameters of interest and represent the estimated effect of the zero 

cost-sharing mandate on the intercept and the slope, respectively. By including state 

and year fixed effects, I control for cross-sectional, non-time-varying differences in 

outcomes; any remaining variation in outcomes is attributed to policy variation.  

A pre-period trend is modeled by 𝛽0 and 𝛽1, while 𝛽2 and 𝛽3 represent the 

deviation from that trend in the post period. The binary variable 1(t ≥ 2012) indicates 

whether the mandate is in effect. Since 𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠 is a rate between 0 and 1, for a 

one percentage point increase in the insured rate, there is a one-time change in the 

outcome of 𝛽2 percent and an annual increase of 𝛽3 percent. The model includes the 
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same vector of time-varying state-specific covariates as in Eq. 1, Xst.  The estimated 

𝛽2 and 𝛽3 apply to the years in the analysis timeframe but may not persist 

indefinitely, especially as other aspects of the ACA went into effect. 

There are important similarities and distinctions between my parametric event 

study approach and the traditional difference-in-differences method. Both use different 

levels of exposure to a treatment (either binary or in my case dose-response) to 

compare changes before and after policy implementation. In fact, the difference-in-

differences method is a special case of my parametric event study analysis with flat 

pre-trends and no time-varying treatment effects. However, in addition to estimating a 

one-time change, my approach controls for a linear pre-treatment trend and estimates a 

linear time-varying treatment effect relative to this trend. This allows for a relaxed 

identification assumption: instead of requiring groups with different levels of 

treatment intensity to have the same trend in the absence of the policy, they need only 

continue on their relative pre-treatment trends. In a stylized event study found in 

Figure 2, this can be visualized as assuming the solid line on the left before policy 

implementation would remain on the same path as the lower dotted line if there had 

been no policy shocks. The deviation from the lower dotted line is the causal effect of 

the policy.  

As with difference-in-differences, the main identifying assumption cannot be 

directly verified in the parametric event study analysis used in this study. Since the 

counterfactual is unobservable, I must rely on an ocular test: the pre-trends should be 
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approximately linear.19 Linearity is important because higher order functions will 

have different slopes across the domain, and in those cases, the parametric event study 

method I am using could find spurious effects. This is similar to the concern with non-

parallel pre-trends in the traditional difference-in-differences. Additionally, I must 

assume there are no contemporaneous shocks that are correlated with the pre-policy 

insured rate and the outcomes. If both assumptions are met, then any observed changes 

in intercept or slope in the event studies are due to the policy. 

All standard errors are clustered at the state level, and regressions are weighted by 

the 2011 age-specific population. By weighting according to population, estimates 

reflect the national average treatment effect.  

 

5. Results 

5.1: Summary Statistics 

Table 1 contains the mean and standard deviation of measures of treatment 

intensity and outcome variables, weighted by age-specific state populations. In 

addition to summary statistics for 25- to 29-year-olds, I also present information on 

20- to 24-year-olds who are the age group analyzed for the dependent coverage 

mandate in Section 6 and 30- to 34-year-olds who are analyzed in a robustness check 

in Section 7. Treatment measures are in the first panel. About two-thirds of those age 

25 to 29 had insurance in 2011-12. Importantly, there is substantial variation across 

states, with standard deviations in insured rates around 7 percentage points. Figure 3 

                                                 
19 Though it might be tempting to extend this parametric approach to higher degrees, an ocular test 

could be difficult to implement with quadratic or higher order functions, especially in terms of detecting 

causal effects. In such a context, the method used in Wolfers (2006) might be more appropriate. 
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shows the geographic distribution of the treatment intensities. Geographic variation in 

insured rates is dispersed. As expected, there are fewer insured people in the South, 

which has lower average education and income, while there are more insured people 

in the Northeast and upper Midwest. Summary statistics for outcome variables are 

shown in the second panel of Table 1. Chlamydia is a very common STI. It is 

primarily found in women and is often contracted through heterosexual intercourse 

(Centers for Disease Control and Prevention, 2016), so should be responsive to 

policies that affect birth control use. Condom sales and births are more common than 

the diseases examined here.  

5.2: Effects on Prevention Investment (Condom Sales) 

Figure 4 shows the non-parametric event study analysis for condom sales. Since 

condom data are not available by age group, I start the analysis for condoms in 2010 to 

prevent contamination from changes caused by the 2010 dependent coverage 

mandate.20 Note that large fractions of people in this age range are condom users. 

Over a quarter of 25- to 29-year-olds use condoms (Reece et al., 2010), which is 

consistent with this policy causing a noticeable effect on total condom sales. The 

figure is consistent with ex ante moral hazard causing a reduction in prevention due to 

the zero cost-sharing mandate. Comparing before and after 2012 in Figure 4, the trend 

for log condoms is flat before the policy and drops starting in 2012; the effect of zero 

cost-sharing is a relative decrease in the purchases of condoms in states that were 

more treated or had higher insured rates.  

                                                 
20 While there are only two pre-period years for condom sales, Nielsen data allows for analysis as the 

quarter level. Event studies at the quarter level are consistent with annual results but are noisier. Results 

available upon request. 
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Table 2 presents estimates for the zero cost-sharing mandate on condom sales. The 

pre-period is 2010-11, and the post-period is 2012-14. The effect of the zero cost-

sharing mandate was a 0.092 percent annual decrease in condom sales after 2012 for 

each percentage point increase in the 2008-09 insured rate. Since the effects are 

mainly changes in slopes, the impact compounded over time; the zero cost-sharing 

mandate causes an approximate 0.09 percent decrease in condom sales the first year 

after policy implementation for a percentage point increase in treatment intensity, and 

a 0.18 percent decrease in the second year. The point estimate on the change in 

intercept is the opposite sign as the change in slope, but it is small and not statistically 

significant. A standard deviation increase in treatment intensity would result in about 9 

million fewer condoms sold in the third year after implementation of the zero cost-

sharing mandate. The fact that condom sales decreased in response to health insurance 

coverage is evidence of ex ante moral hazard and is consistent with the theoretical 

predictions presented in Section 3.  

5.3: Effects on Births and STIs 

Non-parametric event studies for births and STIs are shown in Figure 5 to Figure 

7, and results from the parametric event study analysis are presented in Table 3. 

Importantly for statistical inference, the figures are consistent with assumption that 

pre- and post-trends are approximately linear. Figure 5 shows the non-parametric 

event study analysis for births. There is a sharp decrease in births starting in 2012, 

which likely reflects increased use of prescription contraception and a decrease in 

unintended pregnancy. From the parametric event study results in Table 3, the zero 

cost-sharing mandate did have a statistically significant effect on births. Since the 
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intensity of treatment is a proportion ranging from 0 to 1 and the outcome is a log, the 

estimate should be interpreted as a 1/10 of percent annual decrease in births for each 

percentage point increase in the insured rate. If the pre-policy insured rate among 25- 

to 29-year-olds was one standard deviation higher, I predict there would have been 

58,000 fewer births the third year after the zero cost-sharing mandate went into effect. 

Figure 6 and Figure 7 show the non-parametric event studies for chlamydia and 

gonorrhea, respectively. Again, the figures are consistent with the assumption that pre- 

and post-trends are approximately linear. The effect of zero cost-sharing on STIs is an 

important indication of ex ante moral hazard. The non-parametric event study for 

chlamydia in Figure 6 reverses a monotonic downward trend, with the event study 

reaching the bottom of a valley the year before policy implementation. This is 

consistent with my hypotheses and an ex ante moral hazard effect; treatable STI 

incidence increased more in higher treated states beginning in 2012. The effect of the 

zero cost-sharing mandate on gonorrhea shown in Figure 7 is less conclusive. 

However, the pre-trend is fairly flat, and the figure does show a meaningful jump after 

policy implementation. 

The results from a parametric event study analysis of STIs are also in Table 3. The 

zero cost-sharing mandate caused an increase in chlamydia. A percentage point 

increase in treatment intensity for 25- to 29-year-olds caused a one-time 0.530% 

increase and a yearly increase (change in slope) of 0.248% in chlamydia incidence. 

This implies a standard deviation increase in the insured rate for 25- to 29-year-olds 

would result in 45,000 more cases of chlamydia three years after the zero cost-sharing 

mandate. The fact that the zero cost-sharing mandate increased chlamydia reflects the 
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decrease in prevention as measured by condom sales and the effect of ex ante moral 

hazard. The estimated effect of the zero cost-sharing mandate on gonorrhea was a 

large but not statistically significant one-time jump and very little change in slope. 

In summary, both the non-parametric and parametric event studies show evidence 

that the zero cost-sharing mandate caused ex ante moral hazard; investment in 

prevention as measured by condom sales decreased due to this policy. Since this 

policy does not offer any countervailing protection against STIs, ex ante moral hazard 

resulted in increased cases of chlamydia. However, increased access to prescription 

contraception reduced total births, likely due to fewer unintended pregnancies.  

 

6. Extensive Margin of Health Insurance: Dependent Coverage Mandate 

While the zero cost-sharing mandate affected the intensive margin of health 

insurance, it is important to determine whether an increase in STIs is a feature of other 

insurance expansions or if comprehensive coverage protects against the spread of 

disease. To investigate this question I exploit the young adult dependent coverage 

mandate of 2010. This policy caused an exogenous shock on the extensive margin – 

the number of people insured – by allowing young adults to join their parents’ health 

insurance.  

The dependent coverage mandate required that, starting in September 2010, all 

insurance plans covering dependents of the primary policyholder must offer coverage 

to children of the policyholder up to age 26 (Department of Labor, 2017). Before 

implementation of the dependent coverage mandate, close to 14 million people in their 

20s were uninsured (Collins and Nicholson, 2010). The dependent coverage mandate 
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had an economically meaningful and statistically significant effect on the insured rate 

for young adults. Appendix Figure A1 shows the pattern of uninsured rates for 18- to 

24-year-olds and 25- to 34-year-olds. Before 2010, 18- to 24-year-olds consistently 

had higher uninsured rates, but experienced a sharp decrease in their uninsured rate 

starting in 2010. Sommers et al. (2013) estimate that this mandate increased the 

percent of adults under the age of 26 who are insured by 6.7 percentage points.21 

While changes at the extensive margin of health insurance should also cause a 

reduction in prevention, the net impacts on STIs and pregnancy are more ambiguous 

due to countervailing effects of insurance. One source of ambiguity from the 

dependent coverage mandate is due to the increased probability that a potential sexual 

partner has insurance, permitting quick and effective treatment of STIs. If a sexual 

partner is STI-free, then reductions in prevention in the form of sex without a condom 

will not result in infection transmission. In the notation of the economic model, if 

STI prevalence decreases and f' (STI prevalence) > 0, then Pr(STI) decreases. 

Additionally, insurance lowers the cost of having a baby, so the dependent coverage 

mandate may result in reduction in condom-use and an increase in intended 

pregnancies among people who would like but could not afford the medical expenses 

associated with a pregnancy (𝑃𝐵↓ ⇒ 𝐶↓ ⇒ 𝐵↑). So the dependent coverage mandate 

may cause an increase in intended births but a decrease in unintended births, with an 

ambiguous effect on net births.  

                                                 
21 This is a large change compared to other recent policies aimed at increasing insurance rates. For 

instance, the State Children’s Health Insurance Program (SCHIP), which offers public health insurance 

to low-income but Medicaid-ineligible children, increased coverage by 5.7 percentage points in the 

target population. However, the net effect on childhood insurance rates was much smaller because of 

strict income eligibility criteria (LoSasso and Buchmueller, 2004). 
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I use the same empirical strategy as in my main analysis to examine the effect of 

the 2010 dependent coverage mandate, but now the treatment intensity is the percent 

of 20- to 24-year-olds who are uninsured in 2008-09. The intuition is that the more 

uninsured young adults in a state, the larger the potential increase in the insured rate 

from this policy. Again, the data are collapsed to the state-year level for 20- to 24-

year-olds. While 25-year-olds are eligible to use their parents’ insurance due to this 

policy, most of the data on the outcomes I examine are only available in five-year age 

groupings (20-24, 25-29), so I focus on 20- to 24-year-olds. 

If my empirical strategy shows that the dependent coverage mandate affects 

outcomes through insurance coverage, then the mandate must increase coverage more 

in states with lower pre-mandate coverage. To test this hypothesis, I regress the 

change in insured rate (2011-12 rate minus 2008-09 rate) on the 2008-09 uninsured 

rate for ages exposed to the dependent coverage mandate using the following model:  

 

Δ 𝐼𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒𝑠 = 𝛽
0

+ 𝛽
𝑐ℎ𝑎𝑛𝑔𝑒

𝑈𝑛𝑖𝑛𝑠𝑢𝑟𝑒𝑅𝑎𝑡𝑒0809𝑠 + 𝜖𝑠𝑡  

 

Estimates from this model are in Appendix Table A6. Importantly, the effect is large 

and statistically significant for young adults exposed to the policy. The dependent 

coverage mandate reduced the uninsured rate for young adults by 4.3 percentage 

points or about 6 percent.22 This is comparable to the 6.7 percentage point effect in 

Sommers et al. (2013). There are several reasons why not all uninsured young adults 

gain coverage from the dependent coverage mandate, such as uninsured parents or 

                                                 
22 From Appendix Table A6, 0.139*(1-0.688)=0.043 
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unwillingness for parents to add a child to their plan. As a falsification test, I conduct 

the same analysis for older groups who should not be affected by the dependent 

coverage mandate. Results for older groups are also in Appendix Table A6 and show 

that the dependent coverage mandate did not affect insurance coverage for these 

groups; estimates are closer to zero and not statistically significant. The percent 

change for young adults is at least twice the magnitude as for other age groups. 

I conduct similar non-parametric and parametric event study analyses as for the 

zero cost-sharing mandate. However, there are two changes worth noting: 1) the 

measure of treatment intensity is now the pre-policy insured rate for 20- to 24-year-

olds, and 2) the years of analysis are 2006 to 2012, to isolate the effect of the 

dependent coverage mandate from the effect of the zero cost-sharing mandate. The 

omitted year in the non-parametric event studies is 2009.  

Effects of the dependent coverage mandate on condom sales are in Appendix 

Figure A2 and Table 4. Comparing 2006-2009 and 2010-2012 in Appendix Figure A2, 

condom sales trend upward but flatten out starting in 2010. This indicates that states 

with high uninsured levels purchased more condoms over time compared to low 

uninsured states before 2010. In 2010 when high uninsured states experienced larger 

increases in insurance rates, the relative gains in condom sales stopped. Consistent 

with the non-parametric event study analysis, the dependent coverage mandate caused 

a statistically significant negative change in the slope, as shown in Table 4. The effect 

of the dependent coverage mandate of 2010 was a 0.129 percent annual decrease in 

condom sales after 2010 for each percentage point increase in the 2008-09 uninsured 

rate. A standard deviation increase in treatment intensity would result in about 15 
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million fewer condoms sold in the third year after implementation of the dependent 

coverage mandate. Like the zero cost-sharing mandate, the dependent coverage 

mandate caused an ex ante moral hazard effect by reducing investment in prevention.  

Estimates for the effect on births and STIs are presented in Table 5 and Appendix 

Figure A3-A5. The non-parametric event study for births in Appendix Figure A3 and 

the point estimates in Table 5 indicate the dependent coverage mandate had no net 

effect on fertility. Since the theoretical model provides ambiguous predictions of the 

effect of the dependent coverage mandate on STIs, the non-parametric event studies 

give an impression of which effect is stronger, the protective effect of health care or 

the reduction in prevention caused by ex ante moral hazard. The estimates for the 

effect of the dependent coverage mandate indicate that the protective effect of 

insurance more than makes-up for the reduction in prevention. Appendix Figure A4 

and Appendix Figure A5 show the non-parametric event studies for the effect on 

chlamydia and gonorrhea, respectively. The graph for the effect of the dependent 

coverage mandate on chlamydia cases in Appendix Figure A4 has an increasing trend 

before the policy goes into effect, peaks the year of policy implementation, and the 

trend reverses in the post period. High-uninsured states had increasing incidence of 

this STI compared to low uninsured states in the pre-period, but this trend reversed in 

the post-period. As in the graph for the effect on chlamydia, Appendix Figure A5 

shows an upward trend in gonorrhea that peaks the year before the policy goes into 

effect and decreases in the post period.23 

                                                 
23 Like the zero cost-sharing mandate, the dependent coverage mandate is a national policy, which 

addresses concerns about policy timing endogeneity or regression to the mean driving results. 
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The results from the parametric event study analysis in Table 5 confirm the results 

from the non-parametric event study. The dependent coverage mandate caused a 

downward change in slope for log chlamydia; a percentage point increase in the 

treatment intensity caused a yearly decrease of 0.256% in chlamydia incidence. An 

increase of one standard deviation in the uninsured rate for 20- to 24-year-olds would 

result in almost 87,000 fewer chlamydia cases in the third year after the 

implementation of the dependent coverage mandate. Likewise, for the effect on 

gonorrhea, the parametric event study analysis shows a downward change in slope 

after policy implementation; a percentage point increase in the treatment intensity 

caused a yearly decrease of 0.410% in gonorrhea cases. A standard deviation increase 

in treatment intensity would prevent 30,000 gonorrhea cases in the third year after the 

dependent coverage mandate among 20- to 24-year-olds. 

The dependent coverage mandate caused ex ante moral hazard and countervailing 

effects. This policy resulted in lower investment in prevention as measured by condom 

sales. However, because the dependent coverage mandate caused a shock to the 

extensive margin of health insurance, other aspects of insurance protected against STI 

infection. The net effect on STIs was a reduction in illness. While both the zero cost-

sharing and dependent coverage mandate caused ex ante moral hazard, an increase in 

STIs is not endemic to all insurance expansions.  

 

7. Robustness and Falsification Tests 

One possible threat to identification is that health insurance changes how often 

people interact with healthcare providers, including the frequency of STI testing. Such 
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a response would change the number of STI diagnoses even if risky behavior remained 

the same. Appendix Figure A6 and Appendix Figure A7 show non-parametric event 

studies for the effect of the mandates on routine medical services. Both figures are 

inconsistent with changes in interactions with health professionals, and thus testing, 

driving the results for STIs. In fact the direction of the change in this outcome is the 

opposite as the direction for STIs. One potential factor leading to less frequent contact 

with doctors after the zero cost-sharing mandate is that women gain access to free 

long-acting contraception from this policy that can last multiple years (e.g. IUDs), and 

so they may skip annual wellness visits.  

In terms of actual measures of testing, the National Ambulatory Medical Care 

Survey, which samples doctors’ offices and visits, contains information on chlamydia 

testing. Since this data source is not designed for state-level analysis, I provide 

suggestive evidence for the dependent coverage mandate based on a comparison 

between 20- to 25-year-olds (treated group) and 26- 30-year-olds (control group). 

Appendix Figure A8 shows that both groups generally trend together through the 

whole period.  

I also conduct robustness checks with unweighted regressions, Poisson 

regressions, excluding early Medicaid expansion states, and on an older group (30- to 

34-year-olds). Generally, the results are robust to different specifications, with similar 

magnitudes and direction. Results for unweighted regressions in Appendix Table A7 

and Appendix Table A8 are similar; however, results for the dependent coverage 

mandate are smaller, and fewer estimates are statistically significant for both 

mandates. Smaller effects for the unweighted models indicate that more populous 
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states are more responsive. Though most of the expansion of Medicaid to childless 

adults occurs after both mandates, some states expanded coverage early. I check if 

estimates are robust to excluding early expansion states and present these results in 

Appendix Table A9 and Appendix Table A10. Results are largely robust to excluding 

states that expanded Medicaid coverage to childless adults early.  

In Appendix Table A11, I show the estimated effect of the zero cost-sharing 

mandate on an older group, 30- to 34-year-olds. This analysis is an important 

robustness test of the zero cost-sharing mandate, because 25-year-olds are targeted by 

the 2010 dependent coverage mandate but included in the zero cost-sharing mandate 

analysis due to data limitations. In addition, many people who are in their early 20s in 

2010 age into the 25- to 29-year-old group before 2014. The 30- to 34-year-olds 

sample does not suffer from either of these concerns. Additionally, it provides insight 

into heterogeneous effects by age. Comparing the main results for 25- to 29-year-olds 

in Table 3 to 30- to 34-year-olds in Appendix Table A11 effects for both age groups 

are similar. The effect on chlamydia is approximately the same and highly significant, 

while the estimate for fertility is smaller and no longer significant.24  

Falsification tests of whether the mandates impact other state-level characteristics 

are reported in Appendix Tables A12-A13. The only coefficient that is statistically 

significant is the change in slope for the 2012 zero cost-sharing policy on percent of 

the state that is women. However, the coefficient is quite small, and we would expect 

                                                 
24 One reason for the difference in fertility response between 25- to 29-year-olds and 30- to 34-year-

olds is that during these age ranges, probability of pregnancy from unprotected sex declines (Dunson et 

al., 2004). Therefore, even though both groups appear to have similar increase in risky sex based on 

STIs, fertility of the older group is less responsive to this change. 
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to incorrectly reject the null hypothesis at least once due to type I error. Importantly, 

HIV and syphilis are not statistically significant, because these two diseases are 

concentrated in men who have sex with men (Centers for Disease Control and 

Prevention, 2016; Centers for Disease Control and Prevention, 2017b) and should be 

less responsive to the mandates, particularly related to female contraception. Another 

important falsification test is that the non-parametric event studies for the 25- to 29-

year-olds and 30- to 34-year-olds25 trend smoothly through 2010. This indicates that 

the dependent coverage mandate, which should only affect people under 25, did not 

affect the older group.  

 

8. Conclusion 

This study contributes to the literature by testing for ex ante moral hazard with 

respect to risky sex. Increased risky sex in response to lower expected costs is 

consistent with the previous literature on risky sex and the rational choice model of 

behavior. While previous empirical research generally finds mixed or weak evidence 

of ex ante moral hazard, there is reason to believe many forms of prevention are 

responsive to future, not current, insurance status. 

I find that a standard deviation increase in treatment intensity results in several 

million fewer condoms purchased three years after insurance expansions, both at the 

intensive and extensive margins of insurance. When I isolate the effect of ex ante 

moral hazard using the zero cost-sharing mandate, a standard deviation increase in 

                                                 
25 Event studies for 30- to 34-year-olds are available upon request and are similar to event studies for 

25- to 29-year-olds. 
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pre-policy insured rate results in 45,000 more cases of chlamydia three years after the 

policy went into effect. However, the protective effect of insurance on STI 

transmission more than makes up for any negative effect of ex ante moral hazard; the 

dependent coverage mandate caused meaningful reductions in STI incidence. 

While I cannot directly quantify the effect of these policies on net utility without 

making strong assumptions about utility functions, it seems likely both had positive 

net impacts. While the zero cost-sharing mandate did cause an increase in STIs, 

decreased unintended births are likely much more meaningful both in financial and 

non-monetary terms. The benefit of the dependent coverage mandate is more 

definitive: this mandate reduced STIs. Additionally, based on the reduction in fertility 

at the intensive margin, the null effect on birth from the dependent coverage mandate 

is likely due to an increase in intended fertility and a reduction in unintended 

pregnancies. 

An important policy implication of my findings is that insurance has unintended 

consequences, but in some cases comprehensive insurance coverage can mitigate these 

problems. Similarly, since lowering the cost of prescription contraception causes 

substitution away from condoms, one way to prevent risky sex could be to subsidize 

condoms. Additionally, repeal of one or both policies in this study is a real possibility, 

and this analysis provides suggestive evidence on the effect of policy termination.  

Future work that leverages changes in expectations about future insurance status 

could shed light on distortions in other health behaviors. Empirically testing the effect 

of subsidizing condoms on condom use and STI transmission could be important to 

determine if condom subsidies are a potential tool to counteract the unintended 
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consequences found in this study. While women generally receive information on STI 

risk and consequences at initiation of prescription contraception use, male partners 

may be less well informed; examining the impact of informing both partners about STI 

risk is another important question for future research.  
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Figures 

 
Figure 1: Ex ante Moral Hazard (Effect of Insurance on Risky Behavior) 

 
 

 

Figure 2: Visual Representation of the Parametric Event Study Analysis  

 
Note: In this stylized event study, the continuous trends assumption can be 

visualized by assuming the solid line on the left (before policy implementation) 

would continue on the same path as the lower dotted line if there had been no policy 

shocks. The deviation from the lower dotted line is the causal effect of the policy. 

 



 

49 

Figure 3: Geographic Representation of Insured Rates, 25-29 Year Olds, 2011-12

 
 

 

 

 

 

 

Figure 4: Zero Cost-Sharing Mandate –  

 Log Condoms 

   
Note: Whiskers 95% confidence intervals  

Treatment intensity: 2011-12 insured rate, 25-29 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total), population (total),  

income per capita, strict state regulation of abortion,  

and state mandates 
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Figure 5: Zero Cost-Sharing Mandate –  

 Log Births 

 

Figure 6: Zero Cost-Sharing Mandate –  

 Log Chlamydia Cases 

 
Note: Whiskers 95% confidence intervals  

Treatment intensity: 2011-12 insured rate, 25-29 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 

Note: Whiskers 95% confidence intervals  

Treatment intensity: 2011-12 insured rate, 25-29 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 
 
 
 

Figure 7: Zero Cost-Sharing Mandate –  

 Log Gonorrhea Cases 

 

 

Note: Whiskers 95% confidence intervals  

Treatment intensity: 2011-12 insured rate, 25-29 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 
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Tables 

 
Table 1: Summary Statistics 

Variable 20-24 Year Olds 25-29 Year Olds 30-34 Year Olds 

Treatment Intensity26 

Uninsured Rate 0.328 -  

(Avg. 2008-09; age-specific) (0.083) -  

Insured Rate - 0.677 0.730 

(Avg. 2011-12; age-specific) - (0.072) (0.080) 

Outcomes 

Condoms 9,687,457 9,687,457 9,687,457 

  (Total) (9,274,934) (9,274,934) (9,274,934) 

Log Condoms 15.628 15.628 15.628 

  (Total) (1.025) (1.025) (1.025) 

Births 43.594 52,369  46,899  

 (36,514) (43,164) (40,882) 

Log Births 10.314 10.508 10.350 
 (0.910) (0.894) (0.962) 

Chlamydia Cases 22,056 9,755 4,257 
 (18,093) (8,807) (4,106) 

Log Chlamydia Cases 9.615 8.750 7.87 
 (0.962) (1.002) (1.049) 

Gonorrhea Cases 4,708 2,639 1,423 
 (3,356) (2,122) (1,275) 

Log Gonorrhea Cases 8.02 7.420 6.762 
 (1.171) (1.159) (1.189) 

Notes: Weighted by age-specific state populations 

Standard deviation in parentheses (SD) 

 

 

 

 

 

 

 

 

  

                                                 
26 Correlation between insured rates for 20- to 24-year-olds and 25- to 29-year-olds is 0.79. 
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Table 2: Effect of Zero Cost-Sharing Mandate on Log Condom Sales 

 Log Condom Sales 

Pre-Period -0.046 

     Slope (0.038) 
 

  

Change in  0.018 

     Intercept (0.052) 
 

  

Change in  -0.092* 

     Slope (0.052) 

Predicted effect of SD increase 

in treatment in third year of 

policy -8,997,710 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level,  

weighted by 2011 state-age population  

Controls: unemployment rate (total), population (total),  

income per capita, strict state regulation of abortion,  

and state mandates 

Years: 2010-2014  

Predicted effect = Treatment intensity SD  

* (Avg. yearly occurrences)  

* (𝛽𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝛥  + (3 * 𝛽𝑠𝑙𝑜𝑝𝑒𝛥))  

 

 

 

Table 3: Effect of Zero Cost-Sharing Mandate (25-29 Year Olds) 

 Log Birth  

Cases 

Log Chlamydia 

Cases 

Log Gonorrhea 

Cases 

Pre-Period -0.024 -0.230*** 0.078 

     Slope (0.020) (0.098) (0.101) 
    

Change in  -0.024 0.530*** 0.510 

     Intercept (0.043) (0.171) (0.345) 
       

Change in  -0.094** 0.248** -0.066 

     Slope (0.037) (0.122) (0.206) 

Predicted effect of SD increase 

in treatment in third year of 

policy 

 

-57,971 

 

44,772 

 

2,963 

*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific), population (total and age-specific),  

income per capita, strict state regulation of abortion, and state mandates 

Years: 2010-2014  

Predicted effect = Treatment intensity SD * (Avg. yearly occurrences) * (𝛽𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝛥  + (3 * 𝛽𝑠𝑙𝑜𝑝𝑒𝛥)) 
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Table 4: Effect of Dependent Coverage Mandate on Log Condom Sales 

 Log Condom Sales 

Pre-Period 0. 131 

Slope (0.044) 
 

  

Change in  0.031 

     Intercept (0.053) 
 

  

Change in  -0.109*** 

     Slope (0.037) 

Predicted effect of SD increase 

in treatment in third year of 

policy 

-12,347,025 

 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level,  

weighted by 2011 state-age population  

Controls: unemployment rate (total), population (total), income per capita,  

strict state regulation of abortion, and state mandates 
Years: 2006-2012  

Predicted effect = Treatment intensity SD  

* (Avg. yearly occurrences)  

* (𝛽𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝛥  + (3 * 𝛽𝑠𝑙𝑜𝑝𝑒𝛥)) 

 

 

 

 

Table 5: Effect of Dependent Coverage Mandate (20-24 Year Olds) 

 Log Birth 

Cases 

Log Chlamydia 

Cases 

Log Gonorrhea 

Cases 

Pre-Period 0.036 0.178 0.221 

Slope (0.024) (0.112) (0.127) 
    

Change in  -0.031 -0.224 -0.324 

     Intercept (0.038) (0.215) (0.221) 
 

      

Change in  0.015 -0.256* -0.410** 

     Slope (0.021) (0.136) (0.202) 

Predicted effect of SD increase 

in treatment in third year of 

policy 

 

2,674 

 

-87,047 

 

-29,634 

*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific), population (total and age-specific),  

income per capita, strict state regulation of abortion, and state mandates 

Years: 2006-2012  

Predicted effect = Treatment intensity SD * (Avg. yearly occurrences) * (𝛽𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡𝛥  + (3 * 𝛽𝑠𝑙𝑜𝑝𝑒𝛥)) 
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Appendix Figures 
 

Figure A1: Trends in Uninsured Rate by Age Group  
 

 
 Data Source: Current Population Survey, Table HI01. Health  

Insurance Coverage Status and Type of Coverage by Selected  

Characteristics, various years 

 

 

Figure A2: Dependent Coverage Mandate –  

 Log Condoms 

   
Note: Whiskers 95% confidence intervals  

Treatment intensity: 2008-09 uninsured rate, 20-24 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total), population (total),  

income per capita, strict state regulation of abortion,  

and state mandates 
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Figure A3: Dependent Coverage Mandate –  

 Log Births 

 

Figure A4: Dependent Coverage Mandate –  

 Log Chlamydia Cases 

 
Note: Whiskers 95% confidence intervals  

Treatment intensity: 2008-09 uninsured rate, 20-24 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 

Note: Whiskers 95% confidence intervals  

Treatment intensity: 2008-09 uninsured rate, 20-24 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 
 

 

 

Figure A5: Dependent Coverage Mandate –  

 Log Gonorrhea Cases 

 

 

Note: Whiskers 95% confidence intervals  

Treatment intensity: 2008-09 uninsured rate, 20-24 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 
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Figure A6: Dependent Coverage Mandate –  

 Check-Up Rate 

 
Note: Whiskers 95% confidence intervals 

Treatment intensity: 2008-09 uninsured rate, 20-24 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 

 

 

Figure A7: Zero Cost-Sharing Mandate –  

 Check-Up Rate 

 
Note: Whiskers 95% confidence intervals  

Treatment intensity: 2011-12 insured rate, 25-29 year olds 

Cluster at state-level, weighted by 2011 state-age population 

Controls: unemployment rate (total and age-specific),  

population (total and age-specific), income per capita,  

strict state regulation of abortion, and state mandates 

 
  

 

Figure A8: Chlamydia Testing by Year 

 
Data source: National Ambulatory Medical Care Survey 
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Appendix Tables 

 
Table A1: Effect of Policies on Model Parameters 

  Dependent Coverage Zero Cost-Sharing 

Birth Costs - 0 

STI Treatment Costs - 0 

Birth Control Costs 0 - 

STI Prevalence +/- +/- 

 
Table A2: Effect of Model Parameters on Choices 

  Birth Costs 

STI Treatment 

Costs 

Birth Control 

Costs 

STI 

Prevalence 

Birth Control + 0 - 0 

Sex - 0 0 0 

Condom + 0 0 0 

     
Birth - 0 0 0 

STI Treatment 0 - 0 0 

 
Table A3: Effect of Choices on Choices 

  

Birth 

Control Sex Condom   Birth STI Treatment 

Birth Control 1 + -  + 0 

Sex + 1 +  - + 

Condom - + 1  + - 

       
Birth 0 0 0  1 0 

STI Treatment 0 0 0   0 1 

 
Table A4: Effect of Outcomes on Choices 

  Pregnancy STI 

Birth Control 0 0 

Sex 0 0 

Condom 0 0 

   
Birth + 0 

STI Treatment 0 + 

 
  



 

58 

Table A5: Effect of Choices on Outcomes 

  Birth Control Sex Condom   Birth STI Treatment 

Pregnancy - + -  0 0 

STI 0 + -   0 0 

 
Table A6: Effect of Dependent Coverage Mandate on Insurance Rate 

Age Groups (Year Olds) 

20-25 26-30 31-35 41-45 

0.139** 0.087 -0.084 -0.057 

(0.057) (0.073) (0.082) (0.064) 

2008-09 Insurance Rate 

0.688 0.769 0.829 0.851 

Percent Change 

6.3% 2.6% -1.7% -1.0% 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE) 

Percent change = (estimated effect * (1 - baseline)) / baseline. For 20-25 year olds,  

(0.139 * (1-0.688)) / 0.688 

 

Table A7: Unweighted Effect of Dependent Coverage Mandate (20-24 Year Olds) 

  

Log Birth 

Cases 

Log Chlamydia 

Cases 

Log Gonorrhea 

Cases 

Change in  -0.057 -0.224 -0.486 

     Intercept (0.050) (0.147) (0.385) 
 

      

Change in  0.033 -0.211 -0.172 

     Slope (0.029) (0.133) (0.283) 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level 
Controls: unemployment rate (total and age-specific), population (total and age-specific),  

income per capita, strict state regulation of abortion, and state mandates 

Years: 2006-2012  

 

 

Table A8: Unweighted Effect of Zero Cost-Sharing Mandate (25-29 Year Olds) 

  

Log Birth 

Cases 

Log Chlamydia 

Cases 

Log Gonorrhea 

Cases 

Change in  -0.012 0.501** 0.394 

     Intercept (0.043) (0.223) (0.583) 
 

      

Change in  -0.053 0.125 -0.044 

     Slope (0.043) (0.132) (0.367) 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level 

Controls: unemployment rate (total and age-specific), population (total and age-specific),  

income per capita, strict state regulation of abortion, and state mandates 

Years: 2006-2014 
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Table A9: Effect of Dependent Coverage Mandate (20-24 Year Olds),  

Excluding Earlier Medicaid Expansion States 

  

Log 

Birth 

Cases 

Log 

Chlamydia 

Cases 

Log 

Gonorrhea 

Cases 

Change in  -0.058 -0.432** -0.289 

Intercept (0.053) (0.181) (0.327) 
       

Change in  -0.017 -0.403** -0.366 

Slope (0.029) (0.155) (0.236) 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level, weighted by 2011 state age-specific pop. 

Controls: unemployment rate (total and age-specific), population (total and age-specific),  

income per capita, strict state regulation of abortion, and state mandates 

Years: 2006-2012  

 

 

Table A10: Effect of Zero Cost-Sharing Mandate (25-29 Year Olds),  

Excluding Earlier Medicaid Expansion States 

  

Log Birth 

Cases 

Log 

Chlamydia 

Cases 

Log 

Gonorrhea 

Cases 

Change in  -0.007 0.534** 0.231 

Intercept (0.034) (0.206) (0.313) 
       

Change in  -0.082** 0.199 -0.243 

Slope (0.033) (0.156) (0.225) 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level, weighted by 2011 state age-specific pop. 

Controls: unemployment rate (total and age-specific), population (total and age-specific),  

income per capita, strict state regulation of abortion, and state mandates 

Years: 2006-2014 

 

 

Table A11: Effect of Zero Cost-Sharing Mandate (30-34 Year Olds) 

 

Log Birth 

Cases 

Log Chlamydia 

Cases 

Log 

Gonorrhea 

Cases 

Change in  0.020 0.460*** 0.244 

Intercept (0.041) (0.142) (0.357) 
 

   

Change in  -0.036 0.338*** -0.062 

     Slope (0.044) (0.102) (0.213) 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state- level, weighted by 2011 state age-specific pop. 
Controls: unemployment rate (total and age-specific), population (total and age-specific),  

income per capita, strict state regulation of abortion, and state mandates 

Years: 2006-2014 
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Table A12: Falsification Test - Effect of Dependent Coverage Mandate 

  

Log 

Syphilis 

Cases 

Log 

HIV 

Cases27 

% 

Women 

%  

White 

Unemp. 

Rate 

Income 

Per Capita 

Strict 

Abortion 

Reg. 

Change in  0.265 0.152 0.000 -0.018 0.337 1231.5 -0.092 

Intercept (0.583) (0.375) (0.002) (0.012) (0.792) (1402.0) (0.184) 
        

Change in  -0.144 -0.240 0.002 0.008 -2.101 -1618.0 -0.318 

Slope (0.448) (0.269) (0.004) (0.008) (1.609) (1980.4) (0.193) 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level, weighted by 2011 state age-specific 

population 

Controls: unemployment rate (total and age-specific), population (total and age-specific), income per 

capita, strict state regulation of abortion, and state mandates 

Years: 2006-2012, HIV starts in 2008  

 

 

Table A13: Falsification Test - Effect of Zero Cost-Sharing Mandate  

  

Log 

Syphilis 

Cases 

Log 

HIV 

Cases28 

% 

Women 

%  

White 

Unemp. 

Rate 

Income 

Per Capita 

Strict 

Abortion 

Reg. 

Change in  0.571 0.216 -0.005 -0.013 0.317 -1165.53 0.412 

Intercept (0.705) (0.25) (0.005) (0.016) (1.537) (2766.241) (0.452) 
        

Change in  0.498 -0.121 0.003** -0.006 1.181 -1406.594 -0.053 

Slope (0.335) (0.151) (0.001) (0.007) (1.311) (889.75) (0.099) 
 *p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE), cluster at state-level 

Controls: unemployment rate (total and age-specific), population (total and age-specific), income per 

capita, strict state regulation of abortion, and state mandates 

Years: 2006-2014, HIV starts in 2008 
  

                                                 
27 Age group is 25-34 year olds 
28 Age group is 25-34 year olds 
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CHAPTER 2 

 

The Effect of Weight on Mental Health: 

New Evidence Using Genetic IVs* 

 

 

 

 

 

 

Abstract: Average body mass index (BMI) and depression prevalence grew over the last 

several decades, increasing medical expenditures. There is a strong correlation between 

obesity and depression but limited evidence on the causal effect of weight on mental 

health. I use an index of genetic risk for high BMI as a source of exogenous variation in 

weight to provide novel evidence on the effect of weight on mental health. This is one 

of the first studies to use genetics as an instrument for BMI and to examine the causal 

relationship between weight and depression. Results are mixed; I find a meaningful and 

significant effect of weight on suicidal ideation but no effects on counselling and an 

index of depression. The effect on suicidal ideation is concentrated in white females. 

From respondent and interviewer opinions of respondent attractiveness, social stigma is 

a mechanism through which weight affects mental health for white women. 

  

 

 

 

 

 
*For a final version of this paper, visit www.sciencedirect.com/science/article/pii/S0167629617303223. 

Citation: Willage, Barton. The Effect of Weight on Mental Health: New Evidence Using Genetic IVs. 

Journal of Health Economics. 3 (2018): 113-130. 
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1. Introduction  

In the United States, there has been an across the board shift in the weight 

distribution. The prevalence of obesity (BMI ≥ 30) has increased dramatically from 

less than 20% in the early 1960s to over 30%, with a similar decrease in healthy 

weight (BMI 18.5–24.9) (Centers for Disease Control and Prevention, 2003; Fryar et 

al., 2012). As seen in Appendix Figure A1 and Appendix Figure A2, no group has 

avoided increases in obesity (Fryar et al., 2012). Commensurate with the rise in weight 

has been a marked increase in the rate of depression, from 3.3% in 1991-92 to 7.1% in 

2001-02 (Compton et al., 2006). Increases in weight and frequency of mental illness 

are imposing large costs on society. Medical expenditures on weight-related care have 

reached $200 billion per year in the United States, and Americans spend $100 billion 

annually on mental health treatments (Cawley and Meyerhoefer, 2012; Mark et al, 

2007). These medical expenditures cause negative externalities to other members of 

insurance risk pools and taxpayers in the case of public insurance. Additionally, 

mental health may serve as an important pathway through which weight affects labor 

market outcomes.  Mental illness also can have negative spillovers to family 

members, in terms of decreased earnings and damaged relationships which can lead to 

divorce (Lépine and Briley, 2011). 

The rise in weight – particularly the severity and the prevalence of obesity – has 

led to a great deal of interest in the effects of weight on physical health (Fryar et al., 

2012; World Health Organization, 2017). However, there is much less research about 

the causal effects of weight on mental health. The influence of body mass index (BMI) 

on mental health has important ramifications for how we measure the overall impact 

of the ongoing obesity epidemic. This paper aims to help fill the gap in the literature 

on the effect of weight on mental health by using a genetic index of risk for high body 

mass index to instrument for BMI. In addition, this research addresses the possible 
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mechanisms – body image, disrupted social relationships including stigma, and health 

problems – through which weight affects mental health. Understanding the empirical 

relevance of these various mechanisms is important in shaping policies to address 

depression. 

Not only have the increases in weight and depression coincided over time, but the 

correlational evidence is quite clear: there is a strong positive association between 

high BMI and depression (Luppino et al., 2010; Pratt and Brody, 2014; Scott et al., 

2010; Zhao et al., 2009). The correlation between weight and depression could operate 

through three non-mutually exclusive potential pathways: (1) higher BMI harms 

mental health, (2) poor mental health causes weight gain – such as through changes in 

diet or as a side effect of anti-depressants, or (3) a third factor – such as parental SES – 

affects both mental health and weight. This paper tests the first pathway, whether 

being heavier harms mental health. It is important to distinguish between these three 

relationships. For instance, if higher BMI has a negative effect on mental health, it has 

important ramifications for how we calculate the cost of the obesity epidemic. 

Similarly, efforts to reduce BMI can have important spillovers that improve mental 

health; as communities, policymaker, and employers invest more resources to fight 

increasing BMIs, it will be useful to consider the mental health benefits of any 

success. Additionally, paying special attention to overweight and obese people during 

mental health screenings could better identify individuals with increased risk of mental 

health problems.  

Because weight is not randomly assigned and typically is based on a number of 

factors that researchers cannot observe, overcoming problems associated with 

endogeneity is very difficult in this literature. Consequently, there is a dearth of 

studies that use credible causal methods to estimate the effect of weight on mental 

health. Two recent papers make progress on this difficult endogeneity problem by 
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using biological relatives’ BMI/obesity as instruments for respondents’ weight. Sabia 

and Rees (2015) find that increased weight adversely affects mental health, primarily 

for females, while Bjørngaard et al. (2015) find higher weight increases depression but 

not anxiety. While this instrument provides a clear advancement relative to prior 

associational work, it cannot disentangle the causal effects of BMI from the effects 

stemming from other common factors within the household.  

This paper contributes to the literature by leveraging individual level genetic 

information to examine the effect of weight on mental health within an instrumental 

variables (IV) strategy. The use of genetic information – derived from biological 

samples and laboratory analysis – as an instrument for BMI is in contrast to much of 

the previous literature that relied on biological relatives to proxy for genetics 

(Bjørngaard et al., 2015; Sabia and Rees, 2015).  I use the National Longitudinal 

Study of Adolescent to Adult Health (Add Health), which contains data on height and 

weight, information on mental health, and an index of genetic predisposition for high 

BMI.  The BMI Genetic Risk Score, the instrument used in this study, is based on 31 

individual pieces of genetic information known as Single Nucleotide Polymorphisms 

(SNPs) that are related to elevated BMI. The SNPs included in the BMI Genetic Risk 

Score are based on a meta-analysis of genome-wide association studies (GWAS) and 

verification by geneticists (Speloites et al., 2010).  

The central identifying assumption underlying my approach is that the BMI 

Genetic Risk Score is only related to mental health through weight. The main concern 

is that the SNPs in the BMI Genetic Risk Score are correlated with other variables, 

such as family socio-economic status, which also independently affect mental health. I 

show that the instrument is unrelated to a series of individual background 

characteristics, such as parental education and income, and I also control for parental 

obesity to account for concerns related to the correlation of parent and child obesity 
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and mental health. By using a genetic index as the instrument, I use only the variation 

in BMI related to those genes in the index (Speloites et al., 2010). While one can never 

completely prove that the exclusion restriction holds, it allows me to relax the 

assumption associated with using a biological relative as an instrument for obesity, 

that shared environmental factors or genetics unrelated to weight are uncorrelated with 

mental health outcomes.  

My results for the effect of weight on mental health are mixed. I find an 

economically meaningful and statistically significant effect of weight on suicidal 

ideation at the 10% level, but not use of counseling services or a depression index. The 

effect on suicidal ideation is primarily in white females. A concentration of effects in 

females is consistent with Sabia and Rees (2015) as well as with the literature on the 

effect of weight on labor market outcomes (Averett, 2014). However, I find a weaker 

relationship between weight and mental health than previous research using sibling 

BMI as an instrument. When I examine mechanisms, I find that social stigma, as 

measured by the interviewer’s opinion of the respondent’s attractiveness, is a 

mechanism through which weight affects mental health for this group. 

This paper is organized as follows: Section 2 presents the data, including the 

instrument and the measures of BMI and mental health; Section 3 explains the 

research design and method; Section 4 presents empirical results; Section 5 explores 

potential mechanisms; and Section 6 concludes with a discussion.  

 

2. Data 

This paper uses data from the National Longitudinal Study of Adolescent to Adult 

Health (Add Health). Add Health, a national panel study, began data collection when 
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participants were in 7th through 12th grade. The first two waves of data collection 

occurred while respondents were adolescents in 1995 and in 1996; waves 3 and 4 were 

collected during early adulthood in 2001-2002 and in 2008 when respondents were 

aged 18-34. Add Health contains a wide variety of information, including details about 

the respondent’s school reported by an administrator and information about family and 

household reported by an adult household member, as well as neighborhood and 

community characteristics from administrative datasets such as the Centers for 

Disease Control Sexually Transmitted Disease File.  

Importantly, Add Health collected information about height, weight, and mental 

health in all four waves. The BMI Genetic Risk Score was collected in wave 4 and is 

time invariant. Most control variables, including parental characteristics, were 

collected at baseline and are treated as fixed. This information is in Appendix Table 

A1 as well as summary statistics on the data aggregated across waves. Respondents 

are quite young and results might not extrapolate to older populations. However, 

young adults have higher rates of depression than older adults (Compton et al., 2006), 

so this maybe the most appropriate group to examine.  

I calculate the respondent’s BMI, the main variable of interest in this analysis, 

using measures of height and weight collected by Add Health field interviewers in 

waves 2-4 and self-reported information in wave 1 when measured values are not 

available.29 Add Health contains a rich set of mental health outcomes, including 

                                                 
29 Estimates with obesity (BMI>30) and waist circumference available upon request and have similar 

conclusions. Results based on obesity are not presented because the statistical methods used assume 

continuous treatment. Also, empirical evidence suggests the effects on mental health are across the 

weight distribution, so dichotomizing BMI overstates the effect of obesity on mental health; the 

instrument affects mental health not just through obesity but through variation in BMI within obese and 
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information on counseling, suicidal ideation, suicide attempt, injury from suicide 

attempt as well as a subset of questions from the Center for Epidemiologic Studies 

Depression Scale (CES-D), which I standardized to have mean of zero and standard 

deviation of one.30,31,32 The CES-D is an established tool to measure symptoms of 

depression and has been tested in multiple settings for validity and reliability 

(Lewinsohn et al., 1997; Radloff, 1977). Suicidal ideation can be used as a useful 

measure of utility. One theory is that a fully rational individual who wants to commit 

suicide has a negative expected lifetime utility (Hamermesh and Soss, 1974).  

Another theory is that professed suicidal ideation can serve as an expression of low 

utility (unhappiness), perhaps in order to extract sympathy and resources (Cutler et al., 

2001). To examine potential mechanisms, I use information on respondents’ own 

sense of attractiveness as a measure of self-image and interviewer-rated attractiveness 

                                                 
non-obese categories. Effects across the BMI distribution is consistent with the research on wages, 

particularly for women (Gregory and Ruhm, 2011). Results based on waist circumference are not 

presented because the genetic index is designed for BMI rather than waist circumference. 
30 Completed suicide information is not yet available at this time, because the genetic information that 

serves as the instrument was collected in the most recent wave of the Add Health data. Only 2.3% of 

respondents report a suicide attempt in the past year, and less than 1% injured themselves during an 

attempt. This lack of variation in these outcomes requires a much larger sample to detect the effect of 

weight, so estimates on these outcomes are not presented here, but available upon request.  
31 Counseling is based on the question: “In the past year, have you received psychological or emotional 

counseling?” 

Suicidal ideation is based on the question: “During the past 12 months, did you ever seriously think 

about committing suicide?” 

The depression index is standardized to be mean 0, standard deviation 1. Based on how often the 

following were true in the past week: You were bothered by things that don't usually bother you; You 

felt that you could not shake off the blues, even with help from your family and your friends; You felt 

you were just as good as other people; You had trouble keeping your mind on what you were doing; 

You felt depressed; You felt that you were too tired to do things; You enjoyed life; You felt sad; You 

felt that people disliked you. Each question takes on a value of one to three, and the index is the sum of 

the values. 
32 The pair-wise correlations between mental health outcomes examined here are: corr(suicidal ideation, 

counseling)=0.189; corr(suicidal ideation, depression index)=0.305; corr(counseling, depression 

index)=0.173. 
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as a proxy for stigma.33 

 An important characteristic of the Add Health study is the sampling design. 

Add Health randomly sampled clusters of high schools and collected data from a 

subsample of students in those schools. This sample design enabled Add Health to 

develop data about school environment and peer networks. Add Health oversampled 

certain subpopulations of interest, including the children of college-educated black 

adults and individuals with physical disabilities, who may have a relatively small 

presence in a school. Generally, when a study uses a sample design that is not a simple 

equal probability sample, analyses should account for both clustering and 

oversampling.  

In this study, I cluster at the school level but use no sample weights. I cluster at the 

school level as opposed to the level of treatment assignment (individual or family) 

because all individuals and almost 80 percent of families are completely subsumed 

within schools. By clustering at the larger level, I account for the correlation within 

the smaller clusters, and according to Cameron and Miller (2015) “[t]he consensus is 

to be conservative and avoid bias and use bigger and more aggregate clusters.” Add 

Health personnel recommended that no available sample weights be used in the 

analysis of the BMI Genetic Risk Score sample (National Longitudinal Study of 

Adolescent to Adult Health, personal communication, 2015). Additionally, if the 

sample weights are unrelated to the outcomes conditional on controls, unweighted and 

                                                 
33 Respondent-rated attractiveness is based on the question “How attractive are you?” Takes value 1 if response 

“not at all attractive” or “slightly attractive”, 0 if “moderately attractive” or “very attractive”. 

Interviewer-rated attractiveness based on the field interviewers answer to the question “How physically 

attractive is the respondent?” Takes value 1 if response “very unattractive”, “unattractive” or “about 

average”; 0 if “moderately attractive” or “very attractive”. 
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weighted regressions are both consistent, but weighting can reduce precision (Solon et 

al., 2015). The results from this analysis are thus local to the sample population and 

are not representative at the national level. 

While the literature on the causal effect of weight on mental health is thin, many 

studies have used instruments for BMI to look at the effect of weight on other 

outcomes, such as employment and wages (Averett, 2014; Averett and Korenman, 

1996; Cawley, 2004). Most of these studies use the BMI of a biological relative to 

instrument for the respondent’s BMI. The relative’s BMI serves as a proxy for shared 

genetics that are related to weight (Averett, 2014). Researchers have started to use 

respondents’ own genetic information as collecting and analyzing genetic samples has 

become more common in social science datasets (Böckerman et al., 2017; Tyrrell et 

al., 2016; von Hinke et al., 2016).  

The BMI Genetic Risk Score, the instrument in this study, is based on 31 Single 

Nucleotide Polymorphisms34 previously identified as associated with increased BMI 

by Speloites et al. (2010). The score can range from 0 to 62, as a person can have 0, 1, 

or 2 risky alleles for each of the 31 SNPs.35 To determine which SNPs were 

associated with increased BMI, Speloites et al. (2010) first performed a meta-analysis 

                                                 
34 There are four nucleotides: cytosine, adenine, guanine, and thymine. DNA (deoxyribonucleic acid) is 

composed of a sequence of these nucleotides. If a nucleotide occurs in a particular position with at least 

moderate frequency (more than one in one hundred people) then this location-nucleotide combination is 

a SNP (for instance, if more than one percent of the population has cytosine in a certain location in their 

DNA, that would be a SNP) (Nature.com, 2014). 
35 As of June 14, 2017 the online documentation for the BMI Genetic Risk Score is incorrect 

(http://www.cpc.unc.edu/projects/addhealth/documentation/restricteduse/datasets/GRS_BMI.pdf). It 

states that the score is standardized (mean 0, standard deviation 1) by race. However, based on 

communication with Add Health staff, this description applies to how the data were used in Domingue 

et al. (2014) (National Longitudinal Study of Adolescent to Adult Health, personal communication, 

2016). The fact that the BMI Genetic Risk Score is not standardized is confirmed in a frequency table at 

the bottom of the online documentation.  
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of 46 genome-wide association studies. She and her co-authors then performed their 

own analysis on the 19 SNPs from the meta-analysis and found an additional 12 SNPs 

associated with BMI. In wave 4, Add Health collected the genetic information used to 

calculate the BMI Genetic Risk Score using saliva samples. Saliva samples were 

collected from 1,946 respondents, 1,886 have valid genetic data, and 1,733 individuals 

have all information required for valid BMI Genetic Risk Scores, though not all 

respondents with BMI Risk Scores were present in all waves of data. Of the 1,733 

respondents with valid BMI Genetic Risk Scores, there are 595 sibling pairs, 30 

sibling trios, 1 sibling quad, and 449 stand-alone respondents. The Siblings Pair 

dataset is based on approximately 1,600 individual from whom genetic samples were 

collected, which is described in the BMI Genetic Risk Score documentation (National 

Longitudinal Study of Adolescent to Adult Health, 2017).  

 

3. Method 

I obtain estimates of correlation between BMI and mental health using ordinary 

least squares models. While OLS models are important to see associations between 

weight and mental health, they can suffer from bias in the form of reverse causality 

(mental illness causes weight gain) and unobserved confounders such as self-control. 

Von Hinke et al. (2016) carefully outline an argument for the credibility of a genetic 

index as an instrument for weight based on the instrumental variable assumptions: 

independence, exclusion, non-zero correlation of instrument and treatment, and 

monotonicity. I address the same issues and concerns in a new context: mental illness. 

I combine the discussion of independence and exclusion in terms of “validity”; 
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likewise, I combine monotonicity and non-zero correlation of instrument and 

treatment as “strength”. I discuss the empirical evidence regarding the IV assumptions 

in the Results section. 

While the issue of instrument strength can be empirically examined, instrument 

validity – that the BMI Genetic Risk Score is only related to mental health by affecting 

weight – is not as clear-cut. One benefit of genetic instruments involves the concept of 

Mendelian randomization; genetics are randomly passed from parents to children 

(Lawlor et al., 2008). Therefore, after controlling for parental genetics, children’s 

genetics are as-if randomly assigned. While I am unable to condition on parents’ 

genes, I do control for parental characteristics including self-reported obesity. 

Potential threats to the validity assumption that I cannot investigate with the data in 

Add Health include pleiotropy (when a gene influences multiple characteristics) and 

biological mechanisms, though I address these issues with evidence from existing 

research. 

In terms of pleiotropy, if a SNP that is related to weight also is directly related to 

mental health outcomes, the SNP would not be a valid instrument. As I cannot 

examine this concern with the data available, I follow von Hinke el al. (2016) by 

checking if the SNPs in the BMI Genetic Risk Score are also found to be related to 

mental illness in GWAS. Based on literature reviews, the SNPs in the BMI Genetic 

Risk Score are not directly linked to mental illness such as major depression, bipolar 

disorder, or schizophrenia (Flint and Kendler, 2014; Gurung and Prata, 2015; Ripke et 

al, 2013). In aggregate, if BMI affects mental health, then there is an indirect link 

between the SNPs and mental health; however, with current information on genetic 
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mechanisms, there is not a definitive method to disentangle a potential direct effect of 

the SNPs on mental health from an indirect effect through weight. While not much is 

known about the biological mechanisms of SNPs generally, the current evidence 

indicates that the SNPs in the BMI Genetic Risk Score impact weight through 

mechanisms that are consistent with the IV assumptions, such as energy homeostasis 

(involved in hunger) and gastric inhibitory polypeptide (involved in insulin secretion) 

(Locke et al., 2015).  

To estimate the causal effect in the IV approach, I estimate two stage least squares 

(2SLS) regression models. The estimating equations are: 

 

 

First Stage: 

𝐵𝑀𝐼𝑖𝑡 =  𝛼0 + 𝛼𝑟𝑖𝑠𝑘𝑠𝑐𝑜𝑟𝑒𝐺𝑒𝑛𝑒𝑡𝑖𝑐𝑅𝑖𝑠𝑘𝑆𝑐𝑜𝑟𝑒𝑖 +  𝜶𝒙𝑿𝒊𝒕𝒋𝒌 + 𝜁𝒊𝒕𝒋𝒌  

 

 

Second Stage: 

𝑌𝑖𝑡 =  𝛽0 + 𝛽𝐵𝑀𝐼𝐵𝑀𝐼𝑖𝑡
̂ +  𝜷𝒙𝑿𝒊𝒕𝒋𝒌 + 𝜖𝒊𝒕𝒋𝒌, 

 

 

where each observation occurs at time t for individual i, who is a member of 

family j, and sampled from school k. Therefore, each observation nests within 

individuals who are nested within both schools and families, and most families are 

nested within schools (78%). 

In the first stage, the endogenous regressor of interest (BMI) is regressed on the 

instrument (BMI Genetic Risk Score). In the second stage, the outcome (depression 

index, counseling, suicide ideation) is regressed on the fitted value of BMI from the 

first stage. I also estimate reduced form models in which I regress mental health 
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outcomes directly on the BMI Genetic Risk Score. These reduced form models relax 

the functional form assumptions. Though these models have no clear policy 

implication, they are included as standard good form. To estimate the mechanism by 

which BMI affects mental health, I estimate the same 2SLS models and use 

interviewer- and self-rated attractiveness as the outcomes. In all models, I control for 

individual and area characteristics to increase precision. Controls include age, age 

squared, native born, wave, race/ethnicity, parent education, self-reported parent 

obesity (continuous measure not available), county unemployment rate, gender, 

intelligence (picture vocabulary and number recall).  

 

4. Results 

As previously mentioned, the credibility of the instrument rests on two main 

assumptions. The first assumption is that the instrument is highly correlated with BMI. 

By construction, the BMI Genetic Risk Score is correlated with BMI. Further, this 

assumption can be tested empirically. As seen in Figure 1, the BMI Genetic Risk 

Score and BMI have a strong positive relationship. The mean BMI Genetic Risk Score 

in the sample is 27 and the standard deviation is 3.44, so for every five SNPs (or about 

1.4 standard deviations) that are associated with increased BMI, BMI increases by 2 

units. For a 6-foot tall individual, a BMI increase of 2 units corresponds to a weight 

gain of 15 pounds. Additionally, I present first stage F-statistics from the two stage 

least squares models. All F-statistics are above the traditional cut-off of 10 for weak 

instruments (Stock and Yogo, 2005), and many F-statistics are in the 20s and 30s, 

indicating that the BMI Genetic Risk Score is a strong instrument for BMI.  
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Figure 1: Relationship between BMI and Genetic Risk Score and Number of 

Observations by Risk Score 

 
Data Source: The National Longitudinal Study of Adolescent to Adult Health 

BMI Genetic Risk Score range restricted due to small numbers of observations at extreme values 

 

Figure 1 also presents evidence of monotonicity. While the relationship between 

the BMI Genetic Risk Score and BMI is somewhat noisy, the relationship appears 

largely linear and increasing; a higher BMI Genetic Risk Score is associated with 

higher average BMI. The one exception is for BMI Genetic Risk Score from 21 to 23. 

This is likely not caused by an actual violation of the monotonicity assumption, but 

due to the fact that the mean BMI for each bin is fairly imprecise due to few 

observations. As a robustness test, those with BMI Genetic Risk Score below 24 are 

excluded.36  

                                                 
36 First stage estimates increase, while reduced form estimates are substantively the same but are not 

statistically significant due to loss of precision (results available upon request).  
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Linearity between outcomes and the predicted BMI based on first-stage 

regressions (Appendix Figures A3-A5) can be assessed from appendix graphs. These 

graphs are important because the effect of predicted BMI on outcomes is estimated in 

the second stage of 2SLS models and assumes linearity. Relationships appear linear, 

though with limited data points. From Appendix Figure A3 there is some indication 

that a relationship between predicted BMI and suicidal ideation is largely caused by 

effects at low predicted BMI. However, very few respondents have predicted BMI 

below 24 (3%), and so estimates are unlikely to be driven by changes at low predicted 

BMI. This is reflected in the fact that probability of suicidal ideation at other predicted 

BMI values lay close to the fitted line. Additionally, effect sizes are largely robust to 

dropping respondents with BMI Genetic Risk Scores under 24, which includes all 

respondents with low predicted BMI.37 

 Table 1 presents first stage estimates of the effect of the BMI Genetic Risk 

Score on BMI.38 There are several important takeaways. First, estimated effects of the 

BMI Genetic Risk Score are stable across racial and gender groups: a unit increase in 

the BMI Genetic Risk Score increases BMI by approximately 0.3 units. Second, all F-

statistics are over the traditional cut-off of 10, and often above 20. Third, the marginal 

R-squared, the additional percent of total variance in BMI explained by controlling for 

the BMI Genetic Risk Score, ranges from 2-5% (in square brackets).  

                                                 
37 See footnote 10 for discussion about results when respondents with BMI Genetic Risk Scores below 

24 are excluded.  
38 Ideally, the data would have sufficient sample size to include household fixed effects. In this case, 

the identifying variation would be based solely on differences between siblings. However, including 

household fixed effects leaves very little variation and uses much of the statistical power. While the 

estimated relationship is fairly stable, F-statistics drop to below ten, and the partial R2 falls to about 1%. 
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Table 1: First Stage - Effect of the Genetic Risk Score on BMI (Mean=25.6) 

Panel A: Males and Females Pooled 

  Full Sample Whites Blacks 

 Genetic Risk Score 0.308*** 0.337*** 0.353*** 

  (0.0401) (0.0463) (0.0730) 

  N=5486 N=2876 N=1841 

  F=59.194 F=52.912 F=23.702 

  [0.030] [0.043] [0.030] 

Panel B: Males 

  Full Sample Whites Blacks 

 Genetic Risk Score 0.318*** 0.348*** 0.355*** 

  (0.0583) (0.0686) (0.106) 

  N=2677 N=1408 N=868 

  F=30.024 F=25.923 F=11.851 

  [0.036] [0.049] [0.039] 

Panel C: Females 

  Full Sample Whites Blacks 

 Genetic Risk Score 0.296*** 0.311*** 0.323*** 

  (0.0524) (0.0694) (0.0976) 

  N=2809 N=1468 N=973 

  F=31.554 F=20.166 F=10.399 

  [0.025] [0.034] [0.021] 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Partial R2 in square brackets   

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity,  

county unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 

 

 

The second IV assumption – validity or that the instrument is unrelated to the 

outcomes except through BMI – cannot be tested directly. The two ways this 

assumption could fail are: (1) the effect of the instrument on the outcome operates 

through a mechanism besides BMI (exclusion) and (2) some third factor causes 

changes in the instrument and the outcome (independence). I empirically assess both 

of these possible threats to validity by examining the relationship between the BMI 

Genetic Risk Score and other predictors of depression.  
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To assess the relationship between the BMI Genetic Risk Score and other 

characteristics, I compare respondents with high and low genetic risk. This is a 

common approach to investigate the validity of an instrument (McClellan et al., 1994). 

Appendix Table A2 contains the mean and standard error of the mean of 

characteristics that are related to BMI and mental health for those with low (below the 

median of 27) and high (above the median) BMI Genetic Risk Scores in wave 1. In 

addition to race (addressed in regards to respondent characteristics below), the only 

significant difference among parental characteristics is that those with higher BMI risk 

are more likely to have obese parents, which is expected because parents and children 

share genes. A concern with the heritability of risk of high BMI is that parents of 

heavier children are heavier and thus might earn less. In this case, the BMI Genetic 

Risk Score could violate the validity assumption by impacting heavier children’s 

mental health through socioeconomic status. However, childhood household income 

and parents’ education are similar across levels of BMI risk.  

Another concern is that parental weight can impact parental mental health, and 

depressed parents could affect their children’s mental health. The concern is that 

shared genes related to BMI result in correlated child/adult weight, and that higher 

adult weight could affect child mental health. The effect of parent mental health, net of 

the effect of parent weight, on child mental health would not violate the IV 

assumptions. In order to prevent bias from shared genetic disposition for high BMI, I 

control for a measure of parental obesity in all models as well as parental education. 

Ideally, I would control for parent mental health to increase precision, but such 

measures are not available in Add Health. 
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Appendix Table A2 also shows differences in picture vocabulary test and grade 

point average that are statistically significant, but the differences are quite small in 

magnitude. A difference of 2.3 in picture vocabulary test is only 1/6 of a standard 

deviation, and the difference in GPA is less than 1/10 of a standard deviation. 

Additionally, academic achievement is endogenous (affected by weight), and so 

differences in GPA are plausibly a consequence of higher BMI’s effect on mental 

health (Sabia and Rees, 2015). There is a four percentage point difference in 

prevalence of native born, but both groups are almost completely born in the United 

States. I include picture vocabulary and native born in all models. Importantly those 

with higher BMI risk have higher BMI but very similar heights; estimated effects of 

BMI will be based on variation in weight instead of height. Whites and blacks differ in 

base rates of the SNPs of interest, because most genetic studies of the effect of SNPs 

on BMI use white samples as well as due to potential population stratification 

(different prevalence of genes caused by historic separation of the ancestors of white 

and black individuals). Thus, I perform all analyses separately for whites and blacks, 

as suggested by von Hinke et al. (2016).  

Appendix Table A3 shows a composite measure of the potential bias from 

violating the validity assumption for the black and white pooled sample. First, 

predicted outcomes are based on regressing a mental health measure on observable 

characteristics. Then the predicted value for the mental health outcome, which is a 

linear combination of observable characteristics, is regressed on the genetic risk score 

controlling for parent obesity. The estimates in Table A3 are the association between 

the BMI Genetic Risk Score and variation in observable characteristics predictive of 
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mental health issues.  

Though the relationships are statistically significant, the correlations are very 

small. For suicidal ideation, the correlation is 1/3 the reduced form estimate and 1/10 

the two stage least squares estimate of the effect of BMI, and thus any bias from 

violating the validity assumption is unlikely to explain the results for suicidal ideation. 

The other correlations are also very small and comparable in magnitude to the reduced 

form estimates, which are not statistically significantly different from zero. 

Importantly, once the analysis is stratified by race (Appendix Table A4 and Appendix 

Table A5) the estimates are much smaller and many of the associations are not 

statistically significant; the significant relationships found in Appendix Table A3 load 

on race. Since the main results are also stratified by race, the balance in Appendix 

Tables A4 and A5 further mitigate concerns about the validity assumption. 

Since results from reduced form linear probability models are similar to the 

marginal effect obtained from probit models, I present linear probability models, 

which are easier to interpret.39 Tables 2-4 present ordinary least squares (left panel) 

associations and two stage least squares (right panel) estimates of the effect of BMI on 

mental health outcomes. Ordinary least square estimates are the association between 

BMI and the outcome. The 2SLS estimates are the causal effect of a one-unit increase 

in BMI on the outcome. Comparing OLS and 2SLS estimates can reveal potential bias 

from using an endogenous measure of treatment.40 However, differences could also be 

                                                 
39  For example, see Appendix Table A6 for LPM and Appendix Table A9 for probit marginal effects. 
40 The direction of the bias is ambiguous ex ante. The direction of omitted variable bias depends on the 

correlation between the omitted variable with both the treatment and the outcome, while bias from 

reverse causality – mental health affecting weight –could be up or down due to the effect of depression 

on diet (American Psychiatric Association, 1994).  
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due to the fact OLS correlations are average treatment effects (ATE) and IV estimates 

are local average treatment effects (LATE) based only on variation in BMI due to 

genetic predisposition.41 If high BMI caused by genetics is more difficult to reverse or 

prevent, then intuitively the LATE in this context (effect of BMI on mental health 

specifically caused by genetics) would be larger than the correlation. 

Table 2 presents OLS and 2SLS estimates of the effect of BMI on suicide ideation. 

Effects of suicidal ideation are of particular interest, because it is the most severe 

measure of mental health problems I examine. From the right panel, BMI has a 

statistically and economically significant effect on suicidal ideation. Consistent with 

research on BMI’s effect on labor market outcomes and mental health, the effects are 

concentrated in women and particularly white women (Averett, 2014; Sabia and Rees, 

2015). Each unit increase in BMI causes a 0.87 percentage points increase in suicidal 

ideation, off a mean of 9.7 percent. The effect is almost double for white women at 1.4 

percentage points. For women and whites, the estimated effects are much larger than 

the correlations. The estimated correlations and estimated effects of BMI are smaller 

and not statistically significant for males and blacks. However, IV point estimates are 

still positive and of moderate magnitude for all groups; a one-unit increase in BMI 

causes half a percentage point increase in suicidal ideation for men. Additionally, the 

estimate for black women is almost as large as for white women but is not statistically 

significant, perhaps due to a smaller sample size in that subpopulation. 

 

 

  

                                                 
41 While OLS estimates are average treatment effects and 2SLS estimates are local average treatment 

effects, the 2SLS estimates are based on variation across the BMI distribution (see Figure 1). 
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Table 2: OLS and 2SLS - Effect of BMI on Suicidal Ideation (Mean=0.097) 

  Ordinary Least Squares    Two Stage Least Squares 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00152** 0.00191 0.00148  0.00876* 0.0103** 0.00490 

 (0.000720) (0.00118) (0.00122)  (0.00469) (0.00508) (0.00657) 

 N=5437 N=2857 N=1818  N=5437 N=2857 N=1818 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.000543 -0.000446 -0.000241  0.00546 0.00552 0.00335 

 (0.000869) (0.00124) (0.00174)  (0.00548) (0.00727) (0.00685) 

 N=2648 N=1398 N=852  N=2648 N=1398 N=852 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00283** 0.00357* 0.00258*  0.0116* 0.0140* 0.0136 

 (0.00110) (0.00186) (0.00146)  (0.00703) (0.00795) (0.0100) 

  N=2789 N=1459 N=966  N=2789 N=1459 N=966 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Standard errors stable to two-way clustering (school and family, school and individual), see Appendix Table A10 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county unemployment rate, gender, intelligence (picture 

vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health  
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While suicidal ideation is a fairly severe indication of depression, changes in the 

depression index and use of counseling services can reflect effects of weight on people 

who have relatively good mental health. The estimated effect of BMI on the 

depression index and on use of counseling service in the past year are small and 

exclusively not statistically significant. The largest 2SLS estimate for the effect of 

BMI on the depression index (Table 3) is 0.031 for white females. While the estimated 

effect for women is much larger than the estimated correlation of 0.011 based on OLS, 

it is still a small fraction of the standard deviation of the depression index (SD=1). A 

5’4” women who weighs 130 pounds (~22 BMI) could increase her weight by 50 

pounds (~8 BMI), and the resulting increase in her depression index would be much 

smaller than a standard deviation in this outcome (8 BMI x 0.0308 ≈ 0.25). Results for 

a dichotomized depression score (above vs below average) also result in small 

estimates that are not statistically significant (results available upon request).  
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Table 3: OLS and 2SLS - Effect of BMI on Depression Index (Mean=0.0) 

 Ordinary Least Squares Two Stage Least Squares 

Panel A: Males and Females Pooled  

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00507* 0.00589 0.00745*  0.00283 0.00267 0.0200 

 (0.00304) (0.00452) (0.00412)  (0.0198) (0.0258) (0.0349) 

 N=5477 N=2871 N=1838  N=5477 N=2871 N=1838 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.000145 -0.00248 0.00866  -0.00903 -0.0259 0.0329 

 (0.00400) (0.00528) (0.00693)  (0.0260) (0.0381) (0.0459) 

 N=2671 N=1404 N=866  N=2671 N=1404 N=866 

Panel C: Females             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00857** 0.0112* 0.00855*  0.0148 0.0308 0.0103 

 (0.00406) (0.00627) (0.00503)  (0.0267) (0.0327) (0.0498) 

  N=2806 N=1467 N=972  N=2806 N=1467 N=972 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Standard errors stable to two-way clustering (school and family, school and individual), see Appendix Table A11Controls: Age, age squared, native born, 

wave, race/ethnicity, parent education, parent obesity, county unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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The results for the effect on using counseling services (Table 4) tell a similar story, 

though men are more responsive to weight for this outcome. Again the IV estimates 

are of greater magnitude than the OLS estimates, but both 2SLS and OLS estimates 

are generally small compared to the standard deviation of the outcome (SD=0.279). 

However, the effects on men are of economically significant magnitude but are 

imprecise. The largest estimated effect is for black males, for whom a one-unit 

increase in BMI would cause a not statistically significant 1.58 percentage point 

increase in the probability of using counseling services in the past year. The estimated 

effect of BMI on counseling is often of the opposite sign from the correlation – 

indicating potential bias of an endogenous measure of BMI – though all estimated 

effects and correlations are not significant.  

The lack of effect of BMI on these two indicators of less severe42 mental health 

problems – depression index and counseling – suggests that those of fair-to-good 

psychological well-being are unresponsive to weight. In order to test this empirically, I 

examine the effect of BMI on suicidal ideation for those with high depression index 

scores (discussed below). Since the data only contain information on the extensive 

margin of counseling, I am unable to examine the effect of BMI on frequency of 

counselling. If the intensive margin is responsive to BMI, these estimates could 

understate the effect of BMI, particularly for people in worse mental health. 

 

 

  

                                                 
42 This not to say depression cannot be a serious health concern, but that  use of counseling services at 

the extensive margin – the marginal person goes from no use to some – and the topics in the depression 

index – such as inability to shake off the blues or increased irritability – intuitively fall to the left of 

suicidal ideation in terms of severity. 
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Table 4: OLS and 2SLS - Effect of BMI on Counseling Use (Mean=0.085) 

  Ordinary Least Squares    Two Stage Least Squares 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.000233 0.000833 -0.000460  0.00316 -0.000782 0.00493 

 (0.000743) (0.00113) (0.00108)  (0.00402) (0.00478) (0.00639) 

 N=5484 N=2874 N=1841  N=5484 N=2874 N=1841 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.000845 -0.000440 -0.000829  0.00768 0.00286 0.0158 

 (0.000867) (0.00131) (0.00193)  (0.00601) (0.00678) (0.0114) 

 N=2677 N=1408 N=868  N=2677 N=1408 N=868 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00136 0.00180 0.000486  -0.00158 -0.00749 0.00235 

 (0.00110) (0.00176) (0.00128)  (0.00627) (0.00885) (0.00823) 

  N=2807 N=1466 N=973  N=2807 N=1466 N=973 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Standard errors stable to two-way clustering (school and family, school and individual), see Appendix Table A12 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county unemployment rate, gender, intelligence (picture 

vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Tables A6-A8 contain estimates of reduced form IV models. Though 

these models have no clear policy implication, they are included for completeness. In 

these models, the outcome is regressed on the instrument (BMI Genetic Risk Score) 

along with a set of controls. The estimates represent the effect of a one-unit increase in 

the BMI Genetic Risk Score or the presence of one more allele associated with high 

BMI on mental health outcomes. The results are consistent with the 2SLS regressions 

above. The BMI genetic risk score has a statistically significant and economically 

meaningful effect on suicidal ideation, particularly for white females, but not for the 

black sample or on men. The estimated effects on counseling and the depression index 

are small and not significantly different form zero. 

I also ran a number of analyses to examine heterogeneous effects. Since 

statistically significant effects of BMI are found only on suicidal ideation, this 

suggests that BMI influences people who are already in relatively worse mental health. 

In order to examine this empirically, I estimate the effect of BMI on suicidal ideation 

for those with above average depression index scores (the index is standardized to 

mean 0).  In Appendix Table A13 are results for the high depression index subsample 

as well as the full sample. Results are consistent with the hypothesis that individuals 

with worse mental health are more responsive to weight: Point estimates are much 

high for the high depression index subsample, and effects are still concentrated in 

white women. 

 Two other questions of interest remain: Is there heterogeneity by age and how 

does the BMI Genetic Risk Score compare to using the traditional instrument of 

sibling BMI? Results for adults (age>18) are compared to the full sample in Appendix 
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Tables A14-A16. Again, BMI only has statistically significant effects on suicidal 

ideation, and the effect continues to be concentrated in white women. Interestingly, the 

effect of BMI on suicidal ideation is larger for adults, which should address concerns 

that effects are driven by endogenous misreporting of height and weight in wave 1. 

In Appendix Tables A17-A19, I compare estimates using sibling BMI as an 

instrument to estimates using the BMI Genetic Risk Score. In order to have more 

comparable analyses, I limit the sample to respondents with BMI Genetic Risk Scores 

and at least one sibling with BMI information.43 When restricting the sample, 

estimates based on the BMI Genetic Risk Score are less precise and similar to the 

main analysis, except the effects on black women are somewhat unstable. 

Pooled gender estimates for suicidal ideation are not statistically significant using 

sibling BMI as an instrument, because effects for males have decreased. Estimates 

using the BMI Genetic Risk Score show a moderate if imprecise increase in suicidal 

ideation for men, but instrumenting with sibling BMI results in reversal of sign – a 

moderate decrease in suicidal ideation. Effects for white women are similar between 

instruments, but effects are only statistically significant using sibling BMI in the 

restricted sample. The estimated effect of weight on the depression index is larger and 

becomes significant for white women using sibling BMI, and the effect for black men 

is large but very imprecise. Regardless of instrument, there is no significant effect on 

counseling use, and many estimates remain precise zeros. Analysis on unrestricted 

                                                 
43 In order for an observation to be included, the respondent and a sibling must have BMI information 

in the same wave. If a sibling pair has BMI information in one wave of data collection, they will be 

included for that wave. If one sibling is missing information in a different wave, they will not be 

included in that wave. 
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samples are available in Appendix Tables A20-A22. When using sibling BMI as an 

instrument, results are similar but smaller for the full sample, and effects on the 

depression index are no longer statistically significant for white women.  

 

5. Mechanism of BMI Effect on Mental Health 

I now explore potential mechanisms through which weight affects mental 

health. The psychological literature notes three possible mechanisms by which weight 

can cause worse mental health: body image, disrupted social relationships including 

stigma, and health problems. First, body image may be important in societies with 

beauty premiums; being overweight can lower self-esteem and self-worth as the 

feeling of being attractive decreases (Granberg, 2011). Second, stigma towards heavier 

people can contribute to depression. Research indicates that heavier people, 

particularly women, have less successful marriage/romantic partner market outcomes 

(Averett and Korenman, 1996) and are treated differently in any number of other 

social interactions. Lastly, high BMI can decrease mental well-being through weight’s 

detrimental effect on physical health. Obesity causes cardiovascular disease and 

diabetes (Colditz et al., 1995; Hubert et al., 1983), which in turn can decrease the 

ability to engage in enjoyable activities and to effectively take care of oneself. Co-

morbidities increase stress through the financial burden of increased medical care 

costs. For instance, the lifetime medical cost of developing diabetes can reach 

$100,000 (Zhuo et al., 2014).  

It is important to note that stigma and self-image are two different issues. 

Stigma harms mental health primarily through worse treatment, such as difficulty 
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making friends (Granberg, 2011). While stigma could affect self-image if heavier 

people know they are treated differently because of their weight, stigma may manifest 

itself in ways that do not affect self-image or in ways that the heavier person does not 

realize are related to weight/attractiveness. For instance, if stigma plays a role in the 

effect of weight on labor market outcomes for women such as in Cawley (2004), 

women may be unaware that their weight and appearance are factors. Therefore, 

stigma may impact a person and their mental health but not necessarily through self-

image. I am using interviewer-rated attractiveness of the respondent as a proxy for 

stigma. 

Given the mix evidence of weight’s effect on mental health, investigating the 

impact of weight on stigma and self-image is important; if these potential mechanisms 

are unaffected, the evidence that weight harms mental health would be further 

weakened. Additionally, determining the mechanism by which weight affects mental 

health can help target policies. For instance, groups that suffer from poor body image 

could be more responsive to mental health interventions. While broader informational 

campaigns on the social effects of weight may increase awareness among those who 

stigmatize obesity, and reduce judgmental behavior and statements. I hypothesize that 

health problems are unlikely to be a driving factor as respondents are quite young, 12 

to 34 years old.44 Therefore, I examine body image and stigma as viable mechanisms 

                                                 
44 Appendix Table A23 provides confirmation. First, the prevalence of poor health and diabetes is very 

low; half a percent of respondents report being in poor general health and two percent have diabetes. 

Second, the effect of BMI on self-described health and on diabetes (only available in waves 3 and 4) are 

very small. The exception is for the moderate protective effect of BMI on black respondents’, which is 

the opposite direction one would expect for a mechanism between weight and mental health. 

Importantly there is no statistically significant effect on diabetes, an objective health outcome highly 

related to weight. 
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for this sample. Table 5 contains estimates of the effect of BMI on one’s body image, 

and Table 6 contains estimates of the effect of BMI on the interviewer’s perspective of 

a respondent’s attractiveness, which I use as a proxy for stigma. I use this measure to 

proxy for stigma as I assume that weight’s role in what is considered attractive is an 

important part of the stigma associated with weight. 

For white females, the group in which the effect of weight on mental health is 

concentrated, the mechanism appears to be social stigma. Interviewer-rated 

attractiveness is highly responsive to weight for this group, while self-rated 

attractiveness is largely unaffected; this suggest that stigma and differential treatment 

may manifest in ways that white women are unaware relate to weight/attractiveness. 

Additionally, women’s self-image could be increasingly protected from the effects of 

weight due to both public service and marketing campaigns promoting positive body 

image, which have tended to focus on women. For instance, almost 20 years ago the 

American Dietetic Association began promoting body size acceptance (Parham, 1999), 

while the Dove Campaign For Real Beauty started in the mid-2000s (Bahadur, 2014). 

Such campaigns may help protect self-image, but could also reduce reporting of poor 

self-image due to weight. If a shift towards body acceptance prevents women from 

reporting poor self-image, the measure used in this study may not capture true 

problems with self-image. 

A unit increase in BMI causes a 2.35 percentage point increase in the 

probability of the interviewer finds a white female unattractive. In contrast, the point 

estimate for the effect of BMI on self-rated attractiveness is only 0.32 percentage 

points. For neither outcome do white males have statistically significant results, which 
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is consistent with white males’ earnings and mental health being largely unaffected by 

weight, as shown in this research and other studies examining mental health and labor 

market outcomes (Averett, 2014; Sabia and Rees, 2015).  

Black males’ self-image and exposure to social stigma are both responsive to 

increased BMI. The meaningful effect of BMI on mental health for white females and 

lack of effect for black males in light of the large effects on potential mechanisms is 

somewhat surprising. While these mechanisms do not manifest themselves in 

statistically significant effects on the measures of mental health examined here for 

black males, I estimate BMI has a meaningful but imprecise effect on counseling for 

this group. Self-image and stigma may also serve as mechanisms for mental health 

outcomes not examined in this study for this group. Another possible explanation for 

this difference between black males and white females is that feeling attractive and 

being perceived as attractive may have a greater effect on the mental health of white 

women. 
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Table 5: 2SLS and OLS - Effect of BMI on Self-Rated Unattractiveness (Mean=23.8%) 

  Ordinary Least Squares    Two Stage Least Squares 

Panel A: Males and Females Pooled 

 

Full 

Sample 
Whites Blacks 

 
Full Sample Whites Blacks 

BMI 0.00750*** 0.0113*** 0.00550***  0.0100 0.000792 0.0282*** 

 (0.00128) (0.00187) (0.00170)  (0.00773) (0.0110) (0.00897) 

 N=2653 N=1404 N=883  N=2653 N=1404 N=883 

Panel B: Males             

 

Full 

Sample 
Whites Blacks 

 
Full Sample Whites Blacks 

BMI 0.00572*** 0.00547 0.00886***  0.0153 -0.00803 0.0410*** 

 (0.00201) (0.00330) (0.00271)  (0.0113) (0.0150) (0.0152) 

 N=1279 N=685 N=408  N=1279 N=685 N=408 

Panel C: Females 

 

Full 

Sample 
Whites Blacks 

 
Full Sample Whites Blacks 

BMI 0.00873*** 0.0145*** 0.00343  0.00243 0.00320 0.0156 

 (0.00192) (0.00307) (0.00279)  (0.0116) (0.0161) (0.0112) 

  N=1374 N=719 N=475  N=1374 N=719 N=475 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Average marginal effect in square brackets [average marginal effect] 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education,  

county unemployment rate, gender, intelligence (picture vocabulary and number recall)  

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Table 6: 2SLS and OLS - Effect of BMI on Interviewer-Rated Unattractiveness (Mean=52.9%) 

  Ordinary Least Squares    Two Stage Least Squares 

Panel A: Males and Females Pooled 

 
Full Sample Whites Blacks 

 

Full 

Sample 
Whites Blacks 

BMI 0.0154*** 0.0191*** 0.0125***  0.0108 0.00936 0.0272** 

 (0.00122) (0.00168) (0.00185)  (0.00720) (0.00904) (0.0122) 

 N=5476 N=2873 N=1836  N=5476 N=2873 N=1836 

Panel B: Males             

 
Full Sample Whites Blacks 

 

Full 

Sample 
Whites Blacks 

BMI 0.0113*** 0.0140*** 0.00876**  0.00101 -0.00718 0.0455** 

 (0.00188) (0.00269) (0.00361)  (0.0102) (0.0153) (0.0198) 

 N=2672 N=1408 N=865  N=2672 N=1408 N=865 

Panel C: Females 

 
Full Sample Whites Blacks 

 

Full 

Sample 
Whites Blacks 

BMI 0.0180*** 0.0226*** 0.0150***  0.0189** 0.0235** 0.0135 

 (0.00152) (0.00203) (0.00263)  (0.00962) (0.0112) (0.0181) 

  N=2804 N=1465 N=971  N=2804 N=1465 N=971 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Average marginal effect in square brackets [average marginal effect] 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education,  

county unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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6. Conclusion 

Overall, I conclude that the evidence on the causal relationship between weight and 

mental health is mixed. While my findings do not indicate that weight impacts use of 

counselling services or a depression index, I find a statistically and economically 

significant effect of weight on suicidal ideation. This effect is concentrated in certain 

groups, particularly white women. A concentration of effects of weight in white 

women is consistent with the research on labor market outcomes (Averett, 2014; 

Cawley, 2004) and the smaller literature on the effect of weight on mental health 

(Bjørngaard et al., 2015; Sabia and Rees, 2015). However, my findings are less strong 

than the previous research on mental health that uses sibling BMI as an instrument for 

own BMI (Sabia and Rees, 2015). Based on respondent and interviewer opinions of 

respondent attractiveness, social stigma is a possible mechanism by which high BMI 

affects mental health for white women.  

The effect on suicidal ideation is statistically significant at a cut-off of 0.10. 

While there are many regressions investigating heterogeneous effects by race and 

gender, there are three main hypothesis tests on the pooled sample (one for each 

mental health outcome). If there were only statistically significant effects in one 

subsample and none for the pooled sample, then there may be concerns about multiple 

comparisons (that a significant finding is due to the combination of many tests and 

type I error). However, after accounting for three comparisons, the adjusted p-value 

for the effect of BMI on suicidal ideation for the pooled sample is slightly above the 
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traditional cut-off.45 

 These findings add to the scant literature that uses econometric methods to 

examine the causal effect of weight on depression. The effect of weight on mental 

health also has important implications for the total cost of the ongoing obesity 

epidemic in the United States. This causal relationship could serve as an important 

mechanism of weight’s effect on labor market outcomes.  Additionally, this paper is 

one of the first economic studies to use measures of genetic information to instrument 

for BMI. Another contribution is the empirical examination of mechanisms by which 

weight impacts mental health outcomes, which can have policy implications for 

educating society about the consequences of stigmatizing weight.  

This study is limited to a young sample under 35 years old, so future work should 

consider the effects of weight on an older population as well as how potential 

mechanisms operate differently for this group. As more genetic data respondents 

become available in survey data, particularly in data sets with parent and offspring 

pairs, the credibility of genetic indices as instruments will continue to improve, 

because offspring genetic risk is as-if randomly assigned after fully controlling for 

parental genetic risk. This advancement will further improve genetic information as 

instruments. Larger data sets with genetic information will provide the required 

                                                 
45 Using the procedure discussed in Tukey et al. (1985), the adjust p-value for the 2SLS effect on 

suicidal ideation for the pooled sample is 0.105. The adjusted p-value is  

𝑝𝑎𝑑𝑗 = 1 − (1 − 𝑝𝑢𝑛𝑎𝑑𝑗)
√𝑘

= 1 − (1 − 0.062)√3 = 0.105, 

where 𝑝𝑢𝑛𝑎𝑑𝑗 is the unadjusted p-value and 𝑘 is the number of tests (3). This adjustment is appealing 

because it intuitively balances type I and type II error. This method takes into account multiple 

hypothesis tests and results in adjusted p-values that approach 1 as the number of tests becomes large. 

However, it is less conservative then the Bonferroni adjustment of multiplying p-values by 𝑘, which 

can result in adjusted p-values over 1. 
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statistical power to analyze the effect of weight on more severe but less common 

outcomes such as suicide attempts and completed suicides. 
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Appendix 

 

Appendix Figure A1: Trends in obesity rates among adults by race, men 

 
Source: Fryar et al., 2012. Data: NHANES III; Continuous NHANES (1999-00 through 2009-10) 

 
 

 

Appendix Figure A2: Trends in obesity rates among adults by race, women 

 
Source: Fryar et al., 2012. Data: NHANES III; Continuous NHANES (1999-00 through 2009-10)  
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Appendix Table A1: Summary Statistics and Data Availability by Wave 

 Availability   

  Wave 1 Wave 2 Wave 3 Wave 4 Mean (SD) 

BMI Genetic Risk Score    X1 27.0 (3.4) 

       

BMI X2 X X X 25.6 (6.8) 

       

Suicidal Ideation X X X X 0.097 (0.296) 

Depression Index X X X X 0.0 (1.0) 

Counseling Use  X X X X 0.085 (0.279) 

Self-Rated Unattractiveness    X X 0.238 (0.426) 

Interviewer-Rated Unattractiveness  X X X X 0.529 (0.499) 

       

Father Obese X3    0.117 (0.321) 

Mother Obese X3    0.229 (0.420) 

Father Ed. (HS Grad or Less) X3    0.488 (0.500) 

Mother Ed. (HS Grad or Less) X3    0.556 (0.497) 

       

Native Born X1    0.961 (0.194) 

Black X1    0.351 (0.477) 

White X1    0.495 (0.500) 

Hispanic X1    0.108 (0.310) 

Gender X1    0.479 (0.500) 

Age X X X X 21.1 (5.5) 

Intelligence (Number Recall)    X3 4.065 (1.525) 

Intelligence (Picture Vocab) X3    0.097 (0.296) 
1 Time-invariant; 2 Self-reported; 3 Treating as time-invariant 

Standard deviations in parentheses (SD) 

Data: The National Longitudinal Study of Adolescent to Adult Health 
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Appendix Figure A3: Relationship between Suicidal Ideation and Predicted BMI 

 
Data Source: The National Longitudinal Study of Adolescent to Adult Health 

Predicted BMI range restricted due to small numbers of observations at extreme values 

 

Appendix Figure A4: Relationship between Counseling and Predicted BMI 

 
Data Source: The National Longitudinal Study of Adolescent to Adult Health 

Predicted BMI range restricted due to small numbers of observations at extreme values 
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Appendix Figure A5: Relationship between Depression Index and Predicted BMI 

 
Data Source: The National Longitudinal Study of Adolescent to Adult Health 

Predicted BMI range restricted due to small numbers of observations at extreme values 

 

  



 

106 

Appendix Table A2: Balance Between High and Low BMI Risk 

  

Low BMI 

Risk 
High BMI Risk Difference 

Parental Characteristics  

Parent Income ($1,000) 41.518 43.063 1.545 

 (2.223) (1.559) p=0.581 

Less than HS Mother 0.171 0.167 -0.004 
 (0.013) (0.014) p=0.819 

Less than HS Father 0.147 0.151 0.004 

 (0.015) (0.016) p=0.863 

HS Grad Mother 0.382 0.393 0.012 
 (0.017) (0.018) p=0.639 

HS Grad Father 0.336 0.348 0.012 

 (0.02) (0.021) p=0.686 

Some Post HS Mother 0.195 0.213 0.019 
 (0.013) (0.015) p=0.362 

Some Post HS Father 0.182 0.205 0.023 

 (0.016) (0.018) p=0.344 

College Mother 0.197 0.177 -0.02 
 (0.014) (0.014) p=0.306 

College Father 0.234 0.213 -0.021 

 (0.018) (0.018) p=0.404 

More Than College Mother 0.056 0.049 -0.007 
 (0.008) (0.008) p=0.564 

More Than College Father 0.102 0.085 -0.017 

 (0.013) (0.012) p=0.348 

Obese Mother 0.209 0.247 0.038* 

 (0.014) (0.017) p=0.078 

Obese Father 0.075 0.162 0.086*** 

 (0.009) (0.014) p<0.001 

Alcoholism Mother 0.031 0.037 0.006 

 (0.006) (0.007) p=0.523 

Alcoholism Father 0.153 0.157 0.003 

 (0.013) (0.014) p=0.861 

Diabetes Mother 0.030 0.036 0.005 

 (0.006) (0.007) p=0.568 

Diabetes Father 0.055 0.063 0.008 

 (0.008) (0.01) p=0.527 

Continue next page 
Data: The National Longitudinal Study of Adolescent to Adult Health; Wave 1 (2001-02)  

*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE) 
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Appendix Table A2: Balance Between High and Low BMI Risk (cont) 

  

Low BMI 

Risk 
High BMI Risk Difference 

Intelligence and Academic Achievement 

Picture Vocab Test 96.987 99.255 2.268*** 

 (0.472) (0.520) p=0.001 

Number Recall 4.027 4.096 0.069 

 (0.05) (0.054) p=0.350 

Grade Point Average 2.768 2.695 -0.073* 

 (0.024) (0.028) p=0.048 

Less Than High School 0.111 0.101 -0.011 

 (0.01) (0.011) p=0.480 

High School 0.193 0.181 -0.012 

 (0.013) (0.014) p=0.539 

Some Post HS 0.363 0.387 0.024 

 (0.016) (0.018) p=0.299 

JR College 0.07 0.066 -0.004 

 (0.008) (0.009) p=0.754 

College 0.168 0.171 0.003 

 (0.012) (0.014) p=0.866 

More Than College 0.096 0.094 -0.001 

 (0.01) (0.011) p=0.922 

Demographics 

Native Born 0.942 0.982 0.041*** 

 (0.008) (0.005) p<0.001 

White 0.407 0.6 0.193*** 

 (0.016) (0.018) p<0.001 

Black 0.432 0.257 -0.175*** 

 (0.016) (0.016) p<0.001 

Hispanic 0.100 0.119 0.019 

 (0.01) (0.012) p=0.205 

Continue next page 
Data: The National Longitudinal Study of Adolescent to Adult Health; Wave 1 (2001-02)  

*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE) 
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Appendix Table A2: Balance Between High and Low BMI Risk (cont) 

  

Low BMI 

Risk 
High BMI Risk Difference 

Body Measures 

BMI (self-reported) (Wave 1) 22.216 23.393 1.176*** 

 (0.141) (0.188) p<0.001 

Obese (self-reported) (Wave 1)  0.055 0.11 0.055*** 

 (0.007) (0.011) p<0.001 

Weight (lbs) (Wave 4) 182.186 195.457 13.271*** 

 (1.556) (2.004) p<0.001 

Height (inches) (Wave 4) 66.917 67.076 0.159 

 (0.132) (0.142) p=0.413 

Mental Health Outcomes 

Suicidal Ideation (Wave 1) 0.136 0.146 0.010 

(past 12 months) (0.011) (0.013) p=0.553 

Counseling  (Wave 1) 0.095 0.114 0.019 

(past 12 months) (0.009) (0.011) p=0.192 

Depression Index (Wave 1) 6.372 6.220 -0.151 

 (0.138) (0.158) p=0.469 
Data: The National Longitudinal Study of Adolescent to Adult Health; Wave 1 (2001-02)  

*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE) 
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Appendix Table A3: Association between BMI Risk Score and Predicted Outcomes; 

Black and White Pooled Sample 

Suicidal Ideation Counseling Depression Index 

0.0009*** 0.0015*** 0.0075*** 

(0.0002) (0.0003) (0.0026) 

N=5517 N=5566 N=5559 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Observables included: Age, age squared, native born, wave, race/ethnicity, parent education, 

county unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Second stage also includes parent obesity 

 

 

Appendix Table A4: Association between BMI Risk Score and Predicted Outcomes; 

White Sample 

Suicidal Ideation Counseling Depression Index 

0.0005* 0.0003 0.0003 

(0.0003) (0.0003) (0.0029) 

N=2898 N=2915 N=2912 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Observables included: Age, age squared, native born, wave, race/ethnicity, parent education, 

county unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Second stage also includes parent obesity 

 

 

Appendix Table A5: Association between BMI Risk Score and Predicted Outcomes; 

Black Sample 

Suicidal Ideation Counseling Depression Index 

-0.0003 -0.0001 0.0007 

(0.0005) (0.0003) (0.0049) 

N=1840 N=1863 N=1860 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Observables included: Age, age squared, native born, wave, race/ethnicity, parent education, 

county unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Second stage also includes parent obesity 
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Appendix Table A6: Reduced Form Regressions - Effect of Genetic Risk Score on 

Mental Health Outcomes; Black and White Pooled Sample 

  Suicidal Ideation Counseling Depression Index 

Panel A: Males and Females Pooled 

Genetic Risk Score  0.00271* 0.000804 0.000583 

  (0.00139) (0.00122) (0.00605) 

  N=5517 N=5566 N=5559 

Panel B: Males 

 Genetic Risk Score  0.00190 0.00234 -0.00319 

  (0.00170) (0.00178) (0.00825) 

  N=2679 N=2708 N=2702 

Panel C: Females 

 Genetic Risk Score  0.00330 -0.000644 0.00412 

  (0.00208) (0.00190) (0.00776) 

  N=2838 N=2858 N=2857 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level  

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 

 

 

 

 

Appendix Table A7: Reduced Form Regressions - Effect of Genetic Risk Score on 

Mental Health Outcomes; White Sample 

 Suicidal Ideation Counseling Depression Index 

Panel A: Males and Females Pooled 

 Genetic Risk Score 0.00340* -0.000566 0.000485 

 (0.00177) (0.00163) (0.00877) 

 N=2898 N=2915 N=2912 

Panel B: Males   

 Genetic Risk Score 0.00212 0.000879 -0.0101 

 (0.00256) (0.00235) (0.0131) 

 N=1415 N=1425 N=1421 

Panel C: Females 

 Genetic Risk Score 0.00413* -0.00272 0.00950 

 (0.00246) (0.00271) (0.0100) 

 N=1483 N=1490 N=1491 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level  

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A8: Reduced Form Regressions - Effect of Genetic Risk Score on 

Mental Health Outcomes; Black Sample 

 Suicidal Ideation Counseling Depression Index 

Panel A: Males and Females Pooled 

 Genetic Risk Score 0.00203 0.00175 0.00685 

 (0.00234) (0.00221) (0.0124) 

 N=1840 N=1863 N=1860 

Panel B: Males   

 Genetic Risk Score 0.00118 0.00557 0.0119 

 (0.00239) (0.00358) (0.0165) 

 N=858 N=874 N=872 

Panel C: Females 

 Genetic Risk Score 0.00484 0.000802 0.00242 

 (0.00331) (0.00274) (0.0163) 

 N=982 N=989 N=988 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level  

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 

 

 

 

Appendix Table A9: Reduced Form Probit Regressions Margins - Effect of Genetic 

Risk Score on Mental Health Outcomes; Black and White Pooled Sample 

 Suicidal Ideation Counseling 

Panel A: Males and Females Pooled 

 Genetic Risk Score 0.00262* 0.000786 

 (0.00135) (0.00119) 

 N=5517 N=5566 

Panel B: Males 

 Genetic Risk Score 0.00190 0.00235 

 (0.00164) (0.00169) 

 N=2679 N=2708 

Panel C: Females 

 Genetic Risk Score 0.00337* -0.000795 

 (0.00205) (0.00183) 

 N=2838 N=2858 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level  

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A10: 2SLS Standard Errors by Clusters, Suicidal Ideation 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks 

BMI (0.00469) (0.00508) (0.00657) 

 [0.00472] [0.00498] [0.00666] 

 {0.00469} {0.00508} {0.00657} 

Panel B: Males 

 Full Sample Whites Blacks 

BMI (0.00548) (0.00727) (0.00685) 

 [0.00547] [0.00726] [0.00663] 

 {0.00548} {0.00727} {0.00685} 

Panel C: Females 

 Full Sample Whites Blacks 

BMI (0.00703) (0.00795) (0.0100) 

 [0.00710] [0.00799] [0.0106] 

  {0.00703} {0.00795} {0.0100} 
Standard errors clustered at the school level in parentheses (SE) 

Standard errors clustered at the school and family level in square brackets [SE] 

Standard errors clustered at the school and individual level in braces {SE} 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 

 

 

Appendix Table A11: 2SLS Standard Errors by Clusters, Depression Index 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks 

BMI (0.0198) (0.0258) (0.0349) 

 [0.0203] [0.0264] [0.0362] 

 {0.0198} {0.0258} {0.0349} 

Panel B: Males 

 Full Sample Whites Blacks 

BMI (0.0260) (0.0381) (0.0459) 

 [0.0266] [0.0390] [0.0475] 

 {0.0260} {0.0381} {0.0459} 

Panel C: Females 

 Full Sample Whites Blacks 

BMI (0.0267) (0.0327) (0.0498) 

 [0.0277] [0.0339] [0.0519] 

  {0.0267} {0.0327} {0.0498} 
Standard errors clustered at the school level in parentheses (SE) 

Standard errors clustered at the school and family level in square brackets [SE] 

Standard errors clustered at the school and individual level in braces {SE} 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 

Appendix Table A12: 2SLS Standard Errors by Clusters, Counseling Use 
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Panel A: Males and Females Pooled 

 Full Sample Whites Blacks 

BMI (0.00402) (0.00478) (0.00639) 

 [0.00406] [0.00480] [0.00643] 

 {0.00402} {0.00478} {0.00639} 

Panel B: Males 

 Full Sample Whites Blacks 

BMI (0.00601) (0.00678) (0.0114) 

 [0.00600] [0.00672] [0.0115] 

 {0.00601} {0.00678} {0.0114} 

Panel C: Females 

 Full Sample Whites Blacks 

BMI (0.00627) (0.00885) (0.00823) 

 [0.00630] [0.00896] [0.00802] 

  {0.00627} {0.00885} {0.00823} 
Standard errors clustered at the school level in parentheses (SE) 

Standard errors clustered at the school and family level in square brackets [SE] 

Standard errors clustered at the school and individual level in braces {SE} 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A13: 2SLS - Effect of BMI on Suicidal Ideation, High Depression 

Subsample and Full Sample (Mean=0.097) 

  High Depression Index Subsample   Full Sample 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0244** 0.0318*** 0.00909  0.00876* 0.0103** 0.00490 

 (0.00980) (0.00965) (0.0120)  (0.00469) (0.00508) (0.00657) 

 N=2345 N=1059 N=901  N=5437 N=2857 N=1818 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0128 0.0162 0.00933  0.00546 0.00552 0.00335 

 (0.0103) (0.0147) (0.0152)  (0.00548) (0.00727) (0.00685) 

 N=1006 N=448 N=390  N=2648 N=1398 N=852 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0323** 0.0415*** 0.0190  0.0116* 0.0140* 0.0136 

 (0.0145) (0.0141) (0.0151)  (0.00703) (0.00795) (0.0100) 

  N=1339 N=611 N=511  N=2789 N=1459 N=966 
*p<0.1, **p<0.05, ***p<0.01 

High depression subsample restricted to those with scores above the mean of 0 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health  
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Appendix Table A14: 2SLS - Effect of BMI on Suicidal Ideation, Adults and All Ages 

(Mean=0.097) 

  Adults Only   All Ages 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0111*** 0.0174*** 0.00251  0.00876* 0.0103** 0.00490 

 (0.00432) (0.00523) (0.00615)  (0.00469) (0.00508) (0.00657) 

 N=3252 N=1711 N=1072  N=5437 N=2857 N=1818 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00890 0.0121 0.00400  0.00546 0.00552 0.00335 

 (0.00577) (0.00860) (0.00763)  (0.00548) (0.00727) (0.00685) 

 N=1593 N=848 N=501  N=2648 N=1398 N=852 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0133** 0.0216** 0.00412  0.0116* 0.0140* 0.0136 

 (0.00620) (0.00916) (0.00901)  (0.00703) (0.00795) (0.0100) 

  N=1659 N=863 N=571  N=2789 N=1459 N=966 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A15: 2SLS - Effect of BMI on Depression Index, Adults and All 

Ages (Mean=0.0) 

 Adults Only  All Ages 

Panel A: Males and Females Pooled  

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0118 0.000953 0.0214  0.00283 0.00267 0.0200 

 (0.0184) (0.0251) (0.0397)  (0.0198) (0.0258) (0.0349) 

 N=3280 N=1724 N=1083  N=5477 N=2871 N=1838 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00120 -0.0257 0.0332  -0.00903 -0.0259 0.0329 

 (0.0272) (0.0476) (0.0461)  (0.0260) (0.0381) (0.0459) 

 N=1612 N=856 N=509  N=2671 N=1404 N=866 

Panel C: Females             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0238 0.0233 0.00666  0.0148 0.0308 0.0103 

 (0.0259) (0.0302) (0.0598)  (0.0267) (0.0327) (0.0498) 

  N=1668 N=868 N=574  N=2806 N=1467 N=972 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A16: 2SLS - Effect of BMI on Counseling Use, Adults and All Ages 

(Mean=0.085) 

  Adults Only   All Ages 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00255 0.000610 0.00258  0.00316 -0.000782 0.00493 

 (0.00373) (0.00491) (0.00588)  (0.00402) (0.00478) (0.00639) 

 N=3286 N=1726 N=1086  N=5484 N=2874 N=1841 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00872 0.00840 0.00950  0.00768 0.00286 0.0158 

 (0.00541) (0.00734) (0.0104)  (0.00601) (0.00678) (0.0114) 

 N=1616 N=858 N=511  N=2677 N=1408 N=868 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.00392 -0.0108 0.00102  -0.00158 -0.00749 0.00235 

 (0.00627) (0.00960) (0.00886)  (0.00627) (0.00885) (0.00823) 

  N=1670 N=868 N=575  N=2807 N=1466 N=973 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A17: 2SLS - Effect of BMI on Suicidal Ideation, by Instrument 

(Common Sample) (Mean=0.097) 

  Sibling BMI   BMI Genetic Risk Score 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00408 0.00436 -0.00618  0.0104* 0.00794 0.00790 

 (0.00392) (0.00425) (0.0156)  (0.00563) (0.00559) (0.0115) 

 N=3909 N=2353 N=1016  N=3909 N=2353 N=1016 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.00570 -0.00536 -0.0916  0.00602 0.00216 0.00365 

 (0.00514) (0.00501) (0.388)  (0.00586) (0.00644) (0.00709) 

 N=1884 N=1148 N=447  N=1884 N=1148 N=447 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0123** 0.0121** -0.000205  0.0151 0.0120 0.0395 

 (0.00546) (0.00514) (0.0150)  (0.0111) (0.0103) (0.0509) 

  N=2025 N=1205 N=569  N=2025 N=1205 N=569 
*p<0.1, **p<0.05, ***p<0.01 

Sample restricted to respondents with BMI Genetic Risk Scores 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A18: 2SLS - Effect of BMI on Depression Index, by Instrument 

(Common Sample) (Mean=0.0) 

 Sibling BMI  BMI Genetic Risk Score 

Panel A: Males and Females Pooled  

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00150 0.0108 -0.0589  -0.0118 -0.0254 0.0469 

 (0.0145) (0.0157) (0.0655)  (0.0234) (0.0285) (0.0631) 

 N=3937 N=2366 N=1026  N=3937 N=2366 N=1026 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.0157 -0.0297 0.218  -0.0350 -0.0560 0.0312 

 (0.0223) (0.0269) (1.492)  (0.0279) (0.0389) (0.0367) 

 N=1897 N=1153 N=452  N=1897 N=1153 N=452 

Panel C: Females             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0162 0.0410* -0.0571  0.0222 0.0119 0.0711 

 (0.0198) (0.0223) (0.0519)  (0.0409) (0.0413) (0.160) 

  N=2040 N=1213 N=574  N=2040 N=1213 N=574 
*p<0.1, **p<0.05, ***p<0.01 

Sample restricted to respondents with BMI Genetic Risk Scores 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A19: 2SLS - Effect of BMI on Counseling Use, by Instrument 

(Common Sample) (Mean=0.085) 

  Sibling BMI   BMI Genetic Risk Score 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00412 0.00500 0.00652  0.00593 -0.000911 0.00639 

 (0.00324) (0.00343) (0.0179)  (0.00505) (0.00560) (0.0113) 

 N=3943 N=2368 N=1029  N=3943 N=2368 N=1029 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.00212 0.00158 -0.110  0.00765 0.00380 0.00588 

 (0.00411) (0.00464) (0.571)  (0.00606) (0.00763) (0.0109) 

 N=1903 N=1157 N=454  N=1903 N=1157 N=454 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00792 0.00734 0.0113  0.00122 -0.00882 0.0108 

 (0.00484) (0.00522) (0.0171)  (0.00893) (0.0105) (0.0261) 

  N=2040 N=1211 N=575  N=2040 N=1211 N=575 
*p<0.1, **p<0.05, ***p<0.01 

Sample restricted to respondents with BMI Genetic Risk Scores 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A20: 2SLS - Effect of BMI on Suicidal Ideation, by Instrument (Full 

Sample) (Mean=0.097) 

  Sibling BMI   BMI Genetic Risk Score 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00297 0.00275 -0.000088  0.00876* 0.0103** 0.00490 

 (0.00184) (0.00237) (0.00634)  (0.00469) (0.00508) (0.00657) 

 N=44997 N=28109 N=8806  N=5437 N=2857 N=1818 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.00110 -0.00300 -0.00149  0.00546 0.00552 0.00335 

 (0.00261) (0.00313) (0.0153)  (0.00548) (0.00727) (0.00685) 

 N=21063 N=13423 N=3779  N=2648 N=1398 N=852 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00567** 0.00697** 0.000961  0.0116* 0.0140* 0.0136 

 (0.00245) (0.00347) (0.00542)  (0.00703) (0.00795) (0.0100) 

  N=23934 N=14686 N=5027  N=2789 N=1459 N=966 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health  
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Appendix Table A21: 2SLS - Effect of BMI on Depression Index, by Instrument (Full 

Sample) (Mean=0.0) 

 Sibling BMI BMI Genetic Risk Score 

Panel A: Males and Females Pooled  

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00368 0.00238 -0.0148  0.00283 0.00267 0.0200 

 (0.00695) (0.00834) (0.0204)  (0.0198) (0.0258) (0.0349) 

 N=45335 N=28284 N=8905  N=5477 N=2871 N=1838 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.00762 -0.00853 -0.0125  -0.00903 -0.0259 0.0329 

 (0.0104) (0.0128) (0.0638)  (0.0260) (0.0381) (0.0459) 

 N=21278 N=13531 N=3837  N=2671 N=1404 N=866 

Panel C: Females             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.0111 0.0102 -0.0129  0.0148 0.0308 0.0103 

 (0.00873) (0.0104) (0.0213)  (0.0267) (0.0327) (0.0498) 

  N=24057 N=14753 N=5068  N=2806 N=1467 N=972 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A22: 2SLS - Effect of BMI on Counseling Use, by Instrument (Full 

Sample) (Mean=0.085) 

  Sibling BMI   BMI Genetic Risk Score 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00110 0.00129 0.00483  0.00316 -0.000782 0.00493 

 (0.00192) (0.00224) (0.00516)  (0.00402) (0.00478) (0.00639) 

 N=45436 N=28345 N=8927  N=5484 N=2874 N=1841 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.00156 -0.00241 -0.00358  0.00768 0.00286 0.0158 

 (0.00271) (0.00384) (0.0110)  (0.00601) (0.00678) (0.0114) 

 N=21332 N=13566 N=3850  N=2677 N=1408 N=868 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.00286 0.00380 0.00832  -0.00158 -0.00749 0.00235 

 (0.00248) (0.00298) (0.00577)  (0.00627) (0.00885) (0.00823) 

  N=24104 N=14779 N=5077  N=2807 N=1466 N=973 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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Appendix Table A23: 2SLS - Effect of BMI on Health 

  Poor Health (Mean=0.005)   Diabetes (Mean=0.021) 

Panel A: Males and Females Pooled 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.000311 0.00121 -0.00278**  -0.00146 -0.00267 0.00127 

 (0.00110) (0.00143) (0.00121)  (0.00269) (0.00334) (0.00375) 

 N=5486 N=2876 N=1841  N=2676 N=1413 N=890 

Panel B: Males             

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI 0.000834 0.000076 0.000666  -0.000655 -0.00327 -0.000277 

 (0.000958) (0.000908) (0.000594)  (0.00402) (0.00612) (0.00472) 

 N=2677 N=1408 N=868  N=1294 N=690 N=413 

Panel C: Females 

 Full Sample Whites Blacks  Full Sample Whites Blacks 

BMI -0.000193 0.00208 -0.00647**  -0.00193 -0.00243 0.00467 

 (0.00186) (0.00251) (0.00286)  (0.00381) (0.00371) (0.00649) 

  N=2809 N=1468 N=973   N=1382 N=723 N=477 
*p<0.1, **p<0.05, ***p<0.01 

Standard errors in parentheses (SE); Standard errors clustered at the school level 

Controls: Age, age squared, native born, wave, race/ethnicity, parent education, parent obesity, county 

unemployment rate, gender, intelligence (picture vocabulary and number recall) 

Data: The National Longitudinal Study of Adolescent to Adult Health (Waves 1-4) 
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The Long-Run Effects of Student Aid on Health:  

Leveraging Changes in Social Security Benefits  

 

 

 

 

 

 

 

 

 

 

 

 

 

Abstract 

 

Financial aid for college lowers the cost of higher education, and more affordable 

college increases college-going, reduces drop-out rates, and improves academic 

performance. However, there is little evidence on the long-run impact of aid on health. 

To test the causal effect of aid on weight and general health, I exploit a shock in Social 

Security benefits that occurred 1981. Minor children of retired or disabled Social 

Security beneficiaries as well as children with deceased parents are eligible for their 

own Social Security benefits, and before 1981 college-aged recipients could continue to 

receive this cash transfer conditional on college enrollment. Using a difference-in-

differences strategy, I show that this program reduced women’s body mass index and 

improved general health, but had no effect on men. I then investigate the effects of these 

benefits on education, which is a likely mechanism between the benefits and health. I 

find that financial aid improved educational attainment for beneficiaries. Consistent 

with the effects on health, the effects on education are concentrated in women. 
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1. Introduction  

Education and health are two of the largest categories of spending in the United 

States. Health expenditures in 2014 were 17% of the gross domestic product ($3 

trillion); the average person received $9,500 of medical care (National Center for 

Health Statistics, 2016). While spending on education is much smaller, Americans still 

spend $1.2 trillion on education annually, and $500 billion on post-secondary 

schooling (Snyder et al., 2016). Much of the total spending on college comes from 

student aid, with at least $125 billion of aid in 2016 (U.S. Department of Education, 

2016). In addition to the significant annual cost, education and health are important 

factors in other long-run outcomes such as labor market success (Currie and Madrian, 

1999; Card, 1999). 

Empirical research provides compelling evidence that college aid increases college 

initiation (Angrist, 1993; Dynarski, 2000; Dynarski, 2002; Seftor and Turner, 2002) 

and improves college performance and completion (Bettinger, 2004; Scott-Clayton, 

2011). College aid may also impact health since education and health are strongly 

related (Grossman, 2008). For instance, college graduates are ten percentage points 

less likely to be obese than those with no post-secondary education (Schoenborn et al., 

2013). Most of the gradient in health behaviors occurs between secondary and post-

secondary, but not within secondary school (Schoenborn et al., 2013).  

Determining the causal effect of financial aid on health is complicated by the fact 

that aid is not randomly assigned; many other factors affect both aid receipt and 

health. One example is parental socio-economic status (SES). Lower parental SES 

increases availability of need-based aid, but lower SES is associated with worse health 
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outcomes (Currie and Goodman, 2010). Conversely, high parental SES is correlated 

with improved primary and secondary school performance (Sirin, 2005), which 

increases access to merit-based aid.  

Investments in health and financial aid are costly but also have great potential to 

improve lives, so it is crucial to investigate a potential causal relationship between 

them. A protective effect of financial aid on health has important implications for both 

the private and social returns to this investment. While health and education both 

improve labor market outcomes (Currie and Madrian, 1999; Card, 1999), a person 

who is both healthy and educated might have additional labor market advantages. 

Improved health also has important externalities, because public insurance pays for a 

great deal of health care (CMS.gov, 2016). 

In this study I examine how an exogenous change in federal aid for college 

affected weight and overall health.46 Minor children of disabled and retired Social 

Security beneficiaries or of deceased parents who meet Social Security work 

requirements are eligible to receive their own benefits. Between 1965 and 1981, these 

children could continue to receive benefits until the age of 22 if they were enrolled in 

school, including college. The benefits for college-aged children serves the function of 

financial aid and lowers the out-of-pocket cost of higher education. This form of 

financial aid is unusual in that it takes the form of a conditional cash transfer (CCT), 

and the value depends on past parental earnings instead of the cost of education. In 

fact, the benefit was often larger than tuition at public four-year colleges (Dynarski, 

                                                 
46 I focus on weight because alcohol consumption has a complicated and often non-monotonic 

association with education, while most smoking behavior and particularly initiation are determined 

before college-age (Schoenberg et al., 2013; U.S. Department of Health and Human Services, 2014). 
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2003). Due to the size of the benefit, when enrollment peaked in the late 1970s, over 

800,000 students received benefits each year (DeWitt, 2001). 

As originally shown by Dynarski (2003), the sudden termination of benefits for 

college-aged children in 1981 resulted in a large decrease in educational attainment 

among beneficiaries. Based on data from the National Longitudinal Survey of Youth 

1979 (NLSY79) cohort, Dynarski (2003) identifies probable recipients of Social 

Security benefits based on the respondent having a deceased father. She also uses the 

panel nature of the NLSY79 to precisely determine which respondents graduated high 

school during the timeframe Social Security provided benefits to college students. 

Using a difference-in-differences approach, she compares the difference in education 

among benefit recipients before and after the policy changed to the difference in 

education among non-recipients. She finds this form of financial aid increased college 

going by 20 percentage points (Dynarski, 2003).  

Using data from the National Health Interview Survey (NHIS) linked to Social 

Security Administration (SSA) records, I exploit the variation in Social Security 

benefits to determine the causal effect of financial aid on BMI and overall health. My 

empirical approach is a difference-in-differences strategy similar to the approach 

Dynarski (2003) used. This model compares changes in health among beneficiaries to 

changes among non-beneficiaries. Any differential change in health is due to the 

change in policy if the difference-in-differences assumptions are met. These 

assumptions are that outcomes for beneficiaries and non-beneficiaries would have 

parallel trends in the absence of policy variation, and there are no contemporaneous 

shocks that differentially affect beneficiaries and non-beneficiaries. I also use the same 
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difference-in-differences strategy to examine the effect of this policy on educational 

attainment. 

The main contribution of this paper is leveraging exogenous variation in Social 

Security benefits to test for the effects of financial aid on long-run health motivated by 

Dynarski’s (2003) work on the effects of aid on education. I am the first to use 

changes in Social Security benefits for college-aged children to examine the effect of 

aid on health. Since much of the health behavior gradient occurs after high school 

(Schoenborn et al., 2013), changes in college-going is a plausible mechanism between 

financial aid and health. To investigate this potential mechanism, I also replicate 

Dynarski’s (2003) analysis of this policy on education using a separate data set, the 

NHIS linked to Social Security records. In addition to increased statistical power from 

a larger data set, I use actual measures of Social Security receipt as opposed to self-

reported paternal death as a proxy, so I also capture children of disabled and retired 

parents. However, I have less precise information on the timing of high school 

completion and less granular measures of educational attainment. If financial aid only 

impacts health through changes in educational attainment, then the effect of aid on 

health can be interpreted as reduced form intent-to-treat effects of education on health. 

I find statistically significant and economically meaningful effects of Social 

Security benefits on educational attainment. My point estimates are smaller than 

Dynarski’s (2003), but they fall within Dynarski’s 95% confidence interval. I also find 

that the effect on education is highly concentrated among women, perhaps due to men 

having other sources to finance higher education, such as the GI Bill. In my main 

analysis, I find that financial aid reduces BMI by 0.8 units and improves the 
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probability of very good self-reported health by 3 percentage points for women. I find 

no effect of Social Security benefits on men’s health. Since financial aid improves 

education and health for women, but has little-to-no effect on men, education likely is 

a primary pathway between aid and health. 

This paper proceeds as follows: Section 2 reviews the existing literature. I describe 

the policy background and institutional details in Section 3. In Section 4, I discuss the 

data and method. Empirical results are presented in section 5. I conclude with a 

discussion in Section 6. 

 

2. Existing Literature 

This study relates to the literatures on college financial aid and conditional cash 

transfers, as well as the literature on the relationship between education and health. 

The theoretical motivation for financial aid increasing educational attainment rests on 

the assumption that potential college students have downward sloping demand curves 

for education. Since financial aid decreases the out-of-pocket cost for college, demand 

will increase. The most relevant research is Dynarski’s (2003) study on the effects of 

Social Security benefits for college students. She finds that these benefits caused a 

large increase in college-going, however there is little information on the long-run 

effects of this aid on health. I contribute to this literature by examining if financial aid 

improves health as well as replicating Dynarski’s (2003) results using a larger data set 

with more precise measures of treatment.  

There are two other main categories of financial aid: need-based aid and merit-

based aid. Pell Grants are a federal program that provides need-based aid to low-
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income students. The primary criterion for receiving a Pell Grant for undergraduate 

education is financial need, and recipients are not required to repay the Pell Grant 

Program (U.S. Department of Education, 2015a). Pell Grants increase college 

initiation as well as improve college retention after the first year (Bettinger, 2004; 

Seftor and Turner, 2002). Merit-based financial aid programs are often granted at the 

state level, such as Georgia HOPE and West Virginia PROMISE. These programs 

benefit high achieving students, and receipt is not based on income. As with need-

based aid, both Georgia HOPE and West Virginia PROMISE improve educational 

attainment (Dynarski, 2000; Scott-Clayton, 2011). 

Due to the design of financial aid via Social Security benefits, this study also 

relates to the literature on conditional cash transfers (CCT). Since Social Security 

benefits for college students are a continuation of benefits for minors, these benefits 

are not a function of education costs, but only of parents’ earning history (DeWitt, 

2001; Dynarski, 2003). The fact that benefit size is independent from costs differs 

from need- and merit-based aid, so it can be viewed as a cash transfer conditional on 

college enrollment. The literature on CCTs focuses on the effect of means-tested 

transfers on parental investment in child health and education primarily in developing 

countries (see Fiszbein and Shady (2009) for a review of the literature). I contribute to 

this literature by examining a program that is distinct from much of the existing 

literature on CCTs: these benefits more generous in terms of benefit size and they are 

not means-tested. 

Several programs in Latin America provide cash transfers to low-income families 

conditional on investment in child education, and these programs generally improve 
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school attendance (Attanasio, Fitzsimmons, and Gómez, 2005; Shady and Araujo, 

2008; Schultz, 2004). CCTs also increase education participation in Asia and the 

United Kingdom (Chaudhury and Parajuli, 2008; Middleton et al., 2003). Conditional 

cash transfers improve recipients’ health, including decreasing the probability of child 

mortality, increased height-for-age, and reduced prevalence of anemia (Fernald et al., 

2008; Gertler, 2004; Rasella et al., 2013). 

Since financial aid increases educational attainment, and education is highly 

correlated with health, education is an important potential mechanism between aid and 

health. Grossman (1972) first developed the theoretical framework for the relationship 

between human capital (education) and health capital. More education incentivizes 

people to be healthier because education leads to higher wages. With higher wages, 

healthy time is more valuable and can be more efficiently converted into other utility-

increasing goods and services. Education can also improve how efficiently people 

produce health. Grossman discusses two forms of efficiency that explain how 

education leads to better health. Education informs people or helps them inform 

themselves about what is healthy, so they allocate resources to more effective health 

inputs (allocative efficiency). Given the same inputs, higher levels of human capital 

also result in better health: educated people can turn the same set of inputs into a 

greater quantity of good health (productive efficiency).  

Though several studies empirically examine the relationship between education 

and health, the evidence is mixed and questions remain about the validity of the 

research designs. Studies fall into two main categories: those that use compulsory 

schooling laws to examine the effect of one more year of secondary schooling, and 
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those that use changes to the cost or benefit of attending college. I focus on the second 

category because it more closely relates to the effect of college financial aid.  

De Walque (2007) and Grimard and Parent (2007) use the Vietnam draft as an 

instrument for college attendance. Conceptually, draft risk increased the benefit of 

higher education for men as college served as a method to avoid conscription. Both 

studies find that education reduces smoking. One concern is that over 20% of certain 

birth cohorts were drafted (De Walque, 2007), so men who avoided military service 

born in the mid-1940s faced different opportunities than men who did not serve from 

other birth cohorts. The Vietnam draft may also have influenced health through other 

pathways, such as marrying and having children in order to obtain a “hardship 

deferment” from military service (Selective Service System, 2016a; Selective Service 

System, 2016b). The effects on family formation could in turn drive differences in 

health (Gardner and Oswald, 2004). 

Currie and Moretti (2003) leverage newly opened institutions of higher education 

in a woman’s county to instrument for education’s effect on behaviors related to birth 

outcomes. The intuition is that if colleges are closer to women, women are more likely 

to attend college. Results show that among mothers, education improves health-related 

behaviors such as smoking and use of prenatal care. One concern with this strategy is 

that the presence of colleges can change the number and quality of potential marriage 

partners, which in turn can affect health though a pathway other than women’s 

education.  
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3. Policy Background 

Children of deceased, disabled, and retired Social Security-eligible parents are also 

eligible for Social Security benefits. The benefit for children is meant to replace the 

financial support traditionally provided by parents, so children must be unmarried as 

well as either under 18 years old or 18-19 years old attending primary or secondary 

school (DeWitt, 2001). These criteria have been in place since 1981 and were the 

standard before 1965. Between 1965 and 1981, there was an additional group eligible 

for benefits: children up to age 22 who were enrolled in post-secondary education 

(Appendix Table A1).  

During the 1965-1981 period, these benefits provided a major financial incentive 

for Social Security recipients to attend college. Social Security payments to children 

were quite large (1980 average $5,700 in real 2000 dollars), especially compared to 

tuition at a public university ($1,700 in real 2000 dollars), and covered most of the 

tuition at the average private university ($7,600 in real 2000 dollars) (Appendix Table 

A2). These benefits were more generous than other forms of financial aid such as Pell 

Grants, which in the 1980-81 school year paid a maximum of $1,800 ($3,500 in real 

2000 dollars). The benefit differs from other financial aid in that the dollar amount is 

not dependent on college costs, but only on the earnings history of the recipient’s 

parents. There is also little or no crowding-out of other aid, because children are 

unlikely to earn enough to pay taxes on these Social Security benefits and untaxed 

Social Security benefits are not included in the Free Application for Federal Student 

Aid (FAFSA) accounting of income (U.S. Department of Education, 2015b; Social 

Security Administration, 2016b). 



 

135 

As one might expect for such a generous program, many eligible children enrolled. 

One reason for the high take-up of this program for college-enrolled children was the 

relative ease of access; since a recipient could continue to receive Social Security 

benefits they had already enrolled in, there was little marginal cost in terms of time 

and effort to receive benefits during college. In contrast, need-based aid requires hours 

of collecting documentation and filling out paperwork.47 In the first year college 

students were eligible, 200,000 non-minor students (including secondary students) 

were covered by Social Security. Enrollment peaked at 865,000 in 1977 and stayed 

relatively flat until 1981.48   

Starting in the mid-1970s, social and political pressure to end benefits to college-

age children began to build. DeWitt (2001) points to three issues with these benefits 

that could have contributed to their termination. First, many recipients failed to notify 

the Social Security Administration when they stopped being full-time students due to 

reduction in course-load or completely dropping out of college. In many cases, 

benefits were mistakenly paid to individuals who were no longer full-time students. 

Second, these benefits were quite expensive during a time when the economy was 

struggling, which put additional stress on the Social Security program. Third, there 

was a conceptual shift in the rationale for children’s benefits. While child Social 

Security benefits were meant to replace the income of a parent, policymakers started 

to view benefits for college students as financial aid. Since other forms of financial aid 

                                                 
47 See Dynarksi and Scott-Clayton (2006) for discussion of the effects of student aid complexity on aid 

take-up, and Kleven and Kopczuk (2011) for a discussion of other social benefits. 
48 For comparison, there were 8.6 million total college students in 1970 and 12.1 million in 1980 

(Snyder and Dillow, 2014). 
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were available, some members of Congress argued that Social Security did not need to 

provide these funds. 

Both the Ford and Carter administrations attempted to slowly end Social Security 

benefits for college students, however legislation ending these benefits did not pass 

until the Reagan presidency (DeWitt, 2001). Benefits were scheduled to end for 

college-aged recipients in April 1985, and the program was cut-sharply during the 

phase-out period. There were no new beneficiaries after May 1982, and payments to 

existing beneficiaries were reduced by 25% annually. Furthermore, Social Security 

only made payments during the school year, instead of year-round. 

As seen in Figure 1, enrollment for children over 18 dropped precipitously during 

the phase-out period. Enrollment plateaued at 100,000 in 1985; the remaining 

beneficiaries are 18 year-olds still enrolled in primary or secondary school (DeWitt, 

2001). Dynarski (2003) estimates that the termination of Social Security’s payments to 

college students caused a 22 percentage point decrease in the probability of college 

attendance among eligible children.  

 

4. Data and Method 

4.1. Data 

I use restricted data from the 1997 through 2005 National Health Interview Survey 

(NHIS) linked to Social Security Administration records. The NHIS is a large and 

nationally representative survey with approximately 90,000 respondents per year 

(CDC.gov, 2017). The NHIS data contain a wide range of information, including data 

on education, health, and demographics. For this study, the most important variables 
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from the NHIS are educational attainment and the outcome variables: body mass index 

(BMI) and general self-described health. Additionally, the NHIS has date of birth, so I 

can determine the approximate year respondents graduated from high school.  

The Social Security Administration records contain month-by-month information 

on benefit type. Using this information, I can determine if a NHIS respondent received 

benefits for minors before her 18th birthday; this is the group who is eligible for 

college benefits between 1965 and 1981. By interacting a variable indicating receipt of 

minor benefits with a dummy variable of graduating high school in years Social 

Security covered college students, I construct a variable indicating eligibility for 

benefits in college.  

I use NHIS sample weights and cluster standard errors at the primary sampling 

unit to account for the sampling design. Respondents were born between 1957 and 

1981, and so graduated high school between the mid-1970s and the late 1990s. I 

exclude respondents who likely graduated high school before 1974. This group is 

excluded to ensure that the effects of the Vietnam War and the draft do not 

contaminate my analysis. Health information was collected between 1997 and 2005. 

The oldest person in the sample is 48 years old. I exclude respondents under 23 years 

of age to increase the probability of education completion. The last cohort with access 

to Social Security benefits during college graduated high school in 1981, so the 

marginal respondent was born in 1964. The effects of aid on health are long-run, 

because the marginal cohort is between 33 and 41 years old when they provided health 

information, one-to-two decades after they would have received financial aid for 

college.  
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4.2. Method 

Main Analysis – Effect of Social Security Benefits on Health 

The empirical strategy for estimating the effect of aid on health is a difference-in-

differences. The estimating equation is: 

 

𝐻𝑒𝑎𝑙𝑡ℎ𝑖 = 𝛽0 + 𝛽1(𝑆𝑆𝑖 ∗ 𝑃𝑜𝑙𝑖𝑐𝑦𝑖) + 𝛽2𝑆𝑆𝑖   (2) 

+ 𝜷𝒄𝟏(𝐶𝑜ℎ𝑜𝑟𝑡𝑖) +  𝜷𝒚𝟏(𝑌𝑒𝑎𝑟𝑖) + 𝜷𝒙𝑿𝑖 + 𝜖𝑖. 

 

The variable 𝐻𝑒𝑎𝑙𝑡ℎ𝑖 is a measure of health, specifically BMI or general self-

described health. The variable SSi is an indicator variable that equals 1 if the 

respondent received Social Security benefits before age 18, and 0 if not. The variable 

Policyi is an indicator variable of whether the respondent likely graduated high school 

in a year that college benefits could be received; this variable equals 1 if the 

respondent graduated in 1981 or earlier, and equals 0 if she graduated after 1981. The 

independent variable of interest is the interaction of SSi and Policyi, which equals 1 if 

the respondent is a Social Security recipient and she graduated high school in 1981 or 

earlier. The coefficient of interest is 𝛽1, which is the change in health caused by being 

eligible for Social Security benefits during high school graduation.  I include high 

school graduation cohort and survey year fixed effects, 1(Cohorti) and 1(Yeari). I also 

control for a vector of demographics, Xi, and the error term is 𝛾𝑖.  

The identifying assumptions of this model are common trends and no 

contemporaneous shocks in outcomes that differentially affect treated and control 



 

139 

groups. The common trends assumption is that in the absence of the change to Social 

Security rules, recipients of benefits and non-recipients would have common trends in 

health. I will present empirical evidence on common pre-trends in the following 

section. In terms of contemporaneous shocks, I show that characteristics that should 

not be affected by education, such as race, trend smoothly through the year of the 

policy shock. Under this assumption, controlling for high school graduation cohort and 

receipt of Social Security will isolate the variation in health caused by changes in 

college aid availability.  

 

Potential Mechanism – Effect of Social Security Benefits on Education 

The research design used in this analysis is a difference-in-differences. The 

empirical strategy is motivated by Dynarski’s 2003 research, which showed that 

variation in Social Security benefits can have a large impact on college attendance. 

The estimating equation is: 

 

𝐸𝑑𝑢𝑖 = 𝛼0 + 𝛼1(𝑆𝑆𝑖 ∗ 𝑃𝑜𝑙𝑖𝑐𝑦𝑖) + 𝛼2𝑆𝑆𝑖     (1) 

+ 𝜶𝒄𝟏(𝐶𝑜ℎ𝑜𝑟𝑡𝑖) + 𝜶𝒚𝟏(𝑌𝑒𝑎𝑟𝑖) +  𝜶𝒙𝑿𝑖 + 𝛾𝑖 . 

 

The outcome, 𝐸𝑑𝑢𝑖, is a binary measure of educational attainment: high school 

graduation, any college, or college graduation. The coefficient of interest is 𝛼1, which 

is the effect of Social Security benefits on the probability of achieving a certain level 

of education. Equation (1) is similar to Dynarski’s (2003) equation (2), but there are 

important distinctions. I control for high school graduation cohort and year fixed 

effects, while she controls for a direct binary measure of high school graduation before 
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the policy is terminated. Additionally, I have a direct measure of Social Security 

benefit receipt, while she uses death of the respondent’s father as a proxy of benefits. 

The identifying assumptions of this model are: 1) treated and control groups have 

parallel trends in outcomes, and 2) there are no contemporaneous shocks. While I 

cannot observe the post-period trends in the absence of the policy change, I provide 

graphical evidence that recipients of child Social Security benefits and non-recipients 

have similar pre-trends in educational attainment. Under these assumptions, including 

dummy variables for high school graduation cohort and receiving Social Security 

benefits as a minor will allow me to identify the variation in education caused by 

changes in Social Security benefits.  

If two additional criteria are met, then the effects of aid on health from the main 

analysis can be interpreted as reduced form, intent-to-treat effects of education on 

health. The first requirement is that financial aid affects education, and the second 

requirement is that education is the only pathway between financial aid and health. 

The first criterion is addressed by testing the effect of aid on health. The main concern 

regarding the second requirement is that recipients can use the benefits to directly 

improve health. However, the marginal respondent is reporting health more than a 

decade after receiving Social Security benefits, so the direct effect of benefits on 

health would need to be long-lasting. The net effect of receiving financial aid income 

during college age is ambiguous because recipients forwent earnings in the labor 

market. While Social Security benefits for college students were generous compared 

to other forms of financial aid, the potential lost wages are high; the average earnings 

among high school graduates was $34,500 for males and $12,000 for females in 1980 
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measured in constant 2000 dollars (Snyder, 1993).  

 

5. Results 

Main Analysis – Effect of Social Security Benefits on Health 

I present the estimated effect of financial aid on BMI and general health in Figure 

2 and Figure 3 and in Table 1. Estimates for the effect of education on BMI are in 

Figure 2 and Table 1 Column 1. In the pre-period of Figure 2, Social Security 

beneficiaries’ BMIs are about half of a unit larger than non- beneficiaries’, and both 

groups’ BMIs move downward together.49 However, once Social Security benefits for 

college stop, the two groups’ BMIs diverge; non-beneficiaries continue on their slight 

downward path, while beneficiaries stop decreasing and increase after benefit 

termination. The difference-in-differences estimates in Table 1 Column 1 are 

consistent with Figure 2 and indicate that Social Security benefits for college-aged 

students decreased BMI about 0.465 units. For a 5’7” tall person, this is approximately 

a three pound or 0.8 of standard deviation decrease in weight. The effect of aid on 

BMI loads on women; the effect for women is a statistically significant 0.8 unit 

decrease in BMI and a much smaller not significant effect for men. The 0.8 decrease 

in BMI among women is approximately five pounds for a 5’7” tall person.  

Results for the effect of aid on general health are presented in Figure 3 and Table 1 

Column 2. In the pre-period of Figure 3, Social Security beneficiaries’ are four 

percentage points less likely than non-beneficiaries’ to report very good heath, and 

                                                 
49 While the overall trend in BMI nationally is increasing, BMI is decreasing with cohort year in this 

graph. The reason is that respondents are all providing BMI information in 1997-2005, and so later 

cohorts are younger during this time period than earlier cohorts. 
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both groups have a similar trend. Once college-aged benefits cease, the two trends 

separate. From Table 1 Column 2, Social Security benefits for college-aged students 

caused a three percentage point or 5% increase in women reporting very good general 

health; the point estimate for men is smaller in magnitude, the opposite sign, and not 

statistically significant. The estimate for pooled genders is close to zero, because the 

opposite signs on the effects for men and women cancel each other out.  

 

Potential Mechanism – Effect of Social Security Benefits on Education 

The trend in attending college for recipients of Social Security benefits and non-

recipients are in Figure 4. Both groups have a similar trend for cohorts that graduated 

high school before benefits for college students terminated, though recipients have 

lower rates of college going. When Social Security benefits for college students ended 

in the early 1980s, college going drops significantly for beneficiaries, though it does 

temporarily rebound some in the mid-1980s. However, the difference between the two 

groups largely persist in the post period. In Table 2, the effect of Social Security 

benefits on entering college is five percentage points and very precisely estimated, 

which is approximately a 10% effect on a mean of approximately 50%.  

I also find that benefits increase college graduation rates by three percentage 

points. The benefits of graduating high school are greater if a student has financial 

access to college, and so high school graduation rates increase by two percentage 

points. When the analysis is stratified by gender, it is clear that Social Security 

benefits primarily affect women, with much smaller and often not significant effects 

on men. To confirm the heterogeneity by gender, I re-analyzed the data used in 
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Dynarski’s (2003) analysis, the National Longitudinal Survey of Youth, 1979. Using 

these data, I also find that the effect of Social Security benefits for college-aged 

children is concentrated among women (Appendix Table A3). The fact that effects on 

education load on women is unsurprising as males in the early 1980s might have had 

access to other sources of educational funding, such as military service and the GI 

Bill. Even today, only about 15% of active military personnel and 18% of GI Bill 

beneficiaries are women (U.S. Department of Veterans Affairs, 2015; Parker et al., 

2017).  

As mentioned in the Methods Section, if financial aid impacts education and 

education is the only mechanism through which aid affects health, then financial aid is 

a valid instrument for education. I have shown that financial aid strongly impacts 

education, particularly for college initiation. The F-statistic of obtaining at least some 

college is 24, which is above the traditional cut-off of 10 (Stock and Yogo, 2005). The 

fact that the effects of aid on both education and health load on women contributes to 

the plausibility that education is the only pathway between aid and health, and Social 

Security benefits for college students do not independently improve long-run health. 

Another reason to doubt that Social Security benefits directly impact later-life health is 

that benefits are likely smaller than forgone earnings (Snyder, 1993). 

 

Additional Results 

Since I do not know the actual year of high school graduation, I must impute 

graduation year based on birth date. In the main analysis, I use births before the end of 

1964 (turn 17 years old in 1981) as the last group eligible. The reason is that many 
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states allowed children to start kindergarten at the age of four as long as the child’s 

birthday was before December (Education Commission of the States, 2011). Hawaii, 

Illinois, Michigan, New York, Rhode Island, and Wisconsin had birthday thresholds in 

December, and many other states had thresholds in November. However, many high 

school graduates turned 18 in 1981, so I use births in September 1963 as the cut-off in 

a robustness check. Results are presented in Column 1, Appendix Tables A4-A5 and 

are consistent with the main results (Column 3). 

A deceased parent is the main source of eligibility for children receiving Social 

Security benefits (Dynarski, 2003). However, some children are also eligible due to a 

disabled or retired parent. In the early 1980s, many disabled adults were removed from 

Social Security (Knight-Ridder Newspapers, 1989). Since such a change in Social 

Security enrollment of adults could impact children’s benefits, I also perform a 

robustness check excluding children with disabled parents. The remaining children in 

the sample have deceased or retired parents who were unaffected by the change for the 

disabled population. The results are presented in Column 2, Appendix Tables A4-A5, 

and the estimates are robust to dropping children with disabled parents. 

Other characteristics that should be unaffected by financial aid trend smoothly 

through the termination of Social Security benefits to college students. In Appendix 

Figures A1 and A2, there are not shocks in race or ethnicity around 1981, and so 

changes in demographics in the treated or control groups are not driving results. While 

financial aid could impact BMI through changes in weight, height should not be 

affected by benefits that occur in the late teens and early 20s. In Appendix Figure A3, 

there is no discernible differential shift in height that occurs in the early 1980s. 
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However, in Appendix Figure A4, the weight of recipients and non-recipients trend 

together in the pre-period, but the gap between them widens after termination of 

benefits to college students.  

 

6. Conclusion 

This study contributes to the literature on the long-run effects of financial aid as 

well as the literature on the relationship between education and health. I use a shock to 

Social Security benefits as a source of exogenous variation in financial aid. I find that 

financial aid lowers long-run BMI and improves overall health for women, but I do 

not find effects on men’s health. Based on the strong effect of aid on education, I show 

education is a mechanism by which aid improves health. I also find that the 

improvements in education are primarily among women, with little-to-no effects on 

men. The strong effects of aid on health, and aid affecting only women’s education 

and health, suggests that aid is a valid instrument for education. If financial aid is a 

valid instrument of education, then my findings indicate that education improves 

health.  

There is great potential to use Social Security benefits for college-aged students to 

investigate the effects of aid or as an instrument for education, but there are significant 

data requirements. Since relatively few minors receive Social Security benefits, 

precise estimates require large datasets. Another obstacle is accurate measures of 

eligibility for college-aged benefits; determining whether someone received Social 

Security as a minor is not possible with most surveys. One ideal area for future 

research is the effect of these benefits on labor market outcomes using administrative 
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Social Security data for both program eligibility and labor force participation. Using 

such data, researchers could observe the effect of aid on employment and earnings at 

one point in time as well as the full life-cycle of earnings.  

These findings have important policy implications. First, the returns to financial 

aid are greater than improved educational outcomes. If increased college attendance 

was the only benefit that individuals and society consider, then we would be under-

investing in financial aid. Improved health has direct impacts on people’s utility as 

well as a positive externality, because all members in an insurance risk pool benefit 

from improved health. Second, financial aid does increase educational attainment, and 

education is a mechanism through which aid improves  
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Tables 
 

Table 1: Effect of Social Security College Benefits on Health 

 (1) 

BMI 

(2) 

Very Good Health 

Both Genders -0.465** 0.012 

 (0.192) (0.010) 

       N 63,869 147,104 

Female -0.792*** 0.030** 

 (0.286) (0.014) 

       N 34,867 76,683 

Male -0.087 -0.003 

 (0.252) (0.014) 

       N 29,002 71,373 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE) 

Controls: Gender, race, citizen, interview year, minor benefit recipient (treat), high school cohort 

 

 

 

Table 2: Effect of Social Security College Benefits on Education 

  Education Outcome  

 

(1) 

Some College 

(2) 

HS Graduation 

(3) 

College Graduation 

Both Genders 0.052*** 0.021** 0.028*** 

 (0.011) (0.008) (0.009) 

       F-Statistic 24.29 6.49 10.96 

       N 147,104 147,104 147,104 

Female 0.067*** 0.031*** 0.044*** 

 (0.015) (0.011) (0.012) 

       F-Statistic 21.48 8.17 13.27 

       N 75,731 75,731 75,731 

Male 0.037** 0.010 0.013 

 (0.015) (0.012) (0.012) 

       F-Statistic 5.70 0.73 1.21 

       N 71,373 71,373 71,373 
*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE) 

Controls: Gender, race, citizen, interview year, minor benefit recipient (treat), high school cohort 
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Figures 
 

Figure 1: Number of Social Security Student Benefit Recipients 

 
Data source: DeWitt, 2001 

 

 

Figure 2: Effect of Social Security College Benefits on BMI 
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Figure 3: Effect of Social Security College Benefits on General Health 

 
 

 

Figure 4: Effect of Social Security College Benefits on Attending College 

 
  



 
 

155 
 

Appendix Tables 
 

Table A1: Requirements for Receipt of Social Security Children Benefits 

Before 1965 and After 1981 Between 1965 and 1981 

Not married AND Not married AND 

Under 18 OR Under 18 OR 

Under 20 and in secondary school OR Under 22 and in any school (including college) OR 

Disabled since before age 18/22 (1957) Disabled since before age 22 

Source: Social Security Administration (2016b) 

Note: Parent must be 1) Entitled to Social Security due to disability or retirement,  

OR 2) Met work requirement for Social Security but deceased 

 

 

 

Table A2: Average Annual Social Security Benefit for Students and College Costs 

Year 
Avg. Yearly 

Benefit 

4 Year Private 

Tuition/Fees 

4 Year Public 

Tuition/Fees 

1965 $4,380      

1972 $5,420  $8,100  $2,090  

1980 $5,720  $7,620  $1,690  
Source: DeWitt, 2001; Ma et al., 2015. (2000 $) 
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Table A3: Effect of Social Security College Benefits on Any College, NLSY79 Data 

 Dynarski   My Analysis  

 Gender Pooled  Gender Pooled Male Female 

 0.182**  0.148* 0.052 0.244* 

 (0.096)  (0.086) (0.118) (0.125) 

       N 3,986  3,170 1,604 1,566 

*p-value<0.10, **p-value<0.05, ***p-value<0.01 
Standard errors in parentheses (SE) 

 

 

 

Table A4: Effect of Social Security College Benefits on BMI, Robustness Tests 

 Column 1 

1963 Birth Cut-off 

Column 2 

No Disabled Parents 

Column 3 

Main Results 

 -0.577*** -0.455** -0.465** 

 (0.192) (0.202) (0.192) 

       N 64,878 57,102 63,869 

*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE) 

Controls: Gender, race, citizen, interview year, minor benefit recipient (treat), high school cohort 

 

 

 

Table A5: Effect of Social Security College Benefits on General Health, Robustness 

Tests 

 Column 1 

1963 Birth Cut-off 

Column 2 

No Disabled Parents 

Column 3 

Main Results 

 0.008 0.012 0.012 

 (0.010) (0.010) (0.010) 

       N 148,818 133,631 147,104 

*p-value<0.10, **p-value<0.05, ***p-value<0.01 

Standard errors in parentheses (SE) 

Controls: Gender, race, citizen, interview year, minor benefit recipient (treat), high school cohort 
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Appendix Graphs 
 

Figure A1: Effect of Social Security College Benefits on Race 

 
 

 

Figure A2: Effect of Social Security College Benefits on Ethnicity 
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Figure A3: Effect of Social Security College Benefits on Height 

 
 

 

Figure A4: Effect of Social Security College Benefits on Weight 

 
 

 

 


