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A B S T R A C T   

We use the genetic risk exclusively related to body mass index as an instrumental variable to examine the causal 
effects of childhood obesity on educational achievements. We find that childhood obesity decreases high school 
GPA by 0.92 grade points (33.0%), GPAs of different subjects by 0.72–1.11 grade points (21.7–42.6%), the 
probability of college enrollment by 0.37, the probability of college completion by 0.65, and years of schooling 
by 2.19 years (14.8%). Additionally, we explore potential underlying mechanisms through which childhood 
obesity adversely influences educational outcomes. Our results indicate that childhood obesity does not have a 
statistically significant influence on cognitive abilities. Nevertheless, it negatively affects educational achieve
ments via health factors (overall health status, health-damaging behaviors, and psychological well-being), school 
absenteeism and aggression, college aspirations and expectations, and family dynamics. This research provides 
evidence that childhood obesity can hinder children’s educational progress, potentially affecting adult outcomes 
and exacerbating economic inequality.   

1. Introduction 

Childhood obesity stands out as the most widespread health issue 
affecting children in the United States.1 The prevalence of childhood 
obesity reached 19.7% in 2017–2020, affecting 14.7 million children.2 

Childhood obesity is known to have profound effects on children’s 
physical health, social, emotional wellbeing, and self-esteem (Cawley, 
2010; Wang & Veugelers, 2008). It can have lasting effects into adult
hood – obese children are likely to stay obese into adulthood (Simmonds 
et al., 2016) and develop non-communicable disease like diabetes at a 
younger age (Sahoo et al., 2015). 

Several studies have investigated the potential impact of childhood 
obesity on academic performance and educational attainment (Almond 
et al., 2018; Jackson, 2009). However, the literature offers mixed re
sults. Some studies suggest that childhood obesity has no effect on 
school performance (Kaestner & Grossman, 2009; Scholder et al., 2012; 
Von Hinke et al., 2016). Others show that it may have adverse effects 
(Ding et al., 2009; Rouse & Hunziker, 2020; Joseph J Sabia, 2007; J. J. 

Sabia & Rees, 2015). Furthermore, most previous studies have focused 
on the association between childhood obesity and school performance, 
with few exploring causal relationships (Martin et al., 2017; Santana 
et al., 2017). As such, further research is needed to advance the litera
ture and identify the causal effects of childhood obesity on academic 
performance and educational attainment. 

The key challenge in investigating the causal link between childhood 
obesity and educational achievements is that a naïve comparison of 
either academic performance or educational attainment between obese 
and normal-weight children is unlikely to establish causal effects. This is 
because childhood obesity is influenced by various confounding char
acteristics at the individual (e.g., cognition and self-control abilities), 
family (e.g., parents’ income and education), and neighborhood (e.g., 
neighborhood safety) levels; and these characteristics may also affect 
education. To address this endogeneity issue, several studies have 
employed an instrumental variable (IV) approach. For example, Sabia 
and Rees (2015) use sibling BMI and maternal obesity status as an IV. 
They find that being overweight or obese in adolescence has statistically 
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significant and adverse effects on high school GPA and college 
completion. However, using such variables as an IV may violate IV 
validity assumptions due to their associations with home environment 
and parental behavioral factors that are known to affect academic per
formance. Alternatively, researchers have suggested using child fixed 
effect (FE) models to address endogeneity (Palermo & Dowd, 2012; 
Scholder et al., 2012), which is useful only if the unobserved variables 
affecting both childhood obesity and educational outcomes are 
time-constant, not time-varying (Scholder et al., 2012). More research is 
needed to identify the causal effects of childhood obesity on educational 
achievements while adequately controlling for the confounding vari
ables that impact both childhood obesity and education outcomes. 

This study leverages genetic information to create a novel IV for 
children’s weight status to address the endogeneity issue. The recent 
advancements in measuring genetic information within a large popu
lation at low cost have made genetic factors accessible to social science 
researchers (Belsky & Israel, 2014). As genetic information is pre
determined before birth and remains stable throughout one’s life, using 
genetic variants as an IV has gained increasing attention in economic 
and social studies (Belsky & Israel, 2014; Von Hinke et al., 2016). Pre
vious studies have proposed using body mass index (BMI) genetic vari
ants or BMI polygenic score (PGS)3 as an IV for weight status 
(Böckerman et al., 2019; Ding et al., 2009; Scholder et al., 2012; Von 
Hinke et al., 2016). However, BMI PGS could compromise the validity of 
the IV due to the horizontal pleiotropy problem, where the pathways of 
BMI PGS correlate with the confounding factors between weight status 
and educational outcomes. For example, BMI PGS has been found to 
share genes with education PGS (Boardman et al., 2015; Okbay et al., 
2016), thereby violating the independent and exclusion assumption of a 
valid IV as it correlates with intelligence-related control variables such 
as children’s cognitive endowment or parents’ education. To address 
this problem, we employ a novel two-stage regression approach to 
construct an IV based on BMI-related genetic information. This approach 
purifies the genetic information exclusively for BMI by residualizing the 
BMI PGS using a linear regression controlling for the confounding PGSs 
that share biological pathways with the BMI PGS, such as PGSs relating 
to education and cognitive ability, substance use, and mental health. By 
purifying the genetic information for BMI, our IV is less likely to be 
correlated with socioeconomic determinants of childhood obesity and 
better satisfies the assumptions of a valid IV. 

Using the U.S. National Longitudinal Study of Adolescent to Adult 
Health (Add Health) data, we investigate the impact of childhood 
obesity on academic performance in high school and educational 
attainment in early adulthood. Our findings show that childhood obesity 
has adverse effects on both academic performance in high school and 
educational attainment in early adulthood. Childhood obesity reduced 
the overall high school GPA by 0.92 (33%) grade points and the subject 
GPAs of English, history, social science, math, science, and physical 
education by 0.72–1.11 (21.7–42.6%) grade points. Moreover, child
hood obesity decreases educational attainment by 2.19 years (14.8%) 
and lowers the probability of college enrollment and completion by 0.37 
and 0.49, respectively. As educational attainment has been shown to be 
a critical factor in determining earnings (Heckman & Mosso, 2014) and 
income inequality (Hoffmann et al., 2020; Lemieux, 2006), our study 
highlights that childhood obesity could significantly impact economic 
well-being and income equality through its influence on education. We 
further investigate the possible mechanisms through which childhood 
obesity could negatively affect educational outcomes. Our analysis rules 
out the possibility that childhood obesity impacted cognitive abilities 
and confirms that it had a negative effect on general health, 
health-compromising behaviors, psychological well-being, school 
absenteeism and aggression, college aspiration and expectation, and 

family dynamics. Our results are robust to various tests and placebo 
checks. The findings not only highlight the causal effects of childhood 
obesity on educational achievements, but also suggest that preventive 
measures for childhood obesity could improve high school academic 
performance in the short run and educational attainments in the long 
run, and ultimately reducing economic inequality. 

This study contributes to three strands of literature. First, it adds to 
the general body of knowledge concerning the relationship between 
education and health. It is well established that education and health are 
highly interdependent, with a bi-directional, positive relationship be
tween two (Currie, 2009; Cutler & Lleras-Muney, 2006). Given the 
impact of education on labor market outcomes, this study highlights 
how childhood obesity may have contributed to income inequality in the 
United States by lowering educational levels. Second, this research en
riches the literature on human capital development by shedding light on 
the relationship between childhood obesity and the development of 
neurocognitive abilities, an area that has hitherto been poorly under
stood (Liang et al., 2014). A key challenge in this area is to measure 
cognitive endowment and development, which are the fundamental 
factors in children’s educational outcomes (Benner & Mistry, 2007; A.K. 
Cohen, Rehkopf et al., 2013; Hossler & Stage, 1992). Employing a 
gene-based IV model and controlling for one’s intelligence PGS as a 
covariate representing the cognitive endowment, we have identified the 
mechanisms through which childhood obesity may affect educational 
outcomes. Third, this study contributes to the literature using genetic 
information in social science studies. We develop a novel two-stage 
strategy to construct an IV more exclusively related to BMI and 
obesity than the raw BMI PGS. This strategy can be readily adapted to 
address the pleiotropy problem and accommodate new discoveries in 
PGSs and underlying biological pathways. The constructed IV allows for 
the separation of the reciprocal relationship between health and edu
cation and emphasizes the causal effects of childhood obesity on 
educational outcomes. 

The rest of this study proceeds as follows. Section 2 provides an 
overview of genetics and its use in social science. Section 3 describes the 
data and key variables. Section 4 describes the empirical strategies and 
the construction of IV. The IV validation and main results are presented 
in Section 5. Section 6 validates our main results by providing robust
ness checks and placebo test. Section 7 discusses mechanisms through 
which childhood obesity can potentially affect educational achieve
ments. Section 8 concludes. 

2. Genetic information, polygenic scores, and their use in social 
science 

The following section offers a comprehensive exposition of genetic 
information, particularly the construction of polygenic scores, and a 
concise review of how genetic data have been incorporated into social 
science and economic research in recent times. To facilitate the readers’ 
comprehension, Table A1 contains definitions of scientific terminologies 
and acronyms used in this study. 

2.1. BMI genes and polygenic score 

The Human genome consists of 23 pairs of Deoxyribonucleic acid 
(DNA) molecules, which are also called chromosomes. DNA is a mole
cule containing genetic instructions for enzymes or functional mole
cules, and is responsible the development and functioning of organisms. 
DNA is composed of two polynucleotide chains with repeating units 
called nucleotides. Nucleotides are composed of three distinctive 
chemical units, and one important unit is called nucleobase (or nucle
otide base). There are four types of nucleotide bases in DNA: adenine 
(A), cytosine (C), guanine (G), and thymine (T). The base pairs on the 
two polynucleotide chains, namely, adenine-thymine (AT) and guanine- 
cytosine(GC), contribute to the DNA double helix structure. Single- 
nucleotide polymorphism (SNP) is a term for genomic variation at a 

3 PGS is the weighted sum of genetic variants. Detailed explanation can be 
found in section 2.1. 
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single nucleotide base that occurs at a specific position in the genome. 
For example, the guanine (G) nucleotide may appear at a specific posi
tion in the genome for most individuals, whereas the adenine (A) 
nucleotide may occupy that position for a minority of individuals. To be 
considered as a SNP rather than a rare mutation, the variation must be 
presented in more than 1% of the population. More than 600 million 
SNPs have been found in populations worldwide.4 Some SNPs are 
associated with susceptibility to a wide range of diseases. Owing to 
technological advances and reducing costs of DNA sequencing, several 
human genome projects have recruited thousands or even millions of 
participants. Such programs allow researchers to identify genetic con
tributors to a specific disease by comparing the SNP patterns between 
people with and without the disease. Gene-wide association studies 
(GWASs) screen the entire genome of a large number of individuals and 
identify SNPs associated with a specific phenotype5 or disease. 

Since an individual has two sets of chromosomes and inherits one 
from each parent, one has a score of risk allele6 frequency (0, 1, or 2) at 
each SNP position. GWASs usually estimate the contributions of SNPs to 
the interested outcome (Yij) by gathering J observable SNPs and esti
mating J linear regressions separately using an equation similar to the 
following (Barth et al., 2020): 

Yij = βjSNPij + αXi + εij such that ∀ j ∈ J (1)  

Where Yij is an outcome variable (e.g., BMI, years of schooling, sub
stance use behaviors) for individual i on J observable SNPs; Xi is a vector 
of control variables, usually including individual characteristics (e.g., 
sex and age) and other factors such as recruitment center and geno
typing batches (Locke et al., 2015; Yengo et al., 2018). SNPij is the risk 
allele frequency score ∈ (0,1, 2) at SNPj for individual i. After checking 
the significance level for each SNP and subjecting to quality control 
measures, K key significant SNPs out of J SNPs for the outcome variable 
are identified in the GWAS. For example, Locke et al. (2015) report 97 
BMI-associated SNPs, and Yengo et al. (2018) report 947 BMI-associated 
SNPs after involving more participants in their GWAS. PGSs are calcu
lated as a weighted sum of associations between allele frequencies at 
individual SNPs and the specific phenotype (e.g., BMI) according to the 
summary statistics (beta-coefficients) from GWASs: 

PGSBMIi =
∑K

k=1
βkSNPik such that ∀ k, βk ∈ {βJ} (2) 

In this study, the BMI PGS of the Add Health participants is estimated 
based on a two-sample prediction. A vector of coefficients (β1,β2…βK) in 
Eq. (2) is obtained from Yengo et al. (2018)‘s GWAS as demonstrated via 
Eq. (1), because the sample size (~700,000 individuals) of Yengo et al. 
(2018) is larger and more representative than the Add Health cohort 
(~9000 participants). The BMI PGS is obtained by multiplying the co
efficients identified by Yengo et al. (2018) by the corresponding allele 
frequencies of specific SNPs of Add Health participants according to 
their DNA sequencing results (Braudt & Harris, 2020). In addition, PGSs 
for education and cognitive ability, substance use, and mental health are 
constructed in a similar way and provided by Add Health. The raw PGSs 
are then standardized within each ancestry group.7 We use the stan
dardized PGSs in this study. To account for the population stratification, 
the first ten ancestry-specific principal components are always 
controlled for in our analyses. 

2.2. Leveraging genetic information in social science 

The advances in low-cost sequencing techniques and the explosion of 
GWASs in recent years make it possible for researchers to access genetic 
risks of health and diseases that are previously unobservable within 
large populations (Belsky & Israel, 2014). Epidemiology studies have 
applied genetic variants as instrumental variables for environmentally 
modifiable exposures (e.g., smoking, drinking, and serum iron levels) to 
generate causal inferences of medical interventions (Davey Smith & 
Hemani, 2014; Lawlor et al., 2008; Richmond & Smith, 2022). This 
method, also known as Mendelian Randomization (MR), has been 
applied to identify causal relationships in medical and epidemiological 
studies in recent decades (Koellinger & De Vlaming, 2019; Lawlor et al., 
2008). On the other hand, integrating genetics into social science fields 
has received increasing interest, and is believed to deliver more precise 
and realistic answers to classical questions and theories in social science 
(Belsky & Israel, 2014; Harden & Koellinger, 2020). 

Social science studies leverage genetic information, PGSs, in two 
different ways. First, some utilize PGSs as individual’s genetic endow
ments and investigate their relationships with economic performance 
and life outcomes (Barth et al., 2020; Belsky et al., 2018; Cawley et al., 
2019; Domingue et al., 2014). For example, Barth et al. (2020) find that 
educational attainment PGS is linked to wealth inequality at retirement, 
and the gene-wealth gradients could be partially explained by factors 
such as inheritances, risk preference, mortality, and portfolio decisions. 
Other researchers have found that the genetic environment, combined 
with the neighborhood and peer effects, could affect one’s behaviors or 
socioeconomic outcomes (Belsky et al., 2019; Brunello et al., 2020). For 
example, Brunello et al. (2020) report that the BMI PGS of peers posi
tively affects an individual’s BMI PGS and obesity risk, especially for 
females. Belsky et al. (2019) find that compared with children in 
advantaged neighborhoods, children in disadvantaged neighborhoods 
have a genetic selection and concentration with higher teenage preg
nancy PGS and lower educational attainment PGS, while no significant 
difference is found for BMI PGS and schizophrenia PGS for children 
growing up in different neighborhoods. 

Second, empirical economic studies generally assume that genetic 
factors are represented in an error term, either averaged out with certain 
fixed effects or left as an unobserved heterogeneity (Papageorge & 
Thom, 2020). Recent empirical studies have used genetic variants as an 
IV for specific phenotypes (e.g., weight status) to deal with endogeneity. 
The genetic variants could be a single SNP, multiple SNPs, or PGS as 
unweighted or weighted sum of risk alleles scores for given SNPs 
(Richmond & Smith, 2022). The earliest studies using BMI genetic var
iants can be traced back to Ding et al. (2009) and Norton and Han 
(2008), who used no more than five SNPs as IVs for obesity, including 
dopamine transporter (DAT) and tryptophan hydroxylase locus (TPH). 
These genetic variants are called “candidate genes” for weight status, 
because their associations with BMI are found to suffer from limited 
robustness and poor reproducibility across populations (Benjamin et al., 
2012; J. M. Fletcher, 2018). Speliotes et al. (2010) make a breakthrough 
by identifying 32 BMI-related SNPs in their GWAS with around 120,000 
individuals and provide an unweighted sum of these SNPs as the BMI 
genetic score. Add Health has released a BMI genetic score for the first 
time for its 1886 participants based on Speliotes et al. (2010). Willage 
(2018) analyzes the Add Health cohort and reports a negative causal 
impact of weight status on mental health using the unweighted sum of 
SNPs identified by Speliotes et al. (2010) as IV for BMI. Von Hinke et al. 
(2016) use the BMI genetic score based on Speliotes et al. (2010) as the 
IV for children’s fat mass and find no causal effects of children’s fat mass 
on their academic performance in a British cohort. 

Although the BMI genetic score of Speliotes et al. (2010) has been 
applied in several economic studies (Böckerman et al., 2019; Von Hinke 
et al., 2016; Willage, 2018), researchers are concerned that 32 
BMI-related SNPs have limited power in explaining the variation of BMI, 
and the unweighted sum of 32 SNPs dismisses heterogeneous 

4 See details at https://medlineplus.gov/genetics/understanding/genomicre
search/snp/. Last access on June 14th, 2022.  

5 Phenotype refers to an individual’s observable trait, such as height, BMI, 
educational attainment in years, etc. An individual’s phenotype depends on his/ 
her genetic endowment and environmental factors.  

6 An allele refers to the variant form of SNPs (Lawlor et al., 2008). 
7 The genotyped sample of Add Health participants was restricted into Eu

ropean, Hispanic, African, and East Asian ancestries (Braudt & Harris, 2020). 
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contributions of each SNP on BMI across ancestries. Locke et al. (2015) 
further identify additional BMI-related SNPs and construct a BMI PGS as 
a weighted sum of 97 BMI-related SNPs. Emerging studies start to in
strument weight using SNPs or PGS identified by Locke et al. (2015) to 
explore the consequence of weight status on income, medical costs, and 
socioeconomic status (Dixon et al., 2020; Edwards et al., 2021; Tyrrell 
et al., 2016). As more participants were involved in GWAS (~700,000 
individuals), Yengo et al. (2018) expand BMI PGS by involving 947 
BMI-related SNPs, leading to higher explanatory power for BMI than the 
previous PGSs using fewer SNPs. While the increasing number of 
BMI-related SNPs improves the prediction power of BMI or obesity 
status, it makes the pleiotropy problem a legitimate concern when using 
the PGS score as an IV. Given the potential overlapping of genetic var
iants between BMI PGS and educational attainment PGS (Boardman 
et al., 2015; Okbay et al., 2016), the BMI PGS may fail to be a valid IV as 
it is likely correlated to covariates (e.g., cognition and education) or the 
error term in the second stage of the IV model. Likewise, BMI PGS may 
also share confounding biological pathways with self-control abilities or 
mental health, as previous studies have suggested significant associa
tions between obesity and self-control and mental health problems 
(Avila et al., 2015; Maoyong Fan & Jin, 2014b). Manually excluding the 
confounding SNPs from the BMI PGS is not scientifically realistic, as 
biological pathways of many SNPs are not fully understood. To address 
the pleiotropy problem between height PGS and educational attainment 
PGS, DiPrete et al. (2018) propose to divide the original GWAS sample 
into nonoverlap subsamples (i.e., by different education levels) and then 
construct height PGSs for each subgroup.8 However, gaining access to 
the GWAS sample and calculating the PGS for each subgroup are less 
likely to be feasible for most social science researchers.9 We propose a 

practical, convenient, and robust approach to deal with the pleiotropy 
problem, which does not require access to the GWAS sample and can be 
readily used by other researchers and adapted when new confounding 
SNPs and genetic overlapping pathways are discovered (See the dis
cussion in Section 4). 

3. Data 

Add Health is a U.S. national longitudinal study starting from 1994 to 
1995 (Wave I) and has been followed by four waves of interviews in 
1996 (Wave II), 2001–2002 (Wave III), 2008–2009 (Wave IV), and 
2016–2018 (Wave V). Around 20,000 students in grades 7–12 and 
17,000 parents participated in-school and in-home interviews in Wave I. 
In Wave III, 91.7% of the Add Health participants (N = 13,901) signed a 
Transcript Release Form and authorized Add Health to request their 
official high school transcripts. In Wave IV, 9130 participants gave their 
consent to provide their saliva to collect genetic information through 
DNA sequencing techniques. Add Health has also collected a rich set of 
information about the participants’ sociodemographic, psychological, 
cognitive, health conditions, and contextual information about their 
resided neighborhoods in each wave. 

We restrict the sample to adolescents aged 11–19 years old in Wave I 
when they were asked to self-report weight and height and exclude 
underweight children (~4%). We assume that the participants in Wave 
IV had completed college if they ever attended, as their youngest age 
was 24 years old with a mean of 28.3 years old. This study uses indi
vidual, family, and neighborhood characteristics in childhood collected 
in Wave I, high school academic performance provided in Wave III, and 
educational attainment and genetic information collected in Wave IV. 
To avoid the population stratification issues of genetics, this study fo
cuses on white participants. A total of 2585 observations is used in this 
study. 

Table 1 summarizes the key variables. Approximately 10% of chil
dren in Wave I were obese (BMI percentile ≥ 0.95), and 24% were 
overweight (BMI percentile ≥ 0.85). The average high school GPA was 
2.74 based on a four-point scale, and the average GPAs by subject were 

Table 1 
Summary Statistics of Key Variables.  

Variables Full sample Normal weight sample Overweight sample (BMI percentile ≥ 0.85) Obese sample (BMI percentile ≥ 0.95)  

Mean SD Mean SD Mean SD Mean SD 

Polygenic scores (PGSs) measured in Wave IV 
BMI PGS − 0.048 0.993 − 0.172 0.982 0.349 0.925 0.500 0.921 
Confounding PGSs 
Intelligence 0.054 0.985 0.056 0.986 0.048 0.982 0.023 0.974 
Cognitive function 0.060 0.995 0.047 0.984 0.104 1.029 0.084 1.062 
Educational attainment 0.081 0.989 0.112 0.993 − 0.017 0.971 − 0.034 0.983 
Smoking 0.039 0.996 0.042 0.994 0.033 1.003 − 0.000 1.053 
Drinking − 0.006 1.015 − 0.041 1.002 0.105 1.047 0.111 1.056 
Major depressive disorder − 0.040 1.016 − 0.025 1.010 − 0.087 1.034 − 0.087 1.043 
Depressive symptom − 0.024 1.009 − 0.021 1.010 − 0.031 1.006 − 0.033 1.043 
Mental health cross disorder 0.024 0.966 0.037 0.965 − 0.021 0.966 0.014 0.704 

High school GPA on a four-point scale from official transcripts obtained in Wave III 
Overall high school GPA 2.737 0.778 2.794 0.775 2.553 0.760 2.496 0.762 
Math 2.360 0.921 2.421 0.924 2.166 0.885 2.105 0.839 
Science 2.437 0.946 2.495 0.945 2.251 0.927 2.201 0.910 
English 2.537 0.915 2.605 0.913 2.319 0.889 2.237 0.883 
History and social science 2.628 0.956 2.690 0.943 2.429 0.972 2.350 0.963 
Physical education 3.280 0.865 3.335 0.838 3.106 0.927 3.046 0.969 

Educational attainment reported in Wave IV 
College enrollment 0.733 0.442 0.761 0.427 0.644 0.479 0.601 0.491 
Received college degree 0.376 0.484 0.411 0.492 0.263 0.441 0.234 0.424 
Years of schooling (years) 14.67 2.104 14.83 2.131 14.15 1.924 14.02 1.959 
No. of observations 2585 1970 615 248 

Notes: The Add Health PGS data are provided in the sub-dataset, called “Polygenic Scores (PGSs) in Add Health-Release 2.” PGSs for BMI, intelligence, cognitive 
function, and educational attainment are constructed by an out-of-sample prediction according to Genome-wide association studies (GWAS) of Yengo et al. (2018), 
Savage et al. (2018), Davies et al. (2018) and Lee et al. (2018), respectively. In addition, two substance-use PGSs and three mental health related PGSs provided in Add 
Health, namely smoking PGS (Liu et al., 2019), drinking PGS (Liu et al., 2019), major depressive disorder PGS (Howard et al., 2019), depressive symptom PGS 
(Baselmans et al., 2019), and mental health cross disorder PGS (Consortium, 2013). 

8 In this case, leveraging height PGS for populations with different education 
levels as an IV is able to yield reasonable estimates for the causal impact of body 
height on educational attainment (DiPrete et al., 2018).  

9 It requires several demanding steps, including gaining access to the original 
genetic data, combining genetic data from different cohorts, and identifying key 
SNPs to estimate the genetic scores for each subgroup. 
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2.36 in math, 2.44 in science, 2.54 in English, 2.63 in history and social 
science, and 3.28 in physical education. In Wave IV, 73.3% had ever 
attended college, 37.6% received a four-year college degree, and the 
average years of schooling was 14.67. Table 1 shows that obese children 
had the worst academic performance and educational attainment, fol
lowed by overweight children, whereas normal-weight children had the 
best outcomes. The definitions of the dependent variables are presented 
in Table A2, and the summary statistics of all covariates and mediating 
factors are shown in Table A3. 

4. Empirical strategies 

4.1. Constructing the IV exclusively related to BMI-related genetic risk 

Genetic variants have several advantages in controlling for endoge
neity. In general, an individual’s DNA sequence is predetermined at 
conception and expected to remain the same across human tissues and 
lifetimes (Belsky & Israel, 2014). More importantly, genetic information 
is most likely independent of changes in one’s social environment. 
Therefore, compared with traditional IVs such as the weight status of 
biological relatives (Joseph J Sabia, 2007; Scholder et al., 2012), using 
BMI genetic information as an IV for weight status could better deal with 
the endogeneity problem of obesity. 

Several recent studies have used BMI PGS as an IV for either BMI or 
obesity (Böckerman et al., 2019; Edwards et al., 2021; Scholder et al., 
2012; Von Hinke et al., 2016; Willage, 2018). However, the validity of 
BMI PGS as an IV may be compromised because of the pleiotropy problem 
(Baiocchi et al., 2014; Davey Smith & Hemani, 2014; Von Hinke et al., 
2016). Given that the pathways of genes involved in BMI PGSs are re
ported as synaptic function, insulin action, energy metabolism, lipid 
metabolism, and others, some BMI-associated genes are also involved in 
the development of the central nervous system, which may affect intel
ligence, cognition, and educational outcomes (Locke et al., 2015; Yengo 
et al., 2018). Locke et al. (2015) identify the tissues and cell types where 
BMI-associated genes are highly expressed. They find that the enrichment 
sites in the brain also include the hippocampus and limbic system, which 
have a vital role in memory, learning, and cognition. FTO, an important 
BMI-associated gene involved in BMI PGS (Locke et al., 2015; Speliotes 
et al., 2010), is found to regulate dopaminergic signaling in the brain and 
affect the reward learning10 in humans (Sevgi et al., 2015). Indeed, we 
find significant correlations between BMI PGSs and PGSs for educational 
attainment, cognition, and intelligence in the Add Health cohort, sug
gesting the overlap of biological pathways of SNPs involved in BMI and 
educational attainment, intelligence, and cognition. The IV estimates 
would be biased if we ignore the pleiotropy problem. 

To deal with the pleiotropy problem, we create a genetic predictor of 
BMI by netting out the confounding PGSs from the raw BMI PGS using a 
two-stage regression approach: 

BMIPGSi = γ0 +
∑J

j=1
γjConf oudingPGSij + ωi (3a)  

GPBMIi = BMIPGSi − ̂BMIPGSi (3b)  

where BMIPGSi is the latest version of BMI PGS consisting of 947 key 
SNPs according to Yengo et al. (2018) for an individual i. 
ConfoudingPGSij is a set of J confounding PGSs, including PGSs for three 
education related PGS for educational attainment, cognitive function, 
and intelligence; two PGSs for substance use; and three PGSs for mental 
health. 

Lack of self-control in childhood is associated with a wide range of 
adverse adult outcomes, including poor education, poor physical and 
mental health, substance dependence, sexual risk-taking, criminal 
misdemeanor, and poor personal finances even after controlling for 
gender, socioeconomic status, and childhood IQ (Fergusson et al., 2013; 
Moffitt et al., 2011). Additionally, lack of self-control is more predom
inant for obese children than for their normal-weight peers (Fan & Jin, 
2014b). The overlapping pathways between self-control and BMI PGSs 
would bias the IV results. Add Health does not provide measures of 
self-control ability. We use PGSs for substance use (e.g., smoking and 
drinking) based on Liu et al. (2019)’s GWAS as a proxy for self-control 
capability and incorporate them in Eq. (3a) as confounding PGSs. 

Mental health is found to be associated with both childhood obesity 
(Avila et al., 2015), educational attainment (Amin et al., 2023; Corna
glia et al., 2015), and labor market outcomes (Fletcher, 2013a). The 
overlapping pathways between mental health and BMI PGSs might lead 
to estimation bias. We therefore incorporate three mental health related 
PGSs provided by Add Health in Eq. (3a), namely major depressive 
disorder PGS (Howard et al., 2019), depressive symptom PGS (Basel
mans et al., 2019), and mental health cross disorder PGS (Consortium, 
2013), as confounding PGSs. 

Genetic predictor of BMI denoted by GPBMIi is the difference of the 
raw BMI (BMIPGSi) and the predicted one ( ̂BMIPGSi) from Eq. (3a). 
Intuitively, this procedure nets out the portion of the variation in BMI 
PGS we could have predicted using the confounding PGSs, leaving the 
residual genetic information that is exclusively related to weight status. 
We use the genetic predictor of BMI, denoted by GPBMI in Eq. (3b), as 
the IV for childhood obesity. 

4.2. The IV model 

There are three main threats to interpreting the ordinary least 
squares (OLS) estimates as causal effects, as BMI is not randomly 
assigned across individuals. First, OLS estimates may suffer from 
omitted variable bias because children’s weight status is correlated with 
many individual, family, and neighborhood characteristics, many of 
which are unobservable to researchers. Second, OLS estimates may 
suffer from reverse causality bias because education (or more broadly 
knowledge) may improve decision-making ability and lead to better 
health (Cohen et al., 2013; Kenkel et al., 2006). Finally, OLS estimates 
may suffer attenuation bias because of measurement errors (e.g., people 
tend to over-reported height and underreport weight, especially for fe
males ( Fan & Jin, 2015)). 

We use an IV approach to isolate random variation in BMI and es
timate the causal effects of childhood obesity on educational achieve
ments. We estimate the following IV model: 

Obeseik = α0 + α1GPBMIik + βIntPGSik + X ′

ikα+ PC′

ikη+ πk + ζik (4a)  

EDUik = θ0 + θ1 Ôbeseik + δIntPGSik + X ′

ikθ + PC′

ikψ + τk + μik (4b)  

where EDUik is an educational outcome (i.e., high school GPA, college 
enrollment, college completion, and years of schooling) for individual i at 
school k. The variable of interest, Obeseik, indicates whether individual i is 
obese in Wave I. GPBMIik is the IV based on personal BMI-related genetic 
risk, which is constructed based on Eqs. (3a) and (3b). PC′

ik consists of the 
first ten ancestry-specific principal components for PGS (Braudt & Harris, 
2020). Equations(4a) and (4b) also include the school fixed effects 
denoted by μk and τk and error terms denoted by ζik and μik. 

The model also controls for individual, family, and neighborhood 
characteristics denoted by X′

is. Individual characteristics consist of 
children’s age, age squared, gender, and school grade. Since birth 
weight has been found to have long-term effects on adulthood outcomes, 
including educational outcomes (Oreopoulos et al., 2008; Rosenzweig & 
Zhang, 2013), we include an indicator for low birth weight. To account 

10 Reward learning is a learning process by which behaviors are trained by the 
received information (stimuli, actions, or contexts). https://www.nimh.nih. 
gov/research/research-funded-by-nimh/rdoc/constructs/reward-learning. Last 
access on June 7th, 2023. 
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for individual’s differences in learning ability, we include the intelli
gence PGS in the model, denoted by IntPGSik. 

Family and neighborhood characteristics at childhood were collected 
in Wave I. Family characteristics include the number of children of their 
biological parents, the logarithm of household income of parents, the 
ratio of parental household income to per capita income at the census 
tract level, being a single-parent family or not, parents having post- 
secondary education after high school or not, and parent’s participa
tion in parent-teacher association in their children’s school or not. We 
also include a set of neighborhood variables at either the census tract 
level or the county level, given that childhood neighborhood is a critical 
predictor for both obesity status and educational outcomes in adulthood 
(Chetty & Hendren, 2018a, 2018b; Maoyong Fan & Jin, 2014a). 
Neighborhood characteristics at the census tract level are the share of 
the population aged 16–19 not in school or armed forces and not high 
school graduate, the share of the population aged 25 years and above 
having a college degree or above, per capita income in 1989, unem
ployment rate, the share of female civilian labor force, the share of 
married-couple households, and poverty rate. County-level neighbor
hood characteristics consist of crime rate and per capita government 
budget spent on education, health and hospitals, and public welfare, 
respectively. 

5. Results 

5.1. The validity of IV 

A valid IV needs to satisfy the assumptions of the non-zero effect of IV 
on the treatment, conditional independence, exclusion restriction, and 
monotonicity (Von Hinke et al., 2016). The non-zero effect of IV on 
treatment requires that IV has enough power to explain much of the 
variation of childhood obesity. Table 2 presents the first stage results of 
the IV models. GPBMI is highly associated with both childhood obesity 

and childhood overweight and its coefficients are statistically significant 
at the 1% level. The F statistics in the first stage ranges from 87 to 116 
across all estimations, which is much larger than the traditional cut-off 
value for weak IV (Stock & Yogo, 2005). Thus, GPBMI is a powerful 
predictor of weight status. 

Since the conditional independence and exclusion assumptions are 
impossible to be directly tested, we use several approaches to indirectly 
validate these two assumptions. First, Table 2 shows the first-stage 
estimation results by gradually adding control variables. Model 1 only 
includes the school fixed effects and the first ten ancestry-specific 
principal components of PGS. Models 2–4 stepwise add personal, fam
ily, and neighborhood characteristics. The coefficients of GPBMI remain 
extremely stable across the four models in both statistical significance 
and magnitude: 0.066–0.067 for childhood obesity (Panel A) and 
0.092–0.094 for childhood overweight (Panel B). The results suggest 
that GPBMI is less likely to correlate with other confounding factors. 
Second, we regress GPBMI directly on all the covariates and find that it is 
not statistically significantly correlated with any covariate (Columns 1 
of Table 3). Therefore, we find little evidence that our IV violates the 
conditional independence and exclusion assumptions. 

We also compare our IV with two commonly used IVs in the obesity 
literature, namely raw BMI PGS and obesity status of parents. Columns 2 
and 3 of Table 3 show the regression results where BMI PGS and obesity 
status of parents are regressed on the same set of covariates, respec
tively. We find that BMI PGS is statistically correlated with intelligence 
PGS11 that is used as a proxy for cognitive ability and the share of female 

Table 2 
The Effect of Genetic Predictor of BMI (GPBMI) on Childhood Obesity and Childhood Overweight (First Stage of the IV estimation).   

Models  

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

Panel A: Obese (BMI percentile ≥ 0.95) 

GPBMI 0.066*** 0.067*** 0.067*** 0.067***  
(0.007) (0.007) (0.007) (0.007) 

Cragg-Donald F-stat 87.27 90.57 91.00 90.58 
Root MSE 0.306 0.303 0.303 0.304 
No. of Observations 2218 2218 2218 2218 

Panel B: Overweight (BMI percentile ≥ 0.85) 

GPBMI 0.092*** 0.094*** 0.093*** 0.093***  
(0.008) (0.008) (0.008) (0.008) 

Cragg-Donald F-stat 110.6 115.6 115.5 114.9 
Root MSE 0.411 0.408 0.407 0.407 
No. of Observations 2585 2585 2585 2585 

Personal characteristics N Y Y Y 
Family characteristics N N Y Y 
Neighborhood characteristics N N N Y 
School fixed effects Y Y Y Y 

Notes: This table presents the first-stage results of IV estimation, where childhood obesity or childhood overweight is the dependent variable. The instrumental variable 
is the genetic predictor of BMI constructed based on genetic information. Standard errors in parentheses are clustered by school reported in Wave I. * p < .1, ** p < .05, 
*** p < .01. 
Models (1)-(4) stepwise add the respondents’ personal, family, and neighborhood characteristics. Model (1) only controls for the school fixed effects and ten ancestry- 
specific principal components for PGSs. Model (2) additionally control for personal characteristics, including the respondents’ age, age squared, gender, intelligence 
PGS used as the proxy for learning ability, school grade, and a dummy variable for low birth weight. Model (3) additionally controls for family characteristics reported 
in Wave I, including the number of children of the respondent’s biological parents, logarithmic parental household income in Wave I, the ratio of parental household 
income to the tract-level per capita income in 1989, whether parents having education beyond high school, single-parent family or not, and participation in the parent- 
teacher organization in their children’s school or not. Model (4) further includes neighborhood characteristics reported in Wave I. Neighborhood characteristics at the 
census tract level are the share of people aged 16–19 years old not in school or armed forces and not high school graduate, the share of people aged at least 25 years old 
having college degree or above, per capita income in 1989, unemployment rate, the share of female civilian labor force, the share of married-couple households, and 
poverty rate. Neighborhood characteristics at the county level consist of crime rate and per capita government budget spent on education, health and hospitals, and 
public welfare, respectively. 

11 The significant correlations between BMI PGS and educational outcomes are 
also reported in Willage (2018), where BMI genetic risk is found to be associ
ated with Picture Vocabulary Test (PVT) score and self-reported high school 
GPA. Overlaps or correlations of biological pathways between BMI PGS and 
education-related PGS are also found in two GWASs (Boardman et al., 2015; 
Okbay et al., 2016). 
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civilian labor force. Parental obesity status is statistically correlated with 
being a single-parent family or not, parental education, the share of 
families with income below the poverty level at the tract level, per capita 
government budget spent on health and hospitals at the county level. 
Therefore, using raw PGS or parental obesity status as an IV fails to 
satisfy the exclusion assumption. It is clear that GPBMI, as an IV for 
childhood obesity, outperforms the two alternative IVs. 

We also check the monotonic assumption. We divide the Add Health 
participants into ten groups with equal sample sizes according to their 

GPBMI, and then plot their BMI, BMI percentile, overweight, and obesity 
on the GPBMI for each group. As shown in Fig. A1, we observe almost 
strictly positive relationships between GPBMI and each of the four 
weight measures, indicating that GPBMI is almost monotonically asso
ciated with all measures of weight status. 

To summarize, the proposed genetic predictor of BMI (GPBMI) passes 
various validity tests of IV and is likely to be a valid IV to identify the 
causal effects of childhood obesity on educational achievements. 

Table 3 
Associations between the Generic Predictor for BMI (GPBMI) and each of the Control Variables.  

Variables GPBMI BMI PGS Parental Obesity Status  

Coef. S.E. Coef. S.E. Coef. S.E. 

Personal Characteristics       
Age in Wave I − 0.240 0.331 − 0.090 0.351 0.070 0.180 
Age square 0.010 0.010 0.005 0.011 − 0.002 0.006 
Female (=1, male=0) 0.035 0.038 0.037 0.039 0.011 0.024 
Low birth weight (=1, otherwise=0) 0.053 0.080 0.028 0.085 − 0.060 0.038 
Intelligence PGS 0.029 0.021 ¡0.063*** 0.022 0.006 0.011 

Family Characteristics       
Number of children of the respondent’s biological parents − 0.006 0.016 − 0.008 0.017 0.013 0.010 
Log parent self-reported household income in Wave I − 0.017 0.014 − 0.024 0.015 − 0.011 0.011 
Ratio of parental household income to the tract-level per capita income in 1989 − 0.002 0.003 − 0.003 0.004 − 0.004 0.002 
Single-parent family (Yes=1, No=0) − 0.048 0.051 − 0.016 0.054 ¡0.062*** 0.024 
Parent having education beyond high school (Yes=1, No=0) 0.004 0.039 − 0.054 0.039 0.039* 0.021 
Participated in the parent-teacher association (Yes=1, No=0) − 0.032 0.043 − 0.034 0.045 0.012 0.020 

Neighborhood characteristics at the tract level       
Share of people aged 16–19 not in school or armed forces and not high school graduate − 0.045 0.331 − 0.013 0.339 − 0.308 0.217 
Share of people aged 25 years/over and with college degree/more − 0.020 0.488 − 0.049 0.488 − 0.311 0.213 
Per capita income in 1989 (1000 dollars) − 0.011 0.013 − 0.011 0.013 − 0.000 0.006 
Unemployment rate − 0.983 1.529 − 0.799 1.602 − 0.037 0.712 
Share of female civilian labor force − 1.374 1.019 ¡1.875* 1.043 0.346 0.469 
Share of married-couple family households 0.215 0.641 0.016 0.680 0.083 0.357 
Share of families with income in 1989 below poverty level − 0.074 0.821 − 0.325 0.897 0.646* 0.333 

Neighborhood characteristics at the county level       
Per capita government budget spent on education ($1000) − 0.138 0.647 0.056 0.711 0.010 0.242 
Per capita government budget spent on health and hospitals ($1000) − 0.612 0.712 − 0.401 0.783 ¡0.718*** 0.238 
Per capita government budget spent on public welfares ($1000) 0.699 1.697 0.709 1.668 0.179 0.855 
Crime rate (*1000) per 100,000 population 0.011 0.041 0.025 0.048 0.014 0.019 

Ancestry-specific ten principal components Yes Yes Yes 
School and grade fixed effects Yes Yes Yes 
No. of observations 2585 2585 2507 

Notes: This table presents the correlation between the genetic predictor of BMI (Column 1), the raw BMI PGS (Column 2) and parental obesity status (Column 3) and 
each of the control variables for education outcomes. Standard errors in parentheses are clustered by school reported in Wave I. * p < .1, ** p < .05, *** p < .01. 

Table 4 
The Effect of Childhood Obesity and Childhood Overweight on Academic Performance in High School.   

Overall high school GPA GPA by Subject   

Math Science English History and social science Physical education  
(1) (2) (3) (4) (5) (6) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obese − 0.922*** − 0.890*** − 0.968*** − 1.109*** − 1.097*** − 0.723***  
(0.234) (0.286) (0.300) (0.265) (0.329) (0.257) 

Root MSE 0.693 0.835 0.855 0.814 0.845 0.749 
No. of observations 2218 2218 2218 2218 2218 2218 

Panel B: Overweight (BMI percentile ≥ 0.85) 

Overweight − 0.544*** − 0.586*** − 0.577*** − 0.681*** − 0.598*** − 0.416***  
(0.141) (0.183) (0.181) (0.158) (0.209) (0.159) 

Root MSE 0.680 0.832 0.847 0.802 0.836 0.751 
No. of observations 2585 2585 2585 2585 2585 2585 
Control Y Y Y Y Y Y 
School fixed effects Y Y Y Y Y Y 

Notes: This table presents the IV estimation of the effects of childhood obesity and childhood overweight on academic performance in high school. The dependent 
variables are the accumulative GPAs from the respondent’s high school official transcript obtained in Wave III, including the overall GPA and GPAs for different 
subjects (math, science, English, history and social science, and physical education). The instrumental variable is the genetic predictor of BMI constructed based on 
genetic information. The covariates are characteristics of individual, family and childhood neighborhood, ten ancestry-specific principal components of PGSs, and 
school fixed effects. Covariates are the same with those in Model (4) in Table 2. Standard errors in parentheses are clustered by childhood school in Wave I. * p < .1, ** p 
< .05, *** p < .01. 
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5.2. Academic performance in high school 

Table 4 presents the IV estimates of the effects of childhood obesity 
(Panel A) and childhood overweight (Panel B) on academic performance 
in high school measured by official overall and subject GPAs. In Panel A, 
all estimates are negative and statistically significant at the 1% level. 
Being obese as an adolescent significantly decreases the overall high 
school GPA by 0.922 (33%) grade points, English GPA by 1.109 (42.6%), 
history and social science GPA by 1.097 (40.8%), science GPA by 0.968 
(38.8%), math GPA by 0.890 (36.8%), and physical education GPA by 
0.723 (21.7%). The magnitudes of the obesity effects on GPAs differ 
across the five subjects – lowest on physical education (21.7% less) 
while similar magnitudes for English, history, and social science, and 
science (38.8%− 42.6% less). Similarly, being overweight as an adoles
cent has statistically significant and adverse effects on both overall and 
subject GPAs. The magnitudes of the overweight effects are smaller, 
ranging from 12 to 26% reduction in GPAs. The results suggest a non- 
linear effect of body weight on academic performance. As a compari
son, Table A4 presents the OLS estimates for childhood obesity and 
overweight. Notably, the IV estimates are about 4–6 times larger than 
the OLS estimates, suggesting that the OLS estimations would underes
timate the effects of childhood obesity and overweight on high school 
GPAs. 

Previous studies investigating the effects of childhood obesity on 
academic performance have mixed results (Kaestner & Grossman, 2009; 
Rouse & Hunziker, 2020; Sabia, 2007; Von Hinke et al., 2016). Santana 
et al. (2017) and Martin et al. (2017) provide systemic reviews of related 
studies and conclude that the link between childhood obesity and aca
demic achievement is still not well established. Our study contributes to 
the literature by providing evidence of the adverse effects of childhood 
obesity on the official high school GPA among American youth using the 
gene-based IV method. 

5.3. Educational attainments in adulthood 

According to the U.S. Social Security Administration, individuals 
with a bachelor’s degree are estimated to have higher median lifetime 
earnings than high school graduates, by approximately $630,000 for 
females and $900,000 for males.12 College enrollment or completion, 
however, is influenced by a multitude of factors beyond the high school 
GPA, such as family support and peer effects (Lessard & Juvonen, 2022; 
Roksa & Kinsley, 2019). Given the significant return of post-secondary 
education on earnings, we examine whether childhood obesity has 
long-term effects on educational attainment in this section. 

We measure educational outcomes in Wave IV, where the ADD 
Health participants have completed their formal education.13 The IV 
estimations are summarized in Table 5. We find that childhood obesity 
significantly decreases the likelihood of college enrollment by 0.366, 
college completion by 0.649, and years of schooling by 2.2 years 
(14.8%). Similarly, adolescent overweight significantly reduces the 
probability of college enrollment by 0.202, college completion by 0.403, 
and years of schooling by 1.3 years (8.9%). Comparing our results with 
Logit/OLS models presented in Table A4, our IV estimates of childhood 
obesity (overweight) are 4.46 (3.11) times greater than the Logit esti
mates for college enrollment, 7.82 (5.60) times greater than the logit 
estimates for college completion, and 5.80 (3.68) times greater than the 
OLS estimates for years of schooling. The comparisons indicate that 
association studies could underestimate the effects of childhood obesity 

and overweight on educational attainment due to the endogeneity and 
reverse causality issues. 

The negative impacts of childhood obesity on educational attainment 
are consistent with the literature (Cohen et al., 2013; Sabia & Rees, 
2015). Sabia and Rees (2015) find that childhood overweight decreases 
the probability of completing college by 0.25 for females and 0.28 for 
males using maternal obesity and sibling’s BMI as an IV. As the return of 
an additional schooling year on wage is approximately 8–10% (Card, 
1999), we estimate that childhood obesity would cause a 17–22% 
decrease in one’s wage through lower education. 

Finally, we show the link between the IV and educational outcomes by 
regressing educational outcomes on GPBMI and the full set of control 
variables specified in Eq. (4b). Table 6 presents the reduced form esti
mation results. We find that GPBMI significantly and negatively correlates 
with educational outcomes in all regressions. One standard deviation 
increases in GPBMI is associated with a decrease in GPA of 0.062 grade 
points and the probability of college enrollment by 0.024 and college 
completion by 0.043. The findings imply that an individual with a higher 
GPBMI is likely to underperform in academic performance and educa
tional attainment, compared with their peers with a lower GPBMI. 

6. Robustness checks and placebo tests 

6.1. Parental BMI genes 

Intergenerational transmission of BMI-related genetic markers could 
bias the IV results as they correlate with parental socioeconomic sta
tus.14 While Add Health does not collect genetic information of parents, 
we use the obesity status of parents as a proxy for parental BMI-related 
genetics. We create an alternative IV by adding the obesity status of 
parents as a covariate in Equation (3a) to exclude the potential in
fluences of the parental obesity status from the IV. In addition, we also 

Table 5 
The Effect of Childhood Obesity and Childhood Overweight on Educational 
Attainment.   

College 
Enrollment 

College 
Completion 

Years of 
Schooling  

(1) (2) (3) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obese − 0.366** − 0.649*** − 2.192***  
(0.159) (0.167) (0.644) 

Root MSE 0.397 0.458 1.877 
No. of observations 2218 2218 2218 

Panel B: Obese and Overweight 
(BMI percentile ≥ 0.85)    

Obese and Overweight − 0.202** − 0.403*** − 1.319***  
(0.101) (0.101) (0.390) 

Root MSE 0.396 0.443 1.816 
No. of observations 2585 2585 2585 

Controls Y Y Y 
School Fixed Effects Y Y Y 

Notes: This table presents the IV estimation of the effects of childhood obesity 
and childhood overweight on educational attainment in early adulthood. The 
dependent variables are a dummy variable indicating ever attending college or 
not, a dummy variable indicating completing college or not, and years of 
schooling. The IV and the control variables are the same as defined in Table 4. 
Standard errors in parentheses are clustered by school in Wave I. * p < .1, ** p <
.05, *** p < .01. 

12 https://www.ssa.gov/policy/docs/research-summaries/education-earn
ings.html. Last access on June 7th, 2022.  
13 The youngest age of the Add Health participants in Wave IV was 24 years 

old, and by then, most had already completed their college education if they 
chose to attend. The results are almost identical if we use educational outcomes 
reported in Wave V, but the sample size is smaller due to attrition. 

14 Willage (2018) includes the obesity status of parents as a covariate and 
explores the causal impact of obesity on mental health using BMI genetic risk 
score as an IV. However, the independence assumption of IV is not likely to be 
satisfied as the obesity status of parents is highly correlated with children’s BMI 
PGS. 
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incorporate the obesity status of parents as an additional covariate in the 
IV models formulated in Equations (4a) and (4b). As shown in Column 1 
of Tables A5 and A6, the IV estimates of obesity and overweight effects 
on academic performance and educational attainment are almost iden
tical to the main results presented in Tables 4 and 5. This robustness 
check alleviates the concerns that the IV estimates might be biased by 
the obesity-related genes transmitted from parents to their children. 

6.2. Using the alternative BMI PGS based 97 SNPs 

The BMI PGS based on 97 key SNPs identified by Locke et al. (2015) 
has been used in recent economic studies (Böckerman et al., 2019; 
Brunello et al., 2020; Edwards et al., 2021). As a robustness check, we 
construct an alternative GPBMI based on the 97-SNP BMI PGS from the 
GWAS in Locke et al. (2015). As shown in Column 2 of Tables A5 and A6, 
the re-estimated results also indicate that childhood obesity and over
weight significantly and negatively impacts high school GPA, college 
enrollment, college completion, and years of schooling. Our main results 
are quite robust. Compared with the main results, the first-stage F sta
tistics of re-estimations and the magnitude of second-stage coefficients 
are much smaller. This phenomenon could be resulted from the lower 
explanatory power of 97-SNP BMI PGS on weight status than the 
947-SNP BMI PGS. Therefore, we rely on the estimations using the latest 
version of BMI PGS (Yengo et al., 2018) for the main results. 

6.3. Controlling for learning ability using various PGSs 

In the main analysis, we use the intelligence PGS as a proxy for 
children’s intrinsic learning ability, a potentially critical omitted vari
able in the returns to education literature. Here, we experiment with 
alternative proxies for learning ability: the cognitive function PGS and 
educational attainment PGS. In this robustness check, we first replace 
the intelligence PGS with either the cognitive function PGS or educa
tional attainment PGS in Eq. (4a) and (4b). Subsequently, we control for 
all three education-related PGSs in the model. As shown in Columns 3–5 
in Tables A5 and A6, the IV estimates using alternative proxies for the 
learning ability are similar to our main results, suggesting that the 
original specification works well. 

6.4. Using BMI and BMI percentil as alternative weight measures 

We re-estimate the results using BMI and BMI percentile in one’s 
adolescence as alternative weight measures for a robustness check. As 
shown in Table A7, a higher BMI (Panel A) or BMI percentile (Panel B) 
causes statistically significant, adverse effects on educational outcomes 
that are qualitatively robust compared with the main results. However, 
we note that the associations between education outcomes and BMI 
percentile or BMI are not necessarily linear, as we discussed in Section 
5.2. A linear model may incorrectly assume a linear relationship betwen 
BMI and academic performance. However, in reality, the relationship 
exhibits diminishing returns, where the negative impact of higher BMI 
on academic performance becomes more significant as the BMI increases 
beyond certain thresholds (85 and 95 percentiles). The highly non-linear 
associations between BMI and educational outcomes suggest that a 
dichotomized measure of weight status, such as obesity or overweight, 
would be more appropriate to examine the impact of childhood weight 
status on educational outcomes. 

6.5. Controlling for PGSs for substance use and mental health 

We control for intelligence PGS that is a proxy for cognitive capacity 
and learning ability in Eqs. (4a) and (4b), but other PGSs for mental 
health and substance use are not incorporated due to a concern that 
education outcomes may have bi-directional relationships with mental 
health and substance use. Yet, as a robustness check, we control for the 
three PGSs for mental health and the two PGSs for substance uses in Eqs. 
(4a) and (4b). First, we check for the association between these addi
tional PGSs and childhood weight status. As shown in Table A8, none of 
these additional PGSs is statistically correlated with GPBMI. Second, we 
re-estimate the IV models controlling for the PGSs for mental health and 
substance as covariates in Eqs. (4a) an (4b). The new IV results presented 
in Table A9 are similar as the main results in both statistical significance 
and magnitude. These results suggest that the novel IV is valid for the 
independence assumption and the main results are quite robust. 

6.6. Placebo tests 

To further assess the validity of the IV estimates, we conduct a pla
cebo test by randomly assigning GPBMI to the Add Health participants 
1000 times. We then re-estimate the effects of childhood obesity and 
overweight using the randomized GPBMI. For each outcome variable, 
we create 1000 IV estimates. If childhood obesity is primarily driven by 
GPBMI rather than other confounding factors, the IV estimates in the 
placebo tests should converge towards zero and remain statistically 
insignificant. Fig. 1 shows the IV estimates for both childhood obesity 
(Panel A) and childhood overweight (Panel B), which are centered at 
zero. Additionally, all T-statistics in the placebo tests are substantially 
lower than two and the corresponding real estimates in the main results 
(depicted as red dots), except for one outlier (college enrollment in Panel 
B). The distributions of P-values of 8000 IV estimates associated with the 
four outcome variables are presented in Fig. A2. Only four estimates 
with P-values less than 0.05 are identified among these 8000 IV esti
mates. The results of the placebo tests offer compelling evidence that 
childhood obesity has a causal impact on academic performance and 
educational attainment. 

7. Mechanisms 

In this section, we explore potential mechanisms through which 
childhood obesity may affect human capital formation relating to 
cognitive ability, health, and noncognitive ability. The evidence we 
provide here is suggestive. First, we show that there is no difference in 
cognitive ability between obese and normal-weight children. Second, we 
examine how childhood obesity relates to health conditions and psy
chological well-being. Third, we examine school behaviors that are 

Table 6 
Reduced-Form Regression Results for Education Outcomes.   

Wave III Wave IV  

High school 
GPA 

College 
Enrollment 

College 
Completion 

Education 
(Years)  

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

Panel A: Obese (BMI percentile ≥ 0.95) 

GPBMI − 0.062*** − 0.024** − 0.043*** − 0.147***  
(0.015) (0.011) (0.010) (0.041) 

Root MSE 0.680 0.403 0.442 1.867 
No. of 

Observations 
2218 2218 2218 2218 

Panel B: Obese and Overweight (BMI percentile ≥ 0.85) 

GPBMI − 0.147*** − 0.019* − 0.038*** − 0.123***  
(0.041) (0.010) (0.009) (0.037) 

Root MSE 1.867 0.406 0.436 1.837 
No. of 

Observations 
2585 2585 2585 2585 

Controls Y Y Y Y 
School 

Fixed Effects 
Y Y Y Y 

Notes: The table presents the reduced-form estimation results of the impact of 
childhood obesity and childhood overweight on education outcomes. The 
dependent variable of Column 1 is defined in Table 4. The dependent variables 
of Columns 2–4 are defined in Table 5. The covariates are the same as defined in 
Table 4. Standard errors in parentheses are clustered by school. * p < .1, ** p <
.05, *** p < .01. 

M. Fan et al.                                                                                                                                                                                                                                     



Economics of Education Review 94 (2023) 102408

10

related to school performance. Finally, we examine the effects of 
childhood obesity on children’s college aspiration/expectation and 
family dynamics. 

7.1. Cognitive abilities 

We investigate the most direct mechanism: whether childhood 
obesity affects cognitive ability and hence educational outcomes. 
Cognitive ability plays a critical role in educational choices (Hanushek & 
Woessmann, 2020), educational attainment (Heckman, 2007), and labor 
market outcomes (Heckman, 2007; Heckman et al., 2006). However, the 
direct link between childhood obesity and cognitive ability remains 
ambiguous. Liang et al. (2014) review 67 studies focusing on associa
tions between obesity and obesity-related behaviors with neuro
cognitive functioning in youth. They find mixed evidence regarding the 
relationship between obesity and general cognitive functioning, 
learning and memory, language, and academic performance. 

Commonly used tests for cognitive ability are the Peabody Picture 
Vocabulary Test (PPVT) and memory recall tests. The PPVT score mea
sures verbal IQ and cognitive skills (Fletcher, 2013a; Fletcher, 2013b). 
The participants’ PPVT percentile rank ranging from 1 to 100 is reported 
in Waves I and III. This measure has a sample mean of 61.2 and a standard 

deviation of 25.6 in Wave I and a sample mean of 60.3 and a standard 
deviation of 25.8 in Wave III, suggesting that cognitive ability stays stable 
from adolescence to early adulthood. Memory is a key component of 
cognitive functioning, reflecting one’s skills for acquiring, encoding, 
storing, and retrieving information (Liang et al., 2014). Memory recall 
tests, namely, Delayed Word Recall and Counting Backward, are con
ducted in Wave IV. Based on the available information in Add Health, we 
construct three variables to measure memory-related cognitive abilities: 
1) the number of words the participant correctly recalls within 60 s after 
having heard a list of 15 words; 2) the number of words the participant 
correctly recalls within 90 s after having heard a list of 15 words; and 3) 
an indicator whether the respondent can correctly count backward the six 
numbers. The Delayed Word Recall has a sample mean of 5.6 (SD = 2.0) 
for the 60-second assessment and 7.0 (SD = 1.9) for the 90-second 
assessment. The backward memory recall test has an average passing 
ratio of 44.5%. In addition to cognitive ability tests, we also examine the 
participant’s self-rated intelligence level. The Add health participants 
were asked how intelligent they were compared with other people of a 
similar age and whether they had trouble paying attention daily at school 
in Wave I. More than half (60.3%) of the respondents reported that they 
were above the average intelligent level, and 12.5% reported having 
attention problems at school. 

Fig. 1. Distributions of Placebo IV Estimates for Childhood 
Obesity and Childhood Overweight 
Notes: For each of the four main education outcomes (high 
school GPA, college enrollment, college completion, and years 
of schooling), we repeat the placebo test 1000 times and plot 
the distribution of placebo IV estimates of childhood obesity 
(Panel A) and childhood overweight (Panel B). Fig. A2 present 
the corresponding p-values.   
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We estimate the IV models using cognitive test scores (PPVT rankings 
and memory test scores) and self-rated intelligence as dependent vari
ables and present the results in Table 7. None of the fourteen IV esti
mates is statistically significant at the 10% level, suggesting no 
statistically significant effect of childhood obesity or overweight on 
cognitive ability measured by either cognitive test scores or self-rated 
intelligence. Palermo and Dowd (2012) find similar results using Child 
Development Supplement (CDS) data from the Panel Study of Income 
Dynamics (PSID). Our results show that cognition is not the mechanism 
through which childhood obesity affects academic achievements, which 
motivates us to explore noncognitive channels. 

7.2. Health outcomes, health behaviors, and psychological well-being 

Child health affects academic performance and educational 

attainment (Suhrcke & de Paz Nieves, 2011). Childhood obesity has 
been found to adversely affect both physical and mental health (Cros
noe, 2007; Litsfeldt et al., 2020; Martin et al., 2017; Sahoo et al., 2015). 
This section focuses on three health-related channels through which 
childhood obesity could affect education, including general 
self-reported health status, health-compromising behaviors, and psy
chological well-being. 

The Add Health participants were asked to rank their health condi
tion as excellent, very good, good, fair, or poor in Waves I and III. We 
create an indicator for good health condition if an individual chooses 
"excellent" or "very good" as an answer. Approximately 71.2% and 
75.6% of the sample indicate very good to excellent health conditions in 
Waves I and III, respectively. We estimate the IV model with the good 
health indicator as the dependent variable and present the results in 
Columns 1–2 of Table 8. We find that childhood obesity decreases the 

Table 7 
The Effect of Childhood Obesity and Childhood Overweight on Cognitive Abilities.   

PPVT percentile Working Memory Capacity in Wave IV Self-rated cognition in Wave I  

Wave I Wave III Words recall within 
90s 

Words recall within 
60s 

Backward digit 
recall 

Self-rated 
intelligence 

Having attention problems in 
school  

(1) (2) (3) (4) (5) (6) (7) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obese 8.327 − 1.952 − 0.000 − 0.302 0.053 0.009 − 0.017  
(8.629) (7.071) (0.581) (0.660) (0.153) (0.161) (0.109) 

Root MSE 22.42 22.55 1.816 1.841 0.466 0.454 0.311 
No. of 

observations 
2104 2104 2214 2214 2214 2214 2218 

Panel B: Overweight (BMI percentile ≥ 0.85) 

Overweight 5.407 1.804 0.210 − 0.162 0.096 0.037 − 0.016  
(5.871) (4.957) (0.398) (0.433) (0.099) (0.100) (0.076) 

Root MSE 22.43 22.69 1.828 1.853 0.468 0.459 0.318 
No. of 

observations 
2448 2448 2581 2581 2581 2581 2585 

Controls Y Y Y Y Y Y Y 
School Fixed 

Effects 
Y Y Y Y Y Y Y 

Notes: This table presents the IV estimation of the effects of childhood obesity and overweight on cognitive abilities. The dependent variables are the percentile ranking 
of the Peabody Picture Vocabulary Test (PPVT) score reported in Waves I and III (Columns 1–2), working memory capacity test performance in Wave IV (Columns 3–5), 
and self-rated cognition in Wave I (Columns 6–7). The IV and covariates are the same as defined in Table 4. Standard errors in parentheses are clustered by school in 
Wave I. * p < .1, ** p < .05, *** p < .01. 

Table 8 
The Effect of Childhood Obesity and Childhood Overweight on Self-reported Health Condition, Health-Compromising Behaviors, and Psychological Well-being.   

Self-rated very good/excellent 
health condition 

Substance use in Wave I Mental health conditions in Wave I  

Wave I Wave III Weekly drink alcohol Ever daily smoking Feel moody daily Standardized CES-D score Suicide ideation  
(1) (2) (3) (4) (5) (6) (7) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obese − 0.594*** − 0.405*** 0.221** 0.218* 0.218** 0.586* 0.093  
(0.156) (0.145) (0.105) (0.121) (0.101) (0.343) (0.100) 

Root MSE 0.420 0.401 0.263 0.380 0.298 0.889 0.327 
No. of observations 2218 2218 2210 2211 2216 2215 2208 

Panel B: Overweight (BMI percentile ≥ 0.85) 

Overweight − 0.397*** − 0.305*** 0.173*** 0.176** 0.189*** 0.311 0.091  
(0.115) (0.096) (0.062) (0.076) (0.066) (0.199) (0.061) 

Root MSE 0.427 0.412 0.269 0.383 0.308 0.885 0.332 
No. of observations 2585 2585 2577 2577 2583 2582 2575 

Controls Y Y Y Y Y Y Y 
School Fixed Effects Y Y Y Y Y Y Y 

Notes: This table presents the IV estimation of the effects of childhood obesity and overweight on health, including self-rated health condition, health-compromising 
behaviors, and psychological wellbeing. The outcome variables are dummies for self-rated good health condition reported in Waves I and III (very good/excellent = 1; 
zero otherwise) (Columns 1–2) and dummies indicating whether the respondent drink alcohol weekly and ever smoke daily in Wave I (Columns 3–4). The outcome 
variables for psychological wellbeing are whether feeling moody daily, the general depressive (CES-D) score, and whether having suicide ideation (Columns 5–7). The 
IV and covariates are the same as defined in Table 4. Standard errors in parentheses are clustered by school in Wave I. * p < .1, ** p < .05, *** p < .01. 
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probability of having very good or excellent health by 0.594 in Wave I 
and 0.405 in Wave III (approximately six years later). The results indi
cate that childhood obesity could affect education outcomes via its effect 
on physical health, consistent with the literature (Suhrcke & de Paz 
Nieves, 2011). 

Second, we consider health behaviors. Lack of self-control in child
hood is associated with substance use and dependence (Fergusson et al., 
2013; Moffitt et al., 2011). Obese children are found to have lower 
self-control than their normal weight peers (Fan & Jin, 2014b). 
Health-compromising behaviors like drinking and smoking can be a 
potential channel for childhood obesity to affect educational achieve
ments. Based on the questions on substance use in Wave I, we create a 
dummy variable for alcohol drinking – it equals one if the participants 
reported drinking at least once a week in the last 12 months; and zero 
otherwise. We also create a smoking dummy by assigning a value of one 
if the participants reported ever smoking at least one cigarette every day 
for a month; and zero otherwise. We estimate the IV model with smoking 
and drinking behaviors as dependent variables and present the results in 
Columns 3–4 of Table 8. We find that childhood obesity increases the 
probability of being a weekly alcohol drinker by 0.221 and a daily 
smoker by 0.218. The IV estimates for childhood overweight are also 
statistically significant but smaller in magnitude. Our results are 
consistent with the literature, where frequent smoking and binge 
drinking are found to be negatively associated with poor academic 
performance in high school (Balsa et al., 2011; Cox et al., 2007) and 
educational attainment (Staff et al., 2008; Yan & Brocksen, 2013). 
Therefore, frequent substance use of alcohol and cigarettes is likely to be 
a facilitating factor for childhood obesity to adversely affect educational 
achievements. 

Third, we examine psychological well-being. We create several var
iables measuring psychological well-being. The first one is a dummy 
variable indicating whether an individual felt moody daily. The second 
one is the Center for Epidemiologic Studies Depression Scale (CES-D) 
score developed by Radloff (1977). CES-D is widely used to evaluate 
depressive symptom severity, with a higher score indicating increased 
severity. The participants in Wave I were asked to answer 19 CES-D 
questions. Following the suggestion in the literature (Willage, 2018), 
we standardize the sum of the CES-D score with a mean of zero and a 
standard deviation of one. The third variable of psychological well-being 
is a dummy variable indicating whether an individual ever had suicide 
ideation. We estimate the IV model with these measures of psychological 
well-being as the dependent variables and present the results in Columns 
5–7 of Table 8. We find that childhood obesity has a significant effect on 
the depressive CES-D score and feeling moody daily. Childhood obesity 
increases the probability of feeling moody daily by 0.218 and the 
depressive CES-D score by 0.586. Both depressive CES-D score and 
feeling moody are often recognized as representative symptoms of 
internalizing and externalizing behavior problem index, which are also 
measures of noncognitive ability in literature (Palermo & Dowd, 2012). 
Therefore, our results on psychological well-being suggest that child
hood obesity has adverse effects on one’s mental health and noncogni
tive ability. 

To summarize, we find that childhood obesity potentially affects 
educational achievements through three health-related channels, gen
eral physical health condition, healthy-compromising behaviors, and 
psychological well-being. 

7.3. School absenteeism and aggressive behaviors 

Academic performance for U.S. youth is found to be negatively 
associated with school absenteeism (Gershenson et al., 2017; Ruff et al., 
2019) and aggressive behaviors (Glew et al., 2005; Lepore & Kliewer, 
2013). In this section, we examine the effects of childhood obesity on 
school absenteeism and aggressive behaviors through which childhood 
obesity may affect academic performance. 

First, we create two dummy variables for having an excused school 

absence of at least three days and an unexcused school absence of at 
least one day during the school year.15 We estimate the IV models with 
these two dummy variables for school absenteeism as the dependent 
variables and present the IV estimation results in Table 9. We find that 
childhood obesity and overweight significantly increase the probability 
of having excused and unexcused school absences. The results may be 
explained by psychological stress caused by obesity and obesity-related 
illness (An et al., 2017; Fuxa & Fulkerson, 2011). Our results are 
consistent with the findings in the literature. For example, An et al. 
(2017) find that the odds of being absent from school are 54% higher for 
obese children and 27% higher for overweight children than their 
normal-weight peers. 

Add Health provides information on physical fights in Wave I. About 
27.3% report ever getting into a physical fight during the past 12 

Table 9 
The Effect of Childhood Obesity and Childhood Overweight on School Absen
teeism, Aggressive Behaviors, and Feeling of being Safe in school in Wave I.   

School absence Aggression: Physical 
fight 

Feeling 
unsafe in 
school  

with 
excuses 

without 
excuses 

at least 
one time 
in last 12 
months 

with 
friends or 

known 
ones last 

time   
(1) (2) (3) (4) (5) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obese 0.446*** 0.254** 0.444*** 0.444* 0.245**  
(0.156) (0.126) (0.153) (0.230) (0.111) 

Root MSE 0.464 0.389 0.419 0.423 0.302 
No. of 

observations 
2217 2216 2211 1637 2218 

Panel B: Obese and Overweight (BMI percentile ≥ 0.85) 

Overweight 0.266** 0.201** 0.270*** 0.205* 0.174**  
(0.113) (0.091) (0.095) (0.120) (0.076) 

Root MSE 0.463 0.396 0.419 0.417 0.306 
No. of 

observations 
2584 2583 2578 1887 2585 

Controls Y Y Y Y Y 
School Fixed 

Effects 
Y Y Y Y Y 

Notes: This table presents the IV estimation of the effects of childhood obesity 
and childhood overweight on school absenteeism, aggressive behaviors, and 
feeling of being safe in school reported in Wave I. The outcome variables are all 
dummies, indicating whether the respondent has at least 3-day excused school 
absence and ever skips school at least 1 day during school year (Columns 1–2), 
whether the respondent ever gets into physical fight in the last 12 months 
(Column 3), ever fights with friends or known ones in the last physical fight 
(Column 4), and feels unsafe in school (Column 5), respectively. The IV and 
covariates are the same as defined in Table 4. Standard errors in parentheses are 
clustered by school in Wave I. * p < .1, ** p < .05, *** p < .01. 

15 In Wave I, Add Health participants were asked the following question: “how 
many times were you absent from school for a full day with an excuse during 
the school year (never, 1-2 times, 3-10 times, and 10+ times)?" About 64.0% of 
the participants reported having at least three times of excused school absences. 
The participants were also asked to report the number of times they had 
skipped school for a full day without an excuse during the school year. About 
25.0% of the participants reported skipping school at least once during the 
school year. 
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months, and 35.1% ever fight with friends or known ones in the last 
physical fight,16 and 11.3% feel unsafe at school.17 The IV estimates 
using whether getting into a physical fight, ever fighting with friends or 
known ones in the last physical fight, and feeling unsafe in school as the 
dependent variables are shown in Columns 3–5 of Table 9. We find that 
obese and overweight children are more likely to be involved in a 
physical fight, fight with friends or known ones, and feel unsafe at 
school. Our results are consistent with the findings in the literature as it 
documents a positive association between obesity/overweight and 
aggressive behaviors in youth (Farhat et al., 2010; Hasler et al., 2004). 
Another possible explanation is that obese children might be more likely 
to be targets of bullying or teasing, leading them into physical fights 
(Lumeng et al., 2010). Fuxa and Fulkerson (2011) report that over
weight and obese adolescents are more likely to have negative percep
tions about the safety and social environment at school. Overall, our 
results suggest that childhood obesity would increase school absen
teeism and aggressive behaviors, potentially leading to poor academic 
outcomes. 

7.4. College aspiration/expectation and family dynamics 

College aspiration or expectation is a critical determinant of college 
attendance and completion. College aspiration reflects students’ internal 
motivation and perceived benefits of attending college, peer effects, 
school environment, and social norms (Cohen et al., 2013; Dyce et al., 
2012). College expectation is a relatively realistic aspiration, primarily 
shaped by structural forces such as socioeconomic status, social back
ground, family support, school academic performance, and social norms 
(Cohen et al., 2013). We investigate whether childhood obesity affects 
college aspiration and expectation in this section. 

The Add Health participants were asked in Wave I: “how much do 
you want to go to college on a scale from 1 (low) to 5 (high)?” Almost 
two-thirds of the participants chose a scale of 5. We construct a dummy 

variable for high college aspiration by assigning one if the respondent 
chose 5; and zero otherwise. The participants were also asked: “how 
likely will you go to college on a scale from 1 (least likely) to 5 (most 
likely)?” Approximately 80.4% of the participants chose a scale of 4 or 5. 
We construct a dummy variable for high college expectation by 
assigning one if the respondent chose 4 or 5; and zero otherwise. Col
umns 1–2 of Table 10 show the IV estimates of childhood obesity when 
adolescents’ own college aspirations and expectation dummies are 
dependent variables. We find that childhood obesity reduces the prob
ability of high college aspiration by 0.315 (p<.05) and the probability of 
high college expectation by 0.274 (p<.01). Being overweight as an 
adolescent also reduces the probability of high college aspiration and 
expectation, while the magnitudes of the effects are smaller than 
childhood obesity. 

Family environment is important for children to develop human 
capacities and could affect children’s educational outcomes (Forehand 
et al., 1986; Martin et al., 2015; Rivers et al., 2012). Parental expecta
tion has been found to be the most vital factor for a child’s college plan, 
rather than family background and characteristics and the child’s high 
school GPA and activities (Hossler & Stage, 1992). Parental expectations 
of their children’s college attendance and completion, along with their 
own educational expectations, significantly affect the child’s academic 
performance and competence (Benner & Mistry, 2007; Cohen et al., 
2013). 

We investigate the impact of childhood obesity on parental college 
expectations of their children and children’s feelings at home docu
mented in Wave I. The Add Health parent participants were asked: “how 
disappointed would you be if your child did not graduate from college?” 
Approximately 38.4% of the participants chose “very disappointed.” The 
Add Health participating children were asked how much they felt on a 
scale of 1 (not at all) to 5 (very much) for “your family pays attention to 
you” and “people in your family understand you.” We create three 
dummy variables to indicate: 1) high expectation of parents for their 
children to complete college, which equals to one if choosing “very 
disappointed,” and zero otherwise; 2) family attention perceived by 
children, which equals to one if choosing 4 or 5, and zero otherwise; and 
3) children feeling understood at home, which equals to one if choosing 
4 or 5, and zero otherwise. We estimate the IV model using parental 
college expectations and adolescents’ feelings at home as dependent 
variables and present the results in Columns 3–5 of Table 10. Childhood 
obesity is estimated to reduce the probability of parents’ college ex
pectations of their children by 0.478. Childhood obesity also reduces the 

Table 10 
The Effect of Childhood Obesity and Childhood Overweight on College Aspiration, College Expectation, and Family Dynamics in Wave I.   

Personal perspective Family dynamics  

College aspiration College expectation Parental college expectation Perceived family attentions Feeling understood at home  
(1) (2) (3) (4) (5) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obese − 0.315** − 0.274*** − 0.478*** − 0.245* − 0.409**  
(0.128) (0.103) (0.171) (0.132) (0.182) 

Root MSE 0.422 0.356 0.469 0.420 0.486 
No. of observations 2216 2215 2216 2213 2216 

Panel B: Overweight (BMI percentile ≥ 0.85) 

Overweight − 0.157* − 0.148** − 0.307*** − 0.173* − 0.244**  
(0.088) (0.066) (0.114) (0.094) (0.120) 

Root MSE 0.420 0.361 0.468 0.425 0.483 
No. of observations 2583 2582 2583 2580 2583 

Controls Y Y Y Y Y 
School Fixed Effects Y Y Y Y Y 

Notes: This table presents the IV estimation of the effects of childhood obesity and childhood overweight on college aspiration, college expectation, and family dy
namics reported in Wave I. The dependent variables are children’s college aspiration (Column 1), children’s college expectation (Column 2), and parents’ expectation 
of their children to complete college (Column 3) in Wave I. Two indicators for feelings at home measure: whether the participants agree/strongly agree the statements 
“you receive family attention” (Column 4) and “you feel understood at home” (Column 5), respectively. The IV and the covariates are the same as defined in Table 4. 
Standard errors in parentheses are clustered by school in Wave I. * p < .1, ** p < .05, *** p < .01. 

16 People who fight with strangers or family members in the last time of 
physical fight are excluded. Thus, this dummy variable equals one if people 
fight with friends or unknown ones in the last physical fight, and zero if they 
never fight.  
17 Participants were asked: "how much do you agree or disagree: you feel safe 

in your school (strongly agree, agree, neither agree nor disagree, disagree, and 
strongly disagree)." The dummy for unsafe feeling in school equals one if par
ticipants chose to disagree or strongly disagree, and zero otherwise. 
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probability of receiving sufficient attention and feeling understood at 
home by 0.245 and 0.409. The estimates for childhood overweight are 
smaller in magnitude. The results suggest that childhood obesity may 
send a negative signal to parents about children’s abilities and aspira
tions and reduce family care and attention children receive. Family 
dynamics could be a potential pathway for childhood obesity to affect 
academic performance and educational attainment. 

Overall, we find that childhood obesity has no statistically significant 
effect on cognitive ability. It is found to exacerbate general self-reported 
physical health condition, health-compromising behaviors (e.g., sub
stance use), and psychological well-being, indicating that obesity affects 
educational achievements through these health-related channels. Being 
obese as an adolescent is also statistically linked with increased proba
bilities of school absenteeism and aggressive behaviors (e.g., physical 
fights). Furthermore, childhood obesity is found to negatively affect 
one’s noncognitive abilities, indicated by typical internalizing and 
externalizing behavior problems (i.e., depressed scale and feeling 
moody), feeling unsafe at school, and having negative perceptions of 
family dynamics. Childhood obesity and overweight significantly 
decrease college aspirations and expectations of adolescents and their 
parents. Overall, our findings suggest interventions for childhood 
obesity would help mitigate the adverse effect on educational outcomes 
by improving health and noncognitive ability rather than cognitive 
ability. 

8. Discussion and conclusion 

This study examines the causal effects of childhood obesity on aca
demic performance in high school and educational attainment in 
adulthood, employing a gene-based IV approach. The results show that 
childhood obesity has negative consequences on educational achieve
ments in both short-term and long term. This study also examines the 
mechanisms through which obesity could adversely affect educational 
achievements. The results indicate that childhood obesity has an impact 
on education outcomes not through its effect on cognitive abilities, but 
rather through its influence on factors such as general physical health 
condition, health-compromising behaviors, and psychological well- 
being, as well as school absenteeism and aggression, college aspira
tion/expectation, and family dynamics. The mechanism analyses imply 
that improving health and non-cognitive ability rather than cognitive 
ability can help mitigate adverse effects of childhood obesity on 
educational outcomes. Overall, our findings suggest that public policies 
or interventions targeting childhood obesity have the potential to affect 
human capital formation and ultimately impact economic well-being 
and income inequality through its effects on education. 

This study has several limitations. First, the absence of genetic in
formation about parents in Add Health makes it impossible to conduct 
within-family analysis and avoid dynastic effects. Sibling analysis is also 
not plausible due to the limited number of sibling participants with 
genetic information (N = 451). Second, the majority of Add Health 
participants are white (>73%), leading to the insufficient observation of 
ethnic minorities with genetic information and high school transcript (N 
= 940). In addition, the PGSs for BMI, education, substance use, and 
mental health used in this study are mainly calculated based on the 
European GWAS ancestry group. Therefore, those PGSs have quite lower 
prediction accuracy for corresponding phenotypes among ethnic mi
norities than individuals of European ancestry (Braudt & Harris, 2020). 
Third, although the instrumental variable constructed in this study 
controls for various confounding effects of intelligence, substance use, 
and mental health PGSs, the undiscovered pleiotropy problems of many 
SNPs might still affect the results. Future research is encouraged to 

re-examine this topic with new pleiotropic factors identified and better 
data available. Finally, this study explores potential mechanisms 
through which childhood obesity would affect educational outcomes. 
Potentially, there are three possibilities for the potential pathways: a) 
childhood obesity affects education outcomes through its effect on 
mechanism outcomes; b) childhood obesity affects academic outcomes, 
and the latter affect mechanism outcomes; and c) childhood obesity 
affects both education and mechanism outcomes. Add Health collected 
mechanism outcomes in Wave I (1994–1995), high school transcripts in 
Wave III (2001–2002), and education outcomes in Wave IV 
(2008–2009). The order of the timing is less supportive for the second 
pathway. In order to exclude the possibility of the third pathway, more 
research is needed to reveal the causal relationship between education 
outcomes and mechanism outcomes on health and non-cognitive skills. 
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Fig. A1. Relationship between the Genetic Predictor of BMI and Weight Measures in Wave I for Add Health Participants with Available Genetic Information in Wave 
IV and Weight Information in Wave I 
Notes: The Add Health participants are binned into ten groups of equal size based on their GPBMI scores. The x-axis is the mean value of GPBMI scores from the ten 
groups. The y-axis is average weight information (BMI, BMI percentile, overweight rate, and obese rate) in Wave I for the ten groups. 
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Fig. A2. Distributions of P-values of Placebo IV Estimates of Childhood Obesity and Childhood Overweight on Educational Outcomes 
Notes: For each of four educational outcome variables (high school GPA, college enrollment, college completion, and years of schooling), we create 1000 IV estimates 
using the randomized genetic predictor of BMI as the IV for childhood obesity (Panel A) and childhood overweight (Panel B). 
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Table A1 
Definition of scientific terms.   

Variables Definitions  

deoxyribonucleic acid (DNA) DNA is a molecule containing genetic instruction for particular enzymes or functional molecules in organisms. DNA is composed of two 
polynucleotide chains with double helix structure.  

Nucleotide Nucleotide is composed of three subunits: nucleobase (nucleotide base), sugar molecule, and phosphate group. DNA has four types of 
nucleotide bases: has four types of nucleotide bases: namely adenine (A), cytosine (C), guanine (G), and thymine (T).  

Single-nucleotide polymorphism 
(SNP) 

Genomic variation at a single nucleotide base that occurs at a specific position in the genome  

Phenotype Phenotype refers to an individual’s observable trait, such as height, BMI, educational attainment in years, etc. An individual’s phenotype 
depends on his/her genetic endowment and environmental factors.  

Genotype Genotype is a scoring or the type of genetic variants at a specific location in the genome  
Gene-wide association study 
(GWAS) 

GWAS is a research approach exploring associations between SNPs and risks of a disease or phenotype.  

Allele An allele refers to the variant form of SNPs.  
Polygenic scores (PGS) PGS is calculated as a weighted sum of associations between allele frequencies at individual SNPs and the specific phenotype (e.g., BMI) 

according to summary statistics from GWASs  

Table A2 
Definition of dependent variables .  

Variables Wave Definition 

Key dependent variables 
High school GPA III The overall high school GPA and GPAs of different subjects were provided from the official high school 

transcripts with the scale of 0–4. 
Education enrollment IV Participants reported that their highest level of education achieved to date are "some college" or above. 
Education completion IV Participants reported that their highest level of education achieved to date are "completed college (bachelor’s 

degree)" or above. 
Years of schooling (years) IV Years of schooling was calculated from the self-reported highest level of education. 

Mechanisms-cognitive ability 
PPVT score ranking I/III Participant’s Peabody Picture Vocabulary Test (PPVT) score as the percentile rank ranging from 1 to 100. 
Words recall within 90 s IV the number of words the participant correctly recalled within 90 s after having heard a list of 15 words. 
Words recall within 60 s IV the number of words the participant correctly recalled within 60 s after having heard a list of 15 words. 
Backwards digit recall IV An indicator whether the respondent could correctly count backward the six numbers or more 
Self-rated intelligence (above average=1, 

Otherwise=0) 
I An indicator whether respondents rate their intelligence is above the average compared with other people of a 

similar age. 
Having troubles of paying attention in school daily I An indicator whether respondents reported to have troubles paying attention (almost) every day or not. 

Mechanisms-Health condition, risky behaviors and psychological wellbeing 
Self-rated very good or excellent health condition I/III An indicator whether participants rated their health condition "excellent" or "very good". 
Drinking alcohol weekly I An indicator whether participants reported drinking at least once a week in the last 12 months. 
Ever smoking daily I An indicator whether participants reported ever smoking at least one cigarette every day for a month. 
Feeling moody daily I An indicator whether participants felt moody (almost) every day. 
Standardized CES-D score I The standardized sum of answers of 19 Epidemiologic Studies Depression Scale (CES-D) questions. 
Suicide ideation I An indicator whether participants ever had suicide ideation. 

Mechanisms-Academic performance related behaviors and feeling in school 
Having excused school absence at least 3 times 

during school year 
I An indicator whether participants reported excused school absence at least three days during the school year. 

Ever skipping school without excuses during school 
year 

I An indicator whether participants reported unexcused school absence at least one day during the school year. 

Ever getting into physical fight in the past 12 
months 

I An indicator whether participants ever got into a physical fight in the past 12 months. 

Ever fighting with friends or known ones in the last 
physical fight 

I An indicator whether participants ever fought with friends or known ones (excluding family members) in the last 
physical fight. 

Feeling unsafe in school I An indicator whether participants disagreed or very disagreed with "you feel safe in your school". 
Mechanisms-Feelings at home and college inspiration and expectation 

Personal college aspiration I An indicator of participant’s choice of 5 for the question "how much do you want to go to college on a scale from 1 
(low) to 5 (high)?". 

Personal college expectation I An indicator of participant’s choice of 4/5 for the question "how likely will you go to college on a scale from 1 
(least likely) to 5 (most likely)?". 

Parent’s college expectation I An indicator of parental choice of "very disappointed" for the question "how disappointed would you be if your 
child did not graduate from college?". 

Perceiving receiving family attention I An indicator of participant’s choice of "quite a bit" or "very much" for the question "how much do you feel that 
your family pays attention to you". 

Feeling been understood in family I An indicator of participant’s choice of "quite a bit" or "very much" for the question "How much do you feel that 
people in your family understand you".  
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Table A3 
Summary statistics for covariates and mediating factors.  

Variables Wave Full sample Normal Weight 
sample 

Overweight 
sample (BMI 
percentile >

0.85) 

Obese sample 
(BMI percentile 

> 0.95)   

Mean SD Mean SD Mean SD Mean SD 

Personal characteristics          
Obesity status (BMI percentile≧0.95) I 0.112 0.315 0.000 0.000 N/A N/A 1.000 0.000 
Overweight or obesity (BMI percentile≧0.85) I 0.238 0.426 0.000 0.000 1.000 0.000 1.000 0.000 
Age I 15.43 1.671 15.46 1.679 15.35 1.645 15.43 1.618 
Female (=1, male=0) I 0.518 0.500 0.550 0.498 0.415 0.493 0.347 0.477 
School grade I 9.532 1.606 9.564 1.610 9.426 1.587 9.484 1.530 
Low birth weight I 0.065 0.247 0.068 0.252 0.055 0.229 0.056 0.231 

Family characteristics 
Logarithmic parental household income ($1000)( I 3.658 1.139 3.693 1.197 3.548 0.922 3.573 0.937 
Ratio of parental income to the tract-level per capita income in 1989 I 3.861 3.508 3.975 3.860 3.496 1.962 3.616 1.855 
Parents having education beyond high school (Yes=1, No=0) I 0.590 0.492 0.613 0.487 0.515 0.500 0.508 0.501 
Single-parent family (Yes=1, No=0) I 0.188 0.391 0.178 0.383 0.221 0.415 0.206 0.405 
Number of children of respondent’s biological parents I 2.497 1.178 2.519 1.193 2.428 1.126 2.452 1.165 
Being member of parent-teacher association (Yes=1, No=0) I 0.378 0.485 0.391 0.488 0.338 0.473 0.351 0.478 

Neighborhood characteristics -at census tract level 
Share of families living under the 1989 poverty level I 0.085 0.078 0.080 0.074 0.100 0.089 0.107 0.095 
Per capita income in 1989 ($1000) I 13.69 4.857 13.96 5.013 12.81 4.206 12.47 4.153 
Share of married-couple family households I 0.828 0.078 0.831 0.076 0.816 0.082 0.814 0.077 
Share of people aged 25+ years and with at least college degree I 0.236 0.125 0.243 0.128 0.213 0.112 0.202 0.107 
Share of people aged 16–19 not in school or armed forces and not high school 

graduate 
I 0.101 0.073 0.100 0.072 0.106 0.075 0.112 0.078 

Share of female civilian labor force I 0.447 0.034 0.448 0.032 0.444 0.039 0.440 0.040 
Unemployment rate I 0.061 0.035 0.058 0.032 0.068 0.040 0.069 0.038 

Neighborhood characteristics-at county level 
Crime rate (*1000) per 100,000 population I 4.728 2.485 4.743 2.466 4.679 2.547 4.643 2.575 
Per capita government budget spent on education ($1000) I 0.692 0.143 0.692 0.142 0.690 0.146 0.686 0.132 
Per capita government budget spent on health and hospitals ($1000) I 0.149 0.151 0.147 0.149 0.155 0.159 0.154 0.162 
Per capita government budget spent on public welfares ($1000) I 0.059 0.075 0.058 0.074 0.060 0.080 0.055 0.074 

Cognitive abilities 
PPVT score ranking I 61.22 25.59 61.69 25.54 59.70 25.70 59.33 26.76  

III 60.34 25.78 61.13 25.42 57.77 26.76 57.53 26.65 
Words recall within 90 s IV 6.998 1.940 7.049 1.964 6.834 1.852 6.790 1.830 
Words recall within 60 s IV 5.571 1.974 5.629 1.996 5.385 1.894 5.423 1.791 
Backwards digit recall IV 0.445 0.497 0.454 0.498 0.415 0.493 0.395 0.490 
Self-rated intelligence (above average=1, Otherwise=0) I 0.603 0.489 0.621 0.485 0.545 0.498 0.524 0.500 
Having troubles of paying attention in school daily I 0.125 0.331 0.121 0.326 0.138 0.345 0.117 0.322 

Health condition, risky behaviors and psychological wellbeing 
Self-rated very good or excellent health condition I 0.712 0.453 0.762 0.426 0.553 0.498 0.448 0.498  

III 0.756 0.430 0.795 0.403 0.628 0.484 0.548 0.499 
Drinking alcohol weekly I 0.085 0.278 0.078 0.268 0.106 0.308 0.101 0.302 
Ever smoking daily I 0.210 0.407 0.200 0.400 0.241 0.428 0.258 0.438 
Feeling moody daily I 0.117 0.321 0.110 0.313 0.138 0.345 0.137 0.345 
Standardized CES-D score I − 0.155 0.943 − 0.172 0.945 − 0.101 0.933 − 0.137 0.909 
Suicide ideation I 0.139 0.346 0.134 0.341 0.155 0.362 0.138 0.345 

Academic performance related behaviors and feeling in school 
Having excused school absence at least 3 times during school year I 0.640 0.480 0.629 0.483 0.676 0.468 0.725 0.448 
Ever skipping school without excuses during school year I 0.250 0.433 0.246 0.431 0.261 0.439 0.279 0.450 
Ever getting into physical fight in the past 12 months I 0.273 0.445 0.247 0.431 0.356 0.479 0.379 0.486 
Ever fighting with friends or known ones in the last physical fight I 0.351 0.478 0.320 0.467 0.460 0.499 0.471 0.501 
Feeling unsafe in school I 0.113 0.317 0.107 0.309 0.133 0.340 0.113 0.317 

Feelings at home and college inspiration and expectation 
Perceiving receiving family attention I 0.726 0.446 0.744 0.437 0.667 0.472 0.677 0.468 
Feeling been understood in family I 0.534 0.499 0.544 0.498 0.502 0.500 0.484 0.501 
Personal college aspiration I 0.720 0.449 0.731 0.443 0.685 0.465 0.673 0.470 
Personal college expectation I 0.804 0.397 0.821 0.384 0.750 0.434 0.714 0.453 
Parent’s college expectation I 0.384 0.486 0.389 0.488 0.369 0.483 0.367 0.483 

Notes: After restricting the Add Health participants to those with the available information of weight status (excluding underweight sample), educational outcomes, 
PGSs, and key personal, family and neighborhood characteristics, we have 2585 observations for our study. The observations for mediating factors (i.e. cognitive 
ability, health outcomes, behaviors and feelings, etc.) may vary due to data availability. 

α The household income ($1000) in Wave I is self-reported by parents. To obtain the logarithm of parental income, we replace parental income with one dollar if 
parents did not report income in Wave I. 
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Table A4 
The effect of childhood obesity and overweight on education outcomes using OLS or Logit models.   

Wave III Wave IV  

High school GPA College Enrollment College Completion Education (Years)  
(1) (2) (3) (4) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obesity − 0.164*** − 0.082** − 0.083*** − 0.378***  
(0.053) (0.032) (0.030) (0.131) 

Root MSE 0.681 0.403 0.443 1.868 
No. of Observations 2218 2218 2218 2218 

Panel B: Obese and Overweight (BMI percentile ≥ 0.85) 

Overweight − 0.129*** − 0.065*** − 0.072*** − 0.358***  
(0.034) (0.023) (0.021) (0.093) 

Root MSE 0.682 0.406 0.437 1.835 
No. of Observations 2585 2585 2585 2585 

Controls Y Y Y Y 
School Fixed Effects Y Y Y Y 

Notes: The table presents the OLS/logit estimates of childhood obesity and childhood overweight on education outcomes. The dependent variable of Column 1 is 
defined in Table 4. The dependent variables of Columns 2–4 are defined in Table 5. The covariates are the same as defined in Table 4. Standard errors in parentheses are 
clustered by school. * p < .1, ** p < .05, *** p < .01. 

Table A5 
Robustness Checks: different specifications of IV for childhood obesity and alternative controls for intelligence PGS.   

Different specifications of IV Alternative control for intelligence PGS  

Controlling for Parental obesity 
status 

Alternative GPBMI based on 97 
SNPs 

Cognitive function 
PGS 

Educational attainment 
PGS 

Three education related 
PGS  

(1) (2) (3) (4) (5) 

Panel A. High School GPA (Wave III) 

Obese − 0.918*** − 0.595** − 0.911*** − 0.937*** − 0.925***  
(0.270) (0.266) (0.234) (0.227) (0.225) 

First-stage F 
statistics 

68.81 63.20 90.52 91.13 91.10 

Root MSE 0.691 0.667 0.692 0.685 0.684 
No. of 

Observations 
2154 2218 2218 2218 2218 

Panel B. College Enrollment (Wave IV) 

Obese − 0.374* − 0.285* − 0.357** − 0.367** − 0.371**  
(0.197) (0.169) (0.158) (0.158) (0.158) 

First-stage F 
statistics 

68.81 63.20 90.52 91.13 91.10 

Root MSE 0.397 0.393 0.397 0.396 0.396 
No. of 

Observations 
2154 2218 2218 2218 2218 

Panel C. College Completion (Wave IV) 

Obese − 0.635*** − 0.377** − 0.641*** − 0.654*** − 0.651***  
(0.193) (0.177) (0.166) (0.160) (0.159) 

First-stage F 
statistics 

68.81 63.20 90.52 91.13 91.10 

Root MSE 0.456 0.435 0.458 0.456 0.455 
No. of 

Observations 
2154 2218 2218 2218 2218 

Panel D. Years of schooling (Wave IV) 

Obese − 2.140*** − 1.206* − 2.151*** − 2.221*** − 2.224***  
(0.755) (0.675) (0.641) (0.612) (0.613) 

First-stage F 
statistics 

68.81 63.20 90.52 91.13 91.10 

Root MSE 1.867 1.814 1.877 1.860 1.860 
No. of 

Observations 
2154 2218 2218 2218 2218 

Notes: This table presents the IV estimates of the impact of childhood obesity on high school GPA (Panel A), college enrollment (Panel B), college completion (Panel C), 
and years of schooling (Panel D) using different specifications of IV and alternative controls for intelligence PGS. The estimates are obtained by additionally controlling 
for the obesity status of parents (Column 1) and using alternative GPBMI based on 97 SNPs (Locke et al., 2015)(Column 2). Instead of intelligence PGS, leveraging 
cognitive function PGS, educational attainment PGS, and all three education-related PGSs as the proxy for learning ability yields alternative IV estimates in Columns 
3–5, respectively. The covariates are the same as defined in Table 4. Standard errors in parentheses are clustered by school reported in Wave I. * p < .1, ** p < .05, *** p 
< .01. 
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Table A6 
Robustness Checks: different specifications of IV for childhood overweight and alternative controls for intelligence PGS.   

Different specifications of IV Alternative control for intelligence PGS  

Controlling for Parental obesity 
status 

Alternative GPBMI based on 
97 SNPs 

Cognitive function 
PGS 

Educational attainment 
PGS 

Three education related 
PGS  

(1) (2) (3) (4) (5) 

Panel A. High School GPA (Wave III) 

Overweight − 0.524*** − 0.378** − 0.540*** − 0.558*** − 0.553***  
(0.159) (0.161) (0.141) (0.139) (0.138) 

First-stage F statistics 94.02 84.18 114.6 116.1 115.9 
Root MSE 0.679 0.667 0.679 0.673 0.672 
No. of Observations 2507 2585 2585 2585 2585 

Panel B. College Enrollment (Wave IV) 

Overweight − 0.209* − 0.198* − 0.196* − 0.202** − 0.206**  
(0.117) (0.108) (0.101) (0.102) (0.101) 

First-stage F statistics 94.02 84.18 114.6 116.1 115.9 
Root MSE 0.396 0.396 0.397 0.395 0.395 
No. of Observations 2507 2585 2585 2585 2585 

Panel C. College Completion (Wave IV) 

Overweight − 0.385*** − 0.231** − 0.398*** − 0.408*** − 0.408***  
(0.113) (0.104) (0.100) (0.099) (0.098) 

First-stage F statistics 94.02 84.18 114.6 116.1 115.9 
Root MSE 0.440 0.427 0.442 0.440 0.440 

align="center"No. of 
Observations 

2507 2585 2585 2585 2585 

Panel D. Years of schooling (Wave IV) 

Overweight − 1.295*** − 0.753* − 1.292*** − 1.344*** − 1.348***  
(0.441) (0.424) (0.388) (0.380) (0.381) 

First-stage F statistics 94.02 84.18 114.6 116.1 115.9 
Root MSE 1.812 1.781 1.817 1.801 1.801 
No. of Observations 2507 2585 2585 2585 2585 

Notes: This table presents the IV estimates of the impact of childhood overweight on high school GPA (Panel A), college enrollment (Panel B), college completion (Panel 
C), and years of schooling (Panel D) using different specifications of IV and alternative controls for intelligence PGS. The estimates are obtained by additionally 
controlling for the obesity status of parents (Column 1) and using alternative GPBMI based on 97 SNPs (Locke et al., 2015) (Column 2). Instead of intelligence PGS, 
leveraging cognitive function PGS, educational attainment PGS, and all three education-related PGSs as the proxy for learning ability yields alternative IV estimates in 
Columns 3–5, respectively. The covariates are the same as defined in Table 4. Standard errors in parentheses are clustered by school reported in Wave I. * p < .1, ** p <
.05, *** p < .01. 

Table A7 
IV estimates using BMI and BMI percentile as the treatment variable   

Wave III Wave IV  

High school GPA College Enrollment College Completion Years of schooling  
(1) (2) (3) (4) 

Panel A: BMI 

BMI -0.046*** -0.017** -0.034*** -0.110***  
(0.012) (0.008) (0.008) (0.033) 

Root MSE 0.668 0.393 0.432 1.792 
Observations 2,585 2,585 2,585 2,585 

Panel B: BMI percentile 

BMI percentile -0.728*** -0.271** -0.539*** -1.766***  
(0.185) (0.135) (0.133) (0.525) 

Root MSE 0.669 0.394 0.435 1.804 
Observations 2,585 2,585 2,585 2,585 
Controls Y Y Y Y 
School Fixed Effects Y Y Y Y 

Notes: The table presents the IV estimates of BMI and BMI percentile on education outcomes. The dependent variable of Column 1 and all the covariates are defined in 
Table 4. The dependent variables of Columns 2-4 are defined in Table 5. Standard errors in parentheses are clustered by school. * p < .1, ** p < .05, *** p < .01. 
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Table A8 
The associations between GPBMI and each of the control variables.  

Variables Normal weight & obese sample All sample  

Coef. S.E. Coef. S.E. 

Personal Characteristics     
Age in Wave I − 0.398 0.375 − 0.249 0.333 
Age square 0.016 0.012 0.010 0.010 
Female (=1, male=0) 0.064 0.040 0.035 0.038 
Low birth weight (=1, otherwise=0) 0.030 0.087 0.049 0.082 
Intelligence PGS 0.024 0.022 0.029 0.022 
Smoking PGS − 0.009 0.022 − 0.004 0.020 
Drinking PGS 0.004 0.024 − 0.002 0.022 
Major depressive disorder PGS − 0.041 0.036 − 0.036 0.036 
Depressive symptom PGS 0.035 0.030 0.029 0.029 
Mental health cross disorder PGS − 0.009 0.023 − 0.025 0.022 

Family Characteristics     
Number of children of the respondent’s biological parents 0.009 0.019 − 0.006 0.016 
Log parent self-reported household income in Wave I − 0.019 0.013 − 0.018 0.014 
Ratio of parental household income to the tract-level per capita income in 1989 − 0.001 0.003 − 0.002 0.003 
Single-parent family (Yes=1, No=0) − 0.073 0.056 − 0.049 0.050 
Parent having education beyond high school (Yes=1, No=0) − 0.007 0.042 0.004 0.039 
Participated in the parent-teacher association (Yes=1, No=0) − 0.049 0.047 − 0.033 0.042 

Neighborhood characteristics at the tract level     
Share of people aged 16–19 not in school or armed forces and not high school graduate − 0.096 0.338 − 0.042 0.334 
Share of people aged 25 years/over and with college degree/more 0.131 0.529 − 0.014 0.489 
Per capita income in 1989 (1000 dollars) − 0.010 0.014 − 0.011 0.013 
Unemployment rate − 1.277 1.693 − 0.981 1.544 
Share of female civilian labor force − 0.518 1.187 − 1.384 1.032 
Share of married-couple family households 0.696 0.681 0.227 0.634 
Share of families with income in 1989 below poverty level 0.718 0.899 − 0.072 0.826 

Neighborhood characteristics at the county level     
Per capita government budget spent on education ($1000) − 0.361 0.793 − 0.145 0.655 
Per capita government budget spent on health and hospitals ($1000) − 0.478 0.817 − 0.589 0.721 
Per capita government budget spent on public welfares ($1000) 0.024 2.845 0.750 1.735 
Crime rate(*1000) per 100,000 population 0.005 0.047 0.008 0.040 

Ancestry-specific ten principal components Yes Yes 
School and grade fixed effects Yes Yes 
No. of observations 2218 2585 

Notes: This table presents the correlation between GPBMI and each of the control variables for education outcomes for normal weight & obese sample(Column 1) and 
all sample(Column 2). Standard errors in parentheses are clustered by school reported in Wave I. * p < .1, ** p < .05, *** p < .01. 

Table A9 
The effect of childhood obesity and overweight on education outcomes after additionally controlling for PGSs of substance use and mental health.   

Wave III Wave IV  

High school GPA College Enrollment College Completion Education (Years)  
(1) (2) (3) (4) 

Panel A: Obese (BMI percentile ≥ 0.95) 

Obesity − 0.919*** − 0.367** − 0.647*** − 2.194***  
(0.236) (0.161) (0.168) (0.652) 

Root MSE 0.686 0.395 0.455 1.867 
Observations 2218 2218 2218 2218 

Panel B: Obese and Overweight (BMI percentile ≥ 0.85) 

Overweight − 0.551*** − 0.208** − 0.408*** − 1.348***  
(0.145) (0.101) (0.103) (0.394) 

Root MSE 0.675 0.395 0.441 1.809 
Observations 2585 2585 2585 2585 
Controls Y Y Y Y 
School Fixed Effects Y Y Y Y 

Notes: The table presents the IV estimates of childhood obesity and childhood overweight on education outcomes. The dependent variable of Column 1 is defined in 
Table 4. The dependent variables of Columns 2–4 are defined in Table 5. Besides of controlling for covariates defined in Table 4, we additionally control for PGSs for 
substance use (i.e., smoking and drinking) and mental health (i.e., major depressive disorder, depressive symptom, and mental health cross disorder). Standard errors 
in parentheses are clustered by school. * p < .1, ** p < .05, *** p < .01. 
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