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Abstract

Obesity rates continue to climb in the US. Recent work explores social factors that may contribute to

these trends, including social norms. Most work in this area focuses on adults and older youth, missing

key early years. This paper explores obesity peer effects in New York City schools for students in grades

1-12. Using student fixed effects, I address issues common in the peer effects literature, such as selection

and reflection, to estimate causal effects of social norms on student Body Mass Index (BMI). I explore

heterogeneity by race, gender, and grade level. Using unconditional quantile regressions, I show that

peer effects decline in BMI. This means that students with obesity are less influenced by social norms

in BMI than students with healthy weights. My results imply that small social effects in BMI exist, but

policymakers hoping to harness social effects to improve BMI should instead view them as an obstacle to

be overcome.
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1 Introduction

In 2018, one in five US youth presented with obesity, a fourfold increase over four decades.1 Many factors

contributed to this obesity epidemic, including declining food prices, dietary changes, and lower levels of

physical activity. Recent work explores social factors as well, such as the effect of peers. Peer effects are

of particular interest because they have a multiplier effect which may enhance or mitigate other policy

interventions. Peers can also play a direct role in health treatments. We see this in smoking, alcohol, and

weight loss programs involving peer support networks.

However, causal identification of peer effects is notoriously difficult due to selection, reflection, and cor-

related effects. Evidence on the existence of body composition peer effects is mixed, and typically focuses on

students in high school, college, or adults. This misses early years, which are particularly significant because

obesity is difficult to reverse and childhood obesity leads to additional health complications both during

childhood and later in life.

This paper uses student’s body mass index (BMI) to explore obesity peer effects among students in grade

1-12 in New York City (NYC) public schools. I use reduced form models and draw on methods from the

peer effects literature to deal with issues of selection, reflection, and contextual effects. This paper addresses

two key questions. First, do BMI peer effects exist? Second, if these effects exist, which students are most

affected by their peers, and which peers have the greatest influence? In particular, I explore trends over

time to determine whether BMI peer effects are strongest in elementary school or high school. I examine

differences by race and gender, and the extent to which homophily by race and gender play a role in these

effects. I employ unconditional quantile regression to shed light on difference in effect by own BMI. I find

evidence of small but significant social effects. These effects decline in BMI, meaning that students with

healthy weights are more influenced by their peers than students with obesity.

1.1 Background

Understanding the existence and extent of social effects is important for policymakers and researchers because

the effects create a social multiplier which can enhance or dampen interventions. There are two key areas of

research that explore the link between an individual’s BMI and those they interact with. The first is the peer

effect literature, which asks whether a person’s social network affects their bodyweight. The second literature

is experimental and looks at individual choices people make, and whether they model behavior after that of

the people to whom they are exposed.

The peer effects literature looks at the cumulative effect of these modeling behaviors and has found strong

1See Table 1 in Fryar et al. (2020) for a summary of youth overweight, obesity, and severe obesity prevalence using the
NHANES.
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correlations in weight and BMI for individuals in the same social network (Christakis and Fowler, 2007,

Cohen-Cole and Fletcher, 2008, Fowler and Christakis, 2008). Several papers using the Add Health survey

find strongest effects among female students (Renna et al., 2008) and the strongest correlations for those

most overweight (Halliday and Kwak, 2009). Additional work used random assignment of students to peer

groups in college to find evidence of peer effects on fitness and weight gain (Carrell et al., 2011 and Yakusheva

et al., 2011). However, there is disagreement about the existence of social effects on body composition. Even

recent estimates vary substantially, from statistically significant and near zero (Asirvatham et al., 2018) to

very large (Lim and Meer, 2018 and Strombotne et al., 2019).

There appears to be a consensus in experimental work that people’s choices around both type and quantity

of food consumed are shaped by the behavior of those around them.2 This work looks at individual food

consumption choices and asks whether people are influenced by the behavior of those around them (modeling

behavior). There appear to be two underlying reasons for this modeling. First, people look to others to

understand appropriate behavior in a situation. Second, people model the behavior of those with whom they

identify (or with whom they wish to identify). These effects impact both the choice of the food consumed

(healthy or unhealthy choices) and the quantity consumed.

There are several mechanisms through which a person’s social network may influence their weight. Below,

I discuss norm setting, social identity and stigma, and direct behavioral interactions.

Those with whom a person regularly interacts help define weight norms. Proximity to individuals of

lower (higher) BMI may shift student perspectives on what defines a normal weight, causing a healthy-

weight student to feel overweight (underweight). Students with a minority of heavy or light classmates may

be attracted to or repulsed by these students, and alter behavior accordingly (shining light or bad apple

stories).3 Burke and Heiland (2007) model weight norming behavior in adults. Agents gain utility from

consuming food and incur a cost by deviating from the reference weight, which is derived from the group

average weight.4 Burke et al. (2010) looks at population-level trends and shows that social norms in body

composition appear to change over time.5 If norms can be temporally local, it follows that they may be socially

or geographically local as well. In fact, we see this in several studies of social norms around bodyweight.

Burke et al. (2010) finds that, controlling for own BMI, individuals from groups with higher mean BMI are

less likely than individuals from groups with lower mean BMI to self-classify as overweight. Blanchflower

2Cruwys et al. (2015) systematically reviews the food consumption modeling literature and shows consensus that modeling
effects are real, a conclusion reached in nearly all reviewed papers. More recent work supports this idea as well (Mecheva et al.,
2021).

3See Hoxby and Weingarth (2005) for a discussion of common peer effects models.
4Burke and Heiland (2007) fit their model to data on individuals’ weight, metabolic rate, and desired weight. The reference

weight is some fraction of group average weight, as they find being thinner than average is the norm that is valued. They include
changes in food prices over time, and link the declines in food costs to rising obesity rates.

5They show that controlling for BMI (and a variety of demographics), adults were more likely to consider themselves
overweight in the early 1990s than in the early 2000s. Their findings suggest that bodyweight norms change over time.
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et al. (2009) looks at differences in education levels and find that highly educated people self-identify as

overweight more frequently than lower educated people at the same BMI.

This idea of socially local norms is fundamental to the ways a person’s group identity may impact their

decisions around bodyweight, food consumption, and fitness. We see this as an important mechanism in both

the peer effects and modeling literatures. In the peer effects literature, effects are often most pronounced for

individuals who share demographic traits (ex: Arcidiacono and Nicholson, 2005, Horrace et al., 2020). Much

experimental work suggests that modeling behavior is stronger when individuals are similar along several

dimensions, such as sex, weight, and age (Johnston, 2002, Hermans et al., 2010, McFerran et al., 2010,

Cruwys et al., 2015).

Modeling may be enhanced by a higher perception of shared characteristics and identity. Interestingly,

students are less likely to model group behavior if they already feel socially accepted (Robinson et al., 2011).

This suggests that the primary purpose of modeling behavior may be to prove or reinforce group identity.

When an individual does not feel the need to prove their group identity, they have more freedom to buck

group trends. Differing from BMI norms may incur social stigma (Burke and Heiland, 2007), although this

is unlikely to be a healthy tool for incentivizing weight loss (Burke and Heiland, 2018).

Additionally, there are direct behavioral interactions between individuals that may contribute to BMI

spread within a social network. These include more direct knowledge or preference transfers. For example,

students may directly share food with their peers - or simply share food preferences, which their peers may

incorporate into their own diets. Additionally, as student eating habits are shared, students may be made

aware of new foods or they may learn which foods are socially acceptable. Behaviors do not have to relate

to food intake, and may relate to physical activity, such as exercise habits, sports participation, or recess

activities. People may take social queues about fitness to learn how to do an activity, what appropriate

physical activity looks like, and in order to receive positive feedback from engaging in the behavior (McNeill

et al., 2006). In Section 4.4 I explore fitness spillovers.

To fix ideas, this paper considers norm setting as the primary mechanism of interest through which school

body composition peer effects work. My model focuses on large group averages (school-grade cohorts), such

that these effects are likely due to norms within this level. It is unlikely that students directly interact with

all students in their cohort, but the BMI norms a student observes in their cohort defines what is normal at a

local and relevant level. Students in a school-grade cohort are of similar age and body type – likely making up

a large portion of age-level peers a student is exposed to. Most students share demographic similarities with

the other members of their school-grade cohort, plausibly making this a more relevant group of age-mates

for norm setting than media portrayals. A natural way to explore these norms is to look at within-student

effects to see how student behavior changes in response to large-group norms. While I use the idea of social
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norms to ground the discussion of social spillovers, I cannot exclude the possibility that my estimates pick

up some more direct interaction effects (such as food sharing).6

2 Data and Sample

This paper uses student-level longitudinal administrative data on student academic performance, socio-

demographic characteristics, and school codes, which I link to student health and fitness data.

Student-level demographic data comes from the New York City Department of Education (NYCDOE).

These data include socio-demographic characteristics such as gender, ethnicity, grade, residential zip code,

an indicator of eligibility for free or reduced-price lunch, whether a student is an English language learner,

and student with disability status. Unlike standardized tests, which are only recorded in some grades, NYC

records student BMI for all students grades K-12, allowing me to explore within-student peer effects. I

compile a panel for academic years 2010-2018.

Student health and fitness data comes from the NYCDOE Fitnessgram program. Data include student

weight and height measures, which I use to calculate student BMI. Importantly, I know the age of students

(in months) at the time the weight and height measures are taken. Additionally, for students in fourth grade

and above, the Fitnessgram program tracks a variety of standardized fitness measures designed to assess

student flexibility, strength, and endurance.

I use the CDC’s recommended cutoffs for underweight, overweight, obese, and severely obese in order to

classify student BMI. My measure of BMI is a z-score, normalized to the CDC’s national percentiles from

2000 growth charts (CDC, 2007). This z-score is calculated using the 2000 CDC growth charts, adjusting for

the student’s age (measured to the nearest month) and gender.7 Throughout this paper, I refer to student

body composition simply as BMI.

My estimation sample consists of students in grades 1-12 NYC public, non-charter schools during the

2011-2018 academic years (2010 measures are used as a lag). I exclude students who do not have both

a current year measure of BMI (17.69%) and a lag measure of BMI (9.64 %). I also exclude students in

school-grade-cohorts with less than 20 students who meet these criteria (0.37 %). I lose an additional 5.07

% of my sample because these observations are singletons within fixed effects (over 99.9 % of this is due

to the set of student fixed effects). Table 1 shows summary statistics for the estimation sample. Coverage

6Detection of more direct interaction effects would be better served by a more targeted model, such as interaction-weighted
friendship networks (Presler, 2020). Without appropriately weighting or otherwise refining the network, the network system-
atically overweights the influence of peers with whom a student rarely interacts (such as students in another classroom) and
underweights the influence of socially proximate peers (such as close friends).

7Using 2000 CDC growth charts standardize comparisons of BMI cutoffs across time. In addition, I follow CDC and
WHO guidelines (CDC, 2014) for removing “biologically implausible values” and define any that meet these criteria as missing
observations (0.29%).
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is always highest in middle school and lowest among high school students. The largest drop in my sample

occurs because some students do not have a BMI measure (either current or lag), so in section 5 I check

whether coverage predicts student BMI.

2.1 Fitnessgram

The Fitnessgram is an annual health and fitness assessment designed for students grades K-12 in order

to determine whether students display a health risk. This is a national program in which school districts

across the country participate. In NYC, the Office of School Health collects this data, and the assessment

is designed with benchmarking criteria rather than percentiles in order to measure student health against

objective criteria. While the Fitnessgram measures five areas of student health, my focus in this paper is on

BMI.8 Data reported are student height and weight, which I use to calculate student BMI. This height and

weight assessment is collected for most students grade K-12 in NYC public schools, with the highest coverage

of these measures occurring in middle school, and the lowest coverage in high schools.

3 Methodology

3.1 Identification

My objective is to identify the effects of peers’ body composition on a students’ own body composition.

Estimating social externalities is difficult due to a number of well-documented challenges. These include the

reflection problem, correlated effects, and selection. Below, I discuss each of these challenges in turn, and

how I address them.

First is the reflection problem (Manski, 1993). If a student is affected by a group, and the student

also affects that group, then it becomes difficult to disentangle the effect each has on one another due to

this feedback loop. In order to mitigate the reflection problem, I use lagged peer outcomes rather than

contemporaneous outcomes, as in Sacerdote (2001), Vigdor and Nechyba (2007), Carrell et al. (2009), and

McVicar et al. (2018). Because the measures are not contemporaneous, this breaks the feedback loop caused

by the behavior of a student affecting their peer’s behavior in turn reflecting back to own behavior.

Second, students may experience correlated effects (Manski, 1993), which confound estimates of peer

effects. Students who share a classroom or school are subject to many of the same teacher, environment, and

treatment shocks due to the shared experience required by being one another’s peers. This is not social, and

it is possible that observed correlations in outcome may be the result of external treatment and not due to

8In Section 4.4 I also explore the effects of peer fitness on BMI. In Appendix A, I discuss in greater detail Fitnessgram’s
measures of physical activity.
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student interaction. Following work using similar methodology (Hoxby, 2000, Vardardottir, 2015, Tonello,

2016, and Carrell et al., 2018), I use a series of fixed effects in an attempt to isolate the variation of interest.

For example, school fixed effects remove the correlated effect associated with student environment, cafeteria,

and neighborhood.

Third, students often select into their peer groups. As with correlated effects, this is another explanation

for observed correlation between the performances of students and their peers, making it difficult for the

researcher to understand the causal direction. Do peers have similar outcomes because they are influencing

one another, or do they elect to be peers because they have similar outcomes? As pointed out in the discussion

of correlated effects, my model explores within-school effects. Within a school, students do not choose which

cohort of students to which they will belong. By looking at cohorts (as in Hoxby, 2000, Tonello, 2016, and

Carrell et al., 2018), I avoid the issue of students selecting into their peer group.

To summarize my approach, I exploit within-student variation in the body composition of same-grade

peers. In order to isolate the variation of interest, I use a series of fixed effects to control for common shocks

and correlated effects. The idea is to isolate idiosyncratic variation in grade-mate composition within schools,

similar to previous work (Hoxby, 2000, Tonello, 2016, and Carrell et al., 2018).9 To illustrate, my approach

asks whether students have a higher BMI if they attend a school-grade with more overweight students than

school-grades with more healthy-weight peers.

3.2 Model

The model I estimate uses within-student variation in BMI that comes from exposure to an average peer

BMI within the school-grade. When I construct this average classmate BMI, I use a leave-out-mean (LOM)

measure and do not include the student’s own BMI, as I am interested in the effect of the student’s peers

(not their own effect). I include this in a simple regression as follows:

yisgt = λȳ−i,sg,t−1 + βXisgt + Z̄−i,sgt + ηi + θs + σg + ψt + γr + εisgt (3.1)

where yicsg is the outcome for student i in school s, grade g, and year t is classroom. The class average is

ȳ−i,sg,t−1, which is the lagged outcome for all students in the school-grade cohort with i, but not including

student i (it is a leave-out mean). The model also includes student controls in the form of time variant

student controls Xisgt and a student fixed effect ηi. Time varying controls include student age at the time

of the Fitnessgram evaluation and its square. I also include cohort characteristic controls Z̄−i,sgt, which

9I deviate from much of this work by looking at variation within-student rather than within-institution. This allows my model
to bridge school types, following the same student as they move between elementary, middle, and high schools. This allows me
to better compare peer effects between grade levels. In Section 5, I show that similar baseline models using within-institution
variation rather than individual fixed effects produce similar results.
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includes leave-out-means for gender, ethnicity, FRPL status, ELL status, and SWD status. I also control for

correlated effects due to school, grade, year, and residential zip code by including the respective fixed effects

θs, σg, ψt, and γr. εisgt is the error term. Because the error may be correlated across students within the

same school-grade, standard errors are clustered at this level.

It is important to make sure that the coefficient of interest λ is not confounded by shared treatments or

shocks faced by students and their peers. These confounders are most likely to affect estimates of peer effects

if the estimates are contemporaneous (Lyle, 2007). This is intuitive, as outcomes measured simultaneously

are subject to the peer effects of interest, as well as any common treatment shared by the individuals. I break

this connection by using lagged peer outcomes (recall that this also addresses the reflection problem). Thus

treatments of concern must be common between a student’s current year and their peers’ previous year - the

treatment must span multiple years. Treatments that meet this requirement include school level treatments

and neighborhood treatments, which are captured by fixed effects at the school and residential zip code levels.

4 Results

I begin by building to my preferred specification in Table 2, starting with a simple model that includes only

student FE and age controls (Model 1). We see that current year BMI is correlated with peer lagged BMI,

but it is unclear how much of this is due to sorting into schools, differences by years, and age. Adding

grade and year fixed effects (Model 2) does little to change the estimates, but once a school fixed effect is

included in the model (Model 3) we see a large drop in the estimate from 0.183 to 0.085. There is little

sensitivity to the inclusion of student residential zip code fixed effects (Model 4) and peer characteristics10

(Model 5). The change in estimated peer effect from Model 2 to Model 3 illustrates the source of selection.

BMI is associated with poverty and other characteristics around which families sort into neighborhoods and

schools. The stability of the estimate to both neighborhood fixed effects (270 residential zip codes) and

peer characteristics provides evidence that isolating within-school variation in student BMI is key for causal

estimates of peer effects which are not the result of selection or correlated effects. Model 5 is my preferred

specification, and I build on this model in the rest of the paper.

The estimated effect of peer BMI on own BMI remains stable at 0.085. Recall that these are z-scores, so

if all other students in a cohort face a shock or treatment that increases their BMI by one standard deviation,

own BMI is expected to increase by 0.085 standard deviations. There are two layers of abstraction which

may make understanding the magnitude of these effects difficult. First, these are BMI z-scores. This allows

10Cohort characteristics include the percent of school-grade-year peers who are black, white, or Asian/other. The percent of
peers who are Hispanic are the reference group, as Hispanic students are the modal student in NYC schools. I also include the
percent of peers who are female, eligible for free or reduced price lunch, designated as English language learners, and students
with disabilities.
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comparison across ages, but the absolute change in BMI is smaller for younger students than older students.

Second, BMI units may be less familiar than other units such as pounds. This abstraction is necessary to

measure body composition, but the peer mechanism affects BMI through student weight. Figure 1 converts a

0.085 standard deviation effect in own BMI to pounds for each age in my sample. I make two simplifications

in presenting this figure. First, I bin ages. In my data, age is measured in months, but I group students

by their age in years.11 Second, I fix height at the average height for each age bin. This means that an

average-height six-year-old girl would gain 0.42 pounds from a 1 standard deviation increase in peer weight,

and an average-height six-year-old boy would gain 0.38 pounds. This increases with student age, such that

an average-height eleven-year-old girl would gain 1.13 pounds from a 1 standard deviation increase in peer

weight, and an average-height six-year-old boy would gain 0.97 pounds. At age 15, the effect is larger for

boys (1.53 pounds) than for girls(1.51 pounds), and this continues as students grow older. The magnitude

of this effect suggests that peers are a meaningful influence on weight, but for the average student, these

effects are likely dwarfed by other causes of obesity (such as poverty). However, social spillovers provide a

multiplier effect for interventions which encourage healthy weight for students.

4.1 Nonlinear Effects

Understanding the extent to which linear effects exist is important to better understand the spillover effects

from targeted health interventions. However, the existence of nonlinear effects means we have the ability to

improve welfare through Pareto improvements. The effect of moving a student from one group to another is

symmetric if peer effects are linear. In order to test for the existence of nonlinear peer effects in BMI, I add

an additional network to the model in Equation 3.1. The new model becomes:

yisgt = λ1ȳ−i,sg,t−1 + λ2δ̄−i,sg,t−1 + βXisgt + ηi + θs + σg + ψt + γr + εisgt (4.1)

The additional term δ̄−i,sg,t−1 is the proportion of school-grade-year peers who have a BMI meeting the

categorical threshold of overweight, obese, severely obese, or underweight. Thus the model tests the effect,

beyond average BMI, of having peers at different body composition extremes. Categories are exclusive, such

that students who are obese are not considered overweight.

Table 3 reports results for these nonlinear models. Models 1-4 include the proportion of peers who are

overweight, obese, severely obese, and underweight (respectively). Model 5 includes all four categories in

the same model. I find no evidence of nonlinear effects in peer body composition. This suggests that total

welfare cannot be improved by rearranging peer groups. The baseline estimate itself is robust to the inclusion

11I do this in the way that people typically talk about age. That is, ay = bam/12c, where ay is age in years, am is age in
months.
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of these networks, and suggests a persistent, causal effect of student peer body composition on own body

composition that is linear.

4.2 Heterogeneous Effects

Tables 3.1 and 4.1 suggest a causal effect of about 0.085 standard deviations. School-grade-year cohorts are

large, and it is unlikely that all of these peers are equally important for a given student. In fact, it is likely

that a subset of a students’ peers account for much of the peer effect (Presler, 2020). In this section, I explore

heterogeneous effects along three dimensions: ethnicity, gender, and age (grade).

There are several ways to explore these factors. First, I interact average peer BMI with student ethnicity,

gender, and grade level. This differentiates the effect of peer influence by student characteristic. This extends

Equation 3.1 with an interaction term:

yisgt = λȳ−i,sg,t−1 × 1i,dt + βXisgt + ηi + θs + σg + ψt + γr + εisgt (4.2)

where 1i,dt is an indicator for whether student i has characteristic d during year t.

Another way to explore heterogeneous effects and understand which peers are most relevant is to use

homophily.12 Homophily is the idea that students network with peers who share common characteristics. As

students are necessarily grouped by grade in order to define school-grade-year cohorts, I explore homophily

by ethnicity and gender. To do this, I limit average classmate BMI to students sharing characteristic d

(ethnicity or gender). This changes Equation 3.1 to the following:

yisgt = λȳ−i,sg,t−1,d(i) + βXisgt + ηi + θs + σg + ψt + γr + εisgt (4.3)

where d(i) indicates that the peer average BMI ȳ only takes into account student i’s peers if the peers share

student i’s demographic characteristic (d(i)). As an example, this gives us a gender effect for students sharing

a gender, but does not differentiate between male and female students. It is useful to give us an idea whether,

on average, students find peers of the same gender to be important for social spillovers.

Alternatively, I could differentiate based on characteristic d. This is similar to the previous model, but I

do not combine effects into a categorical effect. Rather I separate, for example, the male and female effects.

12A common source of homophily explored in the literature is race and ethnicity (Arcidiacono and Nicholson, 2005, Renna
et al., 2008, Lavy et al., 2012, Hsieh and Lin, 2017, Ananat et al., 2018, Billings et al., 2019). Horrace et al., 2020 explores the
relative importance of several vectors of homophily, finding shared ethnicity and gender to be the most important for elementary
school academic performance.

10



The model I estimate is as follows:

yisgt =

D∑
d

λdȳ−i,sg,t−1,d × 1i,d + βXisgt + ηi + θs + σg + ψt + γr + εisgt (4.4)

where ȳ−i,sg,t−1,d is the average BMI of students who share characteristic d (in the same school-grade-year

cohort). This is multiplied by 1i,d, an indicator function for whether student i has characteristic d, such that

each student participates exclusively in one demographic network.

Table 4 reports heterogeneous effects by ethnicity.13 Model 1 interacts the classroom proportion with a

student’s own ethnicity (Equation 4.2). Notice that the un-interacted term does not appear in the model,

so no ethnic group is left out. Students in the Asian/other category are most affected by their peers, with

a significant estimate of 0.140. Black students are next, with an estimate of 0.090, followed by Hispanic

students (0.069) and white students (0.061).

Model 2 estimates Equation 4.3, finding that the peer effect of students sharing an ethnicity is 0.049.

Model 3 breaks this apart by ethnicity, estimating Equation 4.4. Within-ethnicity networks appear strongest

for students in the Asian/other group (0.065), followed by black students (0.051), Hispanic students (0.045),

and white students (0.033). This ranking matches the interacted estimates in Model 1. Notice that all of

these estimates are smaller than the baseline estimate of 0.085 in Table 3.1. This indicates that ethnicity is

an important factor for BMI spillovers, but it is not the dominant mechanism through which BMI spillovers

occur. Models 4 and 5 confirm this. Model 4 includes both the shared ethnicity network from Model 2,

and the full school-grade-year network. The overall peer effect estimate reduces from 0.085 in the baseline

specification to 0.072 when the ethnicity homophily network is included in the model. The estimate of the

shared ethnicity network reduces from 0.049 in Model 2 to 0.014 in Model 4. It still remains statistically

significant and an important mechanism, but it appears much less important than the overall peer BMI

composition. Model 5 replaces the overall homophily network with the separated networks. We see a similar

story, with the overall peer effect reduced from 0.085 (baseline) to 0.077 (Model 5). Within-ethnicity networks

only remain statistically significant for Asian/other and black students.

Models 6 and 7 combine the interaction and homophily effects. Again, homophily effects are dominated

by overall (interacted) effects. We see this in Model 6, where the estimate for the shared ethnicity network

(0.013) is comparable to the estimate in Model 4 (0.014) - both of which are less than the estimate in

Model 2 (0.049). Model 7 is quite interesting. We see the same rank of interaction effects, with Asian/other

(0.129), Black (0.079), Hispanic (0.056), and white (0.043). However, the rank of same ethnicity networks

13A very small number of students are missing ethnicity information (0.093% of the sample). This explains the difference
in sample size when interacting with ethnicity. When calculating group averages, students with missing ethnicity information
simply do not figure into these calculations.
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are reversed. Students sharing white ethnicity have the strongest within-network effect (0.019), followed

by Hispanic students (0.013), black students (0.11), and Asian/other students (0.010).14 Notice that white

students are most affected by their own group while being least affected by their peers as a whole. About

31% of the social effect for white students comes from other white students. That same percentage is much

smaller for Asian/other students (7%), Hispanic students (19%), and black students (12%).

Table 5 reports heterogeneous effects by gender. It should be noted that unlike the results presented

previously, not all of the gender results can be considered causal. Recall that the BMI z-score is computed

using the CDC’s 2000 growth charts (CDC, 2007). Part of this calculation takes into account student gender,

making its inclusion endogenous. Model 1 interacts the classroom proportion with a student’s own gender

(Equation 4.2). Male students appear to be more affected by their peers (0.109) than female students (0.062).

Model 2 estimates Equation 4.3. The average peer effect of students sharing a gender is 0.099. Model 3

estimates Equation 4.4, separating the homophilous effect by gender. The within-gender networks for male

students (0.113) is stronger than that for female students (0.083). Unlike with ethnicity, the within-gender

network appears quite strong. The estimate for the female network (0.083) is similar to the baseline estimate

(0.085), and the other estimates are larger. Models 4 and 5 explore this further by including the overall

average network. Note that because there are only two gender homophily networks in this model, the overall

network can be interpreted as the heterophily network. Model 4 includes both the shared gender network

from Model 2, and the full school-grade-year network. The overall peer effect estimate becomes negative

(-0.045). Model 5 expands the overall within-gender network to separate within-male and within-female

networks. We again see the within-male network is stronger (0.142) than the within-female network (0.114),

and the heterophily network remains similar (-0.043) to Model 4.

Models 6 and 7 combine the interaction and homophily models. We see a similar story to the previous

models. In Model 6, the estimate for the gender homophily network is strong (0.128) and the estimates for

average cohort BMI interacted with indicators for female (-0.059) and male (-0.025) remain negative. In

Model 7, the homophily network is separated into female and male networks. The estimate for the within-

female network (0.128) is not statistically different from the within-male network (0.127). The interacted

effects are nearly identical to Model 6. One thing to notice in these models is the negative effect of the

heterophily network. This implies that, for example, a female student’s BMI decreases in her male peers’

BMI. Conceptually this is difficult to justify, but it is likely due to the endogenous relationship between

gender and zBMI.

In this paper, I am able to do something uncommon in the peer effects literature. NYCDOE conducts the

14The overall effect on each ethnicity (Model 1) corresponds to the sum of the cohort effect interacted with ethnicity and the
within-ethnicity effect in Model 7. For example, the cohort BMI effect interacted with Hispanic (0.056) and the within-Hispanic
BMI effect (0.013) total (0.069) matches the cohort BMI effect interacted with Hispanic in Model 1.
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Fitnessgram BMI measures for all K-12 students. This means that by using the lagged body composition of

a student’s peers, I am able to model the peer effect for students in grades 1-12 and compare these estimates

to see if peer effects increase or decrease in student age. The theory is ambiguous. For example, younger

students may be less set in their ways and more open to influence from others - in particular their peers. On

the other hand, younger students may have less freedom and their primary influences may be their parents

or other adults (such as teachers). To explore this peer effect over time, I interact average peer BMI with

the student’s grade level (Equation 4.2).

Figure 2 shows the results of this interaction - first for the full sample (2a) and then with the sample

stratified by gender (2b). Figure 2a shows that the peer effect grows over time, with the exception of grade

1. The grade 1 effect is abnormally large and could represent a strong initial norm setting when students

are first exposed to a large number of their peers. Starting in grade 2, we see a moderate peer effect which

grows over time.15 Figure 2b partitions the sample by gender. Between grades 2 and 7, the point estimate

for female students is larger than for male students. Most of the grade 8 dip we saw in Figure 2a appears

to be attributable to female students, and male students may now have a larger peer effect for most of high

school. However, the gender differences are not large, and only significantly vary during grades 5 and 6 (with

female students being more affected by their peers). The trends this figure suggests is that female students

may be more affected by their peers’ BMI in earlier grades, while male students may be more affected in

later years, with the switch occurring during middle school.

4.3 Quantile Regressions

We have explored who is affected by their peers in terms of demographic characteristics, but it is also of

interest to know who is affected based on BMI. I explore this using unconditional quantile regression, following

Firpo et al. (2009). This method has been used in the peer effects literature to explore academic spillovers

(Huang and Zhu, 2020). Here, I ask whether students with low BMI are more or less affected by peer body

composition than students with high BMI.

Table 8 presents the results of unconditional quantile estimates for every ten percentiles of students’ own

BMI. Notice that the students most affected by their peers are students with the lowest BMI, and the effect

decreases monotonically in student BMI.

Quantiles do not correspond directly with body composition category, but we can think of them similarly.

All students who are underweight are below the 10th percentile. All students with severely obesity are in

the top decile. Students with obesity make up most observations above the 80th percentile. Most overweight

students fall between the 70th and the 80th percentiles. This means we can think of normal weight students

15The exception to this trend is a dip in the point estimate at grade 8.
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being between the 10th and 70th percentiles in BMI.

It is sub-optimal for student’s health outcomes if they are either underweight or overweight. These results

suggest that peer effects can have a strong effect on underweight students, but have a small effect on students

who are obese or severely obese. This may reflect the difficulty of gaining weight compared to losing it. This

is one of major concerns for youth overweight and obesity: once students are overweight it is difficult to lose

that weight. There is evidence that overweight children as young as five years old have a twenty percent

chance of becoming obese within the year, which will likely persist (Cunningham et al., 2014). These results

may be discouraging for policymakers hoping to harness body composition spillovers, as we see stronger

effects on normal-weight students than the students we would prefer to be most affected by their peers.

These findings contrast with estimates found in Brunello et al. (2020), who use peers’ genetic disposition

towards obesity rather than actualized BMI the previous year and run similar quantile regressions. This

suggests that there are other factors (social and otherwise) that affect student weight beyond genetics, and

emphasizes the cumulative nature of weight gain. Even for students who are not predisposed to obesity, it is

more difficult to lose weight than gain it.

4.4 Fitness Spillovers

When crafting treatments or policy to harness peer effects, it is important to understand the mechanism. I

test whether the fitness of a student’s peers affect own BMI. To do this, I use the six fitness measures recorded

in the Fitnessgram. While students of every grade participate in the health assessment (BMI), students do

not begin taking the fitness tests until the fourth grade. Thus this work involves a subset of the sample used

in the previous sections, starting with students in the fifth grade (as the models use peer lag performance).

The Fitnessgram records six measures of fitness. Descriptions of the tests and measures are detailed in

Appendix A. In my analysis, I use principle-component analysis with a varimax (orthogonal) rotation to

consolidate these six measures into two factors of physical competence, which I call fitness and flexibility.

Previous work has shown that an individual’s peers affect their own physical fitness performance at the

college level (Carrell et al., 2009, Carrell et al., 2011). Indeed, I find similar results for students in NYC

(reported in Appendix B). What is of primary interest in this paper is whether peer fitness affects a student’s

own BMI. This is one of the potential mechanisms through which a student’s peers may affect their BMI,

and possibly the most compelling mechanism outside norm setting.

Table 7 presents the results of these models. We see a statistically significant effect of both peer flexibility

and peer fitness, but the magnitudes of these effects are dwarfed by the effect of peer BMI. Higher peer

flexibility in peers may decrease own BMI and higher peer fitness may increase own BMI, but these effects
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are insignificant relative to peer BMI. Aggregate fitness levels and norms appear to be an unimportant source

of spillovers when it comes to student BMI.

5 Robustness Checks

When using reduced form models of peer effects, there is a concern that the models are not actually detecting

peer effects, but some spurious correlations - perhaps due to correlated effects not correctly controlled for

by the fixed effects. For example, students in the same school-grade cohort may simply be descriptively

similar due to some unaccounted sorting (perhaps into neighborhoods or schools). Students travel through

school together with many of the same peers, as most peers progress together from year to year. Thus if I am

detecting correlated effects, we should expect the time direction to be reversible. In my baseline specification,

I test whether the BMI of student i in year 1 is affected by the BMI of i’s peers in year 0. Here, I test whether

the BMI of student i in year 1 is affected by the BMI of i’s peers in year 2. That is, does the future BMI

of my peers affect my current year BMI. The results of this test are found in Model 1 of Table 6, and we

can see that this model produces a precise zero estimate. This implies that these effects are meaningful peer

effects, rather than correlated effects due to shared environmental factors.

Some student Fitnessgram scores are not recorded, either due to lack of participation in the program or

due to breakdowns in the recording process. We may be concerned that students in schools with particularly

high or low BMI scores are systematically not participating, which would bias our results. In Model 2 of

Table 6, I predict cohort coverage percentage using peer BMI and cannot distinguish the results from zero.

This suggests that there is no systematic non-participation based on student BMI.

6 Conclusion

Understanding factors relevant to childhood and youth body weight is important for addressing widely ob-

served increases in overweight and obesity levels. There is active debate whether peer effects are consequential

for child and youth bodyweight. In this paper, I address issues of selection and reflection and leverage within-

student variation to find evidence of small social effects within school-grade cohorts in NYC public schools.

The likely mechanism behind my estimates is social norms.

I find that a one standard deviation increase in lagged peer BMI leads to a 0.085 standard deviation

increase in own BMI. A standard deviation change in zBMI is roughly equivalent to the change from an

average healthy-weight student to overweight,16 so we can consider the effect of exposure to a cohort of just-

16The average healthy-weight student has a zBMI of 0.014. A zBMI of 1.036 classifies a student as overweight.

15



overweight peers relative to a cohort of healthy-weight peers.17 For fifth graders, 0.085 standard deviations

translate to about a pound.18 This means that a standard deviation change in the weight of the median fifth

grader’s peers would be responsible for about 1% of their total weight, or about 5% of the weight difference

between overweight and obese.

I also explore a number of nonlinear models and heterogenous effects based on race and age. I provide

evidence that students respond to peer zBMI linearly. Any social attraction or repulsion to underweight or

overweight peers is dwarfed by the grade weight norm (peer average). Overall, boys are more affected by

peer weight than girls. However, this hides some of the heterogeneity, and girls start out more affected by

their peers than boys until about the eighth grade, at which point boys are more affected by their peers. I

find evidence of homophily in shared sex and ethnicity. Students appear much more affected by same-sex

peers in their cohort.19 The weak same-ethnicity effects suggest that, at least in the context of school-grade

cohorts, social norms in weight cross ethnic lines.

Using quantile regressions, I show that peer effects decrease in weight. This is significant, as the heaviest

students would likely see the largest health benefits from weight reduction, but they see the smallest effects

through the social norms mechanism. Given the small size of these effects, and the mismatch between who

we would like to target with treatments, direct interventions aimed at causes of obesity are likely to be most

effective. These include policies that improve student’s dietary behaviors and choices, as well as poverty

alleviation. Social spillovers and weight norms will likely be a small piece of the mechanism through which

these interventions will work.

I find evidence of strong peer effects in fitness, but these do not translate to student BMI. This suggests

that policies attempting to harness BMI peer effects should target direct factors, such as diet. Indeed, there

is much experimental work showing that peers have an impact on individual food choices and consumption

levels. In this area, social pressures are also stronger in an unhealthy direction. Evidence suggests it is easier

to influence peers to switch from healthy to unhealthy food choices than the reverse (Cruwys et al., 2015,

Binder et al., 2019, Mecheva et al., 2021).

As we develop policies to address the steady increase in overweight and obesity rates, it is important to

address early years during childhood and youth. Early weight gain is difficult to reverse and carries significant

health risks. In this paper, I show that BMI social norms play a small but significant role in student weight.

Social effects are strongest for underweight and healthy weight students, and weakest for students with obesity

and severe obesity. As we see increases in overweight and obesity rates over time, changing social norms will

17The average overweight student has a zBMI of 1.334, so the hypothetical change if we consider average overweight peers is
larger than the one proposed here.

18For girls, this is just over a pound, and for boys it is just under a pound.
19The strong same-sex effects could be a result of the BMI normalization process, which takes student sex into account.
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likely push students towards even heavier weights. As a result, policies targeting student weight in schools

should view peer effects as an obstacle to overcome, rather than a potentially helpful multiplier. If these

policies are successful, and healthy weights again become the norm, it is likely that social effects can again

be a helpful tool for maintaining healthy weight among students.
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7 Tables

Table 1: Summary Statistics

Variable Obs Mean Std. dev.

Year Observations Per Student 1,108,083 4.559 2.038
zBMI 5,052,142 0.568 1.145
lag zBMI 5,052,142 0.570 1.158
Underweight* 5,052,142 0.036 0.187
Overweight* 5,052,142 0.179 0.384
Obese* 5,052,142 0.137 0.344
Severely Obese* 5,052,142 0.057 0.232
Female 5,052,142 0.504 0.500
Asian/Other 5,047,430 0.198 0.398
Hispanic 5,047,430 0.401 0.490
Black 5,047,430 0.239 0.426
White 5,047,430 0.163 0.369
Flexibility Factor 3,642,536 0.039 0.969
Fitness Factor 3,642,536 0.045 1.007
Year 5,052,142 2014.5 2.2
Grade 5,052,142 6.213 3.339
Age [months] 5,052,142 141.37 41.25
ELL Status 5,052,142 0.114 0.318
SWD Status 5,052,142 0.127 0.333
FRPL Status 5,052,142 0.721 0.448
Cohort Size 51,801 97.53 97.03
N Schools 1,604

The sample includes all students grades 1-12 in NYC public, non-charter schools during the 2011-2018 school
years who have both a BMI measure and a lag BMI measure, and who are in a school-grade-year cohort with
at least 20 students.
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Table 2: Baseline Reduced Form Regressions

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

Avg Cohort Lagged zBMI 0.179*** 0.183*** 0.085*** 0.085*** 0.085***
(0.007) (0.007) (0.008) (0.008) (0.008)

Age Controls X X X X X
Student FE X X X X X
Grade FE X X X X
Year FE X X X X
School FE X X X
Res Zip Code X X
Cohort Characteristics X
Observations 5,052,142 5,052,142 5,052,142 5,052,142 5,052,142

Each column represents a separate regression. Robust standard errors are in parentheses, clustered at the
school-grade level. Age controls include student age to the nearest month and its square. Cohort characteristics
include leave-out-means for gender, ethnicity, FRPL status, ELL status, and SWD status.

***Significant at the 1% level
**Significant at the 5% level
*Significant at the 10% level

Table 3: Nonlinear Models

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

Avg Cohort Lagged zBMI 0.086*** 0.083*** 0.086*** 0.088*** 0.094***
(0.008) (0.008) (0.008) (0.008) (0.010)

% Cohort Overweight Last Year -0.006 -0.001
(0.018) (0.023)

% Cohort Obese Last Year 0.018 0.019
(0.023) (0.030)

% Cohort Severely Obese Last Year -0.003 0.001
(0.013) (0.017)

% Cohort Underweight Last Year 0.003 -0.004
(0.053) (0.052)

Age Controls X X X X X
Student FE X X X X X
Grade FE X X X X X
Year FE X X X X X
School FE X X X X X
Res Zip Code X X X X X
Cohort Characteristics X X X X X
Observations 5,052,142 5,052,142 5,052,142 5,052,142 5,052,142

Each column represents a separate regression. Robust standard errors are in parentheses, clustered at the
school-grade level. Age controls include student age to the nearest month and its square. Cohort characteristics
include leave-out-means for gender, ethnicity, FRPL status, ELL status, and SWD status.

***Significant at the 1% level
**Significant at the 5% level
*Significant at the 10% level
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Table 6: Placebo Models

(1) (2)
zbmi fgcoverage

Avg Cohort Lead zBMI -0.000***
(0.000)

Avg Cohort Lag zBMI 0.001
(0.002)

Age Controls X X
Student FE X X
Grade FE X X
Year FE X X
School FE X X
Res Zip Code X X
Cohort Characteristics X X
Observations 4,996,645 5,052,142

Each column represents a separate regression. Robust standard errors are in parentheses, clustered at the
school-grade level. Age controls include student age to the nearest month and its square. Cohort characteristics
include leave-out-means for gender, ethnicity, FRPL status, ELL status, and SWD status.

***Significant at the 1% level
**Significant at the 5% level
*Significant at the 10% level

Table 7: Effects of Cohort Fitness on BMI

(1) (2) (3)
zbmi zbmi zbmi

Avg Cohort Lag zBMI 0.074*** 0.073*** 0.074***
(0.008) (0.008) (0.008)

Avg Cohort Lag Flexibility -0.006** -0.006
(0.003) (0.006)

Avg Cohort Lag Strength/Endurance 0.007** 0.013**
(0.003) (0.006)

% Cohort Fit [Flexibility] -0.005* 0.001
(0.003) (0.008)

% Cohort Fit [Strength/Endurance] 0.004 -0.008
(0.003) (0.006)

Age Controls X X X
Student FE X X X
Grade FE X X X
Year FE X X X
School FE X X X
Res Zip Code X X X
Cohort Characteristics X X X
Observations 3,088,370 3,087,805 3,087,805

Each column represents a separate regression. Robust standard errors are in parentheses, clustered at the
school-grade level. Age controls include student age to the nearest month and its square. Cohort characteristics
include leave-out-means for gender, ethnicity, FRPL status, ELL status, and SWD status.

***Significant at the 1% level
**Significant at the 5% level
*Significant at the 10% level
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Table 8

Quantile Estimate Standard Error

q10 0.148*** (0.014)
q20 0.120*** (0.011)
q30 0.106*** (0.009)
q40 0.092*** (0.008)
q50 0.088*** (0.007)
q60 0.079*** (0.007)
q70 0.060*** (0.006)
q80 0.044*** (0.006)
q90 0.026*** (0.005)

Each row represents a separate regression. Robust standard errors are in parentheses, clustered at the school-
grade level. As in previous models, all regressions include age controls, student FE, grade FE, year FE, school
FE, residential zip code FE, and cohort characteristics. Age controls include student age to the nearest month
and its square. Cohort characteristics include leave-out-means for gender, ethnicity, FRPL status, ELL status,
and SWD status.

***Significant at the 1% level
**Significant at the 5% level
*Significant at the 10% level
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8 Figures

Figure 1: Interpreting 0.085 Standard Deviations as Pounds, by Mean Height for Age
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Figure 2: zBMI Peer Effects by Grade

(a) zBMI Peer Effects by Grade, Combined

(b) zBMI Peer Effects by Grade, Stratified by Gender
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A Fitnessgram Tests

In NYC, students in all grades participate in the health evaluation that consists of height and weight mea-

surements. These measures are taken by physical education teachers or school nurses - all of whom receive

training in order to standardize the process and ensure the accuracy of these measures. Beginning in the

fourth grade, students also participate in five physical fitness evaluations. These are the PACER, push-up,

curl-up, trunk-lift, and sit-and-reach tests.

The PACER test measures student aerobic capacity by measuring the number of 20 meter laps students

can complete at a given pace. The pace is standardized using pre-recorded audio, which progressively gets

faster as the test continues. Students must run the twenty meter track between beeps. Once a student misses

two beeps, their run ends and their physical education teacher records the number of completed laps.

Similar to the PACER test, the push-up and curl-up tests are conducted using pre-recorded audio which

defines the pace at which students complete the exercise. Once students make two pre-defined form errors

(which includes things like not maintaining the proper pace or not reaching a 90 degree bend in their elbows

for push-ups), their completed exercise reps are recorded.

The sit-and-reach and trunk-lift exercises measure flexibility. The sit-and-reach measures flexibility in the

hamstrings, and measures are taken for each leg separately using a box and measuring the distance students

are able to reach. The trunk-lift is designed to measure low back health. In it, students lay on their stomachs

and raise their back in order to measure how high they are able to bring their chin off the ground while

maintaining spinal alignment.

B Fitness Spillovers

Table 9 shows the results of social spillovers for fitness outcomes. As in my BMI specifications, I regress

current year fitness results on the cohort’s average lag performance. Both current-year and lag measures

are normalized z-scores. My estimates range from 0.107 in the sit and reach to 0.192 in the curlup. Notice

that the lowest spillovers occur in the flexibility measures, and the largest effects occur in the strength and

endurance measures. This is intuitive. Peer encouragement and competition likely extract additional effort

from students, and it is likely that effort translates into endurance and strength activities more than flexibility

activities. It is also worth noting that although we look at different age groups, my results are strikingly

similar to those found in Carrell et al. (2011). They find that one standard deviation increase in high school

fitness scores (lag fitness score) increases college fitness by 16.5% of a standard deviation.

30



C Public and Private Costs of Obesity

This appendix provides a very brief overview of both public and private costs associated with obesity. These

include a number of public externalities that make a reduction in obesity rates desirable.

Childhood obesity is a strong predictor of adult obesity (Serdula et al., 1993, Must and Strauss, 1999,

Kindblom et al., 2009, and Whitlock et al., 2005). Obesity in adults is linked with a number of health concerns

including asthma (Sutherland, 2014), depression and other psychiatric disorders (Mustillo et al., 2003), type

2 diabetes, hyperlipidemia, hypertension, and heart disease (Thorpe et al., 2004 and Park et al., 2012). In

children, being overweight has been linked to a number of immediate problems during childhood, including

heightened risk of orthopedic, neurological, pulmonary, gasteroenterological, and endocrine conditions, joint

problems, allergies (Must and Strauss, 1999, Taylor et al., 2006, and Halfon et al., 2013), type 2 diabetes

(Ludwig and Ebbeling, 2001), depression (Morrison et al., 2015 and Halfon et al., 2013), and an overall

decrease in quality of life (Taylor et al., 2013 and Schwimmer et al., 2003). Obesity in children leads to

problems in adulthood including increased risk of type 2 diabetes, hypertension, heart disease, and mortality

(Must and Strauss, 1999 and Park et al., 2012). Obese school children also are more likely to develop ADHD,

learning disabilities, developmental delays, grade repetition, and missed school days (Halfon et al., 2013).

In addition to these health concerns, overweight individuals (particularly white females) may see lower

wages than healthy-weight counterparts (Cawley, 2004 and Moro et al., 2018), as well as lower chance of

being employed at all (Biener et al., 2018).

Problems with overweight and obesity are not limited to private health or wage concerns. Health care

costs in the US continue to rise, and a sizable piece of these expenditure increases can be attributed to

continuing increases in overweight and obesity (Thorpe et al., 2004, Trogdon et al., 2012, and Biener et al.,

2018). These medical costs are borne both privately and publicly. Trogdon et al. (2012) find that between

about a quarter and half of these costs are financed publicly through medicare and medicaid (variation by

state). In addition, Cawley (2008) estimates that voters are interested in reducing childhood obesity and that

the state of New York has a willingness to pay of approximately $690 million to reduce childhood obesity by

half in the state (which is higher than current spending levels). Medical expenditures in the US are estimated

to be between 6 and 11 percent lower in the absence of obesity (Trogdon et al., 2012 and Biener et al., 2018),

with an estimated total cost of obesity in the US of nearly $150 billion in 2008 (Finkelstein et al., 2009). In

addition, Lakdawalla et al. (2004) links obesity to higher levels of disability insurance, medicare, and medical

costs.
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D Appendix Tables and Figures
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