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Abstract
The rates of childhood obesity have increased dramatically in the last few decades. Non-causal evidence suggests
that childhood obesity is highly persistent over the life cycle. However, little is known about the origins of this
persistence. This paper examines the evolution of anthropometric measures from birth through primary school. We
provide estimates of the causal effect of past anthropometric outcomes on future anthropometric outcomes (state
dependence) and investigate the importance of time varying and time invariant factors in the dynamics of childhood
anthropometric measures. We find that anthropometric measures are highly persistent from infancy through primary
school. Moreover, most of this persistence is driven by time invariant, unobserved factors that are determined prior to
birth, consistent with the so-called fetal origins hypothesis. Thus, policy interventions designed to improve childhood
obesity will only have meaningful, long-run effects if these time invariant, unobserved factors are altered. Future
research is needed to identify such factors, although evidence suggests that maternal nutrition may play an important
role.
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1 Introduction

The rise in childhood obesity in the U.S. is well chronicled (Ogden et al. 2002, 2008, Skinner et al. 2016). Moreover,

non-causal evidence suggests that childhood obesity is highly persistent over the life cycle (Serdula et al. 1993, Power

et al. 1997). However, little is known about the origins of this persistence. In this paper we attempt to answer three

questions. First, how do weight, height, and body mass index (BMI) evolve from birth through primary school?

Second, what is the causal effect of past weight and height status on the future weight and height of children? In

other words, how important is state dependence in the evolution of anthropometric measures during the early part

of the life cycle. Third, how important are time varying and time invariant factors in the dynamics of childhood

anthropometric measures? Our analysis is fundamentally important for researchers and policy makers involved in

formulating policies and interventions to address the obesity epidemic. For instance, if obesity originates early in

life and is persistent over time, then early childhood intervention is preferable to later in adolescence or beyond.1

However, and perhaps more importantly, if persistence is due to time invariant underlying factors rather than state

dependence, then only by altering these factors can children be moved onto a different trajectory.

The prevalence of obese adolescents has tripled over the last thirty years; it has more than doubled for younger

children. Defined as having an age- and sex-adjusted BMI above the 95th percentile of the reference distribution,

the prevalence of obese children increased from 5% to 12.4% for 2-5 year old children and from 5% to 17.6% for

12 to 19 year-olds between 1976 and 2006 (Ogden et al. 2008). In addition, vast differences in the time trends of

BMI increases have been documented: the incidence of obesity among white girls aged 12-19 has increased from

7.4% to 14.5% between 1988 and 2006, whereas the corresponding figures for African-American girls are 13.2% and

27.7% (Ogden et al. 2002, 2008). Epidemic increases in childhood obesity have also been observed among pre-school

children (Deckelbaum & Williams 2001, p.242S). More recently, Brisbois et al. (2012, p. 347) state: “Obesity is

considered to be a worldwide epidemic with little evidence that its incidence is declining or that it has even reached

a plateau.”

While there exists some evidence that childhood obesity rates may have begun to recede in the U.S. (Ogden

et al. 2014), public health concerns over childhood obesity remains high due to the well-documented consequences

1For instance, Eriksson et al. (2001, p. 735) conclude that “obesity is initiated early in life.” Also, an article in the New York Times
on March 22, 2010 discusses some evidence suggesting that children may become entrenched “on an obesity trajectory” even before
kindergarten; however, the evidence is not “ironclad” (http://www.nytimes.com/2010/03/23/health/23obese.html?ref=health.). While
public health officials tend to advocate school-based reforms in light of the near universal enrollment, others stress the importance of
preschool interventions (e.g., Frisvold & Giri (2014), Dietz & Gortmaker (2001), Davis & Christoffel (1994)).
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of obesity and the lack of understanding pertaining to the turnaround.2 Obesity burdens individuals with severe

physical, economic, and emotional suffering, and puts children and adolescents at risk for a number of health problems

such as those affecting cardiovascular health, the endocrine system, and mental health (Deckelbaum & Williams 2001,

Krebs et al. 2003). For instance, Dietz & Gortmaker (2001) note that 60% of overweight children aged five to ten

years old have at least one associated cardiovascular disease risk factor.

Perhaps the most crippling consequence of childhood obesity stems from its impact on adult obesity (Serdula

et al. 1993, Power et al. 1997), with its concomitant effects. Currently, 60% of the total U.S. population is overweight

or obese and 50% is expected to be obese in 2030 at the current rate (Dor et al. 2010). Walpole et al. (2012) calculate

that, due to obesity, North America accounts for 34% of the total human biomass in the world despite containing

only 6% of the world population. Moreover, the authors estimate that, if the entire world had the same age-sex BMI

distribution as the U.S., total human biomass will increase by 58 million tonnes which would be equivalent to 935

million people of world average BMI. Finkelstein & Zuckerman (2010) report that if the childhood obesity epidemic

continues unabated at the current rate, as many as 30-40% of the US population will develop Type 2 Diabetes during

their lifetime. Mocan & Tekin (2011) document the links between adult obesity and lower wages, productivity, and

self-esteem. In the U.S., the total cost attributable to obesity was over $75 billion in 2000 according to Finkelstein

et al. (2004); more recent estimates put the cost over $200 billion (Cawley & Meyerhoefer 2012).

While the changes in childhood obesity rates across cohorts, as well as the consequences of these increases, are

well-documented, much less is known about how anthropometric measures of children evolve over the life cycle. A

growing literature has investigated persistence in anthropometric outcomes in a non-causal framework, stressing the

correlation in outcomes over time.3 Whitaker et al. (1997) found that the probability of an overweight six year-old

child becoming an obese adult is 50% compared to 10% for a non-overweight child. In addition, the risk of becoming

obese in adulthood is exacerbated by having an obese parent (Whitaker et al. 1997). Eriksson et al. (2001) found

that individuals with BMI greater than 16 as opposed to below 14.5 at age seven were three times more likely to be

obese as an adult. Nader et al. (2006) find that children who were overweight prior to the age of 5 are five times as

likely to be overweight at 12 relative to children who were not overweight prior to the age of 5.

Freedman et al. (2001) also report a strong relationship between overweight status in childhood and adult BMI.

2See, for instance, http://www.nytimes.com/2013/08/07/health/broad-decline-in-obesity-rate-seen-in-poor-young-children.
html?pagewanted=all.

3Iughetti et al. (2008) provide an excellent review.
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However, they find a striking result that obese adults who were overweight prior to age eight have a much higher

BMI than individuals suffering from adult onset obesity (41 versus 35). Van Cleave et al. (2010) analyze changes in

the prevalence of obesity and other chronic conditions (e.g., asthma, other physical and learning conditions). The

authors find that prevalence of obesity is increasing and is highly persistent over time. Conversely, many children

with chronic conditions at ages two through eight did not have the condition six years later. Finally, Millimet &

Tchernis (2013a) assess persistence of anthropometric outcomes during infancy and primary school, documenting a

significant increase in persistence upon entry into primary school. Deckelbaum & Williams (2001, p. 239S) conclude:

“Disturbingly, obesity in childhood, particularly in adolescence is a key predictor for obesity in adulthood.” Similarly,

Dietz & Gortmaker (2001, p. 340) state: “The best evidence suggests that the majority of overweight adolescents

go on to be overweight adults.”

This paper contributes to the existing literature by attempting to understand the origins of the persistence

in childhood anthropometric measures. We revisit the question of persistence in early childhood anthropometric

outcomes, investigating the relative importance of state dependence (i.e., a causal effect of past anthropometric status

on future anthropometric status), unobserved heterogeneity (i.e., unobserved genetic or environmental risk factors),

and observed heterogeneity (i.e., commonly measured risk factors) on this persistence. We do so by estimating

dynamic regression models using data from two samples: the Early Childhood Longitudinal Survey – Kindergarten

Cohort (ECLS-K) and the Early Childhood Longitudinal Survey – Birth Cohort (ECLS-B). The ECLS-K is a

nationally representative longitudinal survey of children entering kindergarten in Fall 1998. In addition to providing

information on birthweight, anthropometric data is collected at several points in time between kindergarten and

eighth grade. The ECLS-B is also a nationally representative longitudinal survey of children born in the U.S. in 2001.

Information is provided on these children at ages 9 months, two years, four years, and five years. These two samples

are complementary because while the ECLS-K sample permits an examination of anthropometric persistence from

kindergarten through primary school, the ECLS-B sample allows for a more refined examination of anthropometric

trajectories prior to kindergarten entry.

Two salient conclusions derive from the analysis in this paper. First, weight, height, and BMI are highly persistent

starting in early infancy. Second, majority of this persistence is attributable to time invariant characteristics of

children. This finding is crucial as it suggests that only interventions that alter these time invariant attributes will

have substantive, long-run effects on a child’s anthropometric status. Thus, current policy interventions may, at
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best, have a marginal impact in the short-run and, at worst, be destined to fail (see, e.g., Davis & Gebremariam

(2010)). Moreover, while it is difficult to say what these critical, time invariant attributes are given the data at hand,

we find some evidence that fetal nutrition – with mother’s pre-pregnancy weight and weight gain during pregnancy,

gestation age, birth status (singleton, twin, or higher order birth), and birthweight as proxies – impacts the evolution

of anthropometric measures over the early life cycle. However, time invariant, unobserved attributes play a much

more prominent role.

The remainder of the paper is organized as follows. Section 2 provides a brief overview of related literature.

Section 3 presents the methodology. Section 4 presents the ECLS-K sample analysis. Section 5 presents the ECLS-B

sample analysis. Section 6 discusses the results of the analyses and Section 7 concludes.

2 Related Literature

In addition to the literature already discussed pertaining to the correlations between childhood weight status and

adult obesity, two other strands of the prior literature are worth discussing. The first strand includes investigations

of the persistence in health among adolescents and adults in a causal framework. For example, Halliday (2008)

investigates persistence in self-reported health status among white adults aged 22-60 using data from the Panel

Study of Income Dynamics (PSID) and allows the parameters of the model to vary. The results suggest that the

degree of state dependence – the causal effect of past states on one’s current state – in health is modest for half the

population, yet it explains much of the observed persistence in health for the other half. Ham et al. (2013) analyze

persistence in bulimia nervosa in young women. The authors find a substantial role for state dependence in the

persistence of bulimia nervosa. Our analysis follows the logic of these studies.

The second strand focuses on the so-called fetal origins hypothesis. The fetal origins hypothesis, also referred

to as the thrifty phenotype hypothesis or Barker’s hypothesis (due to Barker’s original publication in 1992), posits

long-run effects of conditions in utero during critical periods of development through “programmed” changes in the

physiology and metabolism of individuals (Barker 1997). Beginning with Barker’s work (Barker 1992), there is a

strong belief that in utero events may determine whether a fetus ends up on an “obesity trajectory.” Deckelbaum

& Williams (2001, p. 239S) note that “emerging data suggest associations between the influence of maternal and

fetal factors during intrauterine growth and growth during the first year of life, on risk of later development of
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adult obesity and its comorbidities.” More recently, Brisbois et al. (2012) state: “Based on recent evidence, early-life

experiences in utero and postnatal influences may induce permanent changes in physiologic function that programme

the long-term regulation of energy balance. This subsequently may adversely impact obesity risk in later life.”

Factors that may induce such permanent changes in order to set a fetus upon an “obesity trajectory” is the subject

of on-going research. While initial hypotheses focused on undernutrition and oxygen supply, additional factors such

as maternal BMI, maternal weight gain, maternal smoking, gestational diabetes requiring insulin, and postnatal

characteristics such as breastfeeding and the timing of introduction to solid foods are also found to be important

(Dietz 1997, Deckelbaum & Williams 2001, Brisbois et al. 2012).

Within this literature, studies have also focused on the identification of early life physical indicators of predispo-

sition to future obesity. Preliminary results suggest that birthweight, length, and gestation age at birth alone are not

strong predictors. Instead, there are complex interactions between these measures, along with other measures such

as head circumference, that matter. For example, a fetus born prematurely and, as a result, with low birthweight

and length is not likely to be at greater risk of future obesity as long as the fetus’ measurements are in proportion

and within “normal” ranges given its gestation age. On the other hand, a fetus born with disproportionate physical

measurements suggests a greater risk of future obesity (Barker 1997, Godfrey & Barker 2001, Brisbois et al. 2012).

3 Methodology

We assess the extent and origins of persistence using a dynamic regression framework. This approach allows for

the decomposition of persistence into various components reflecting state dependence, observed heterogeneity, and

unobserved heterogeneity.

The simplest estimating equation is

yit = γyit−1 + εit, i = 1, ..., N ; t = 1, ..., T, (1)

where yit is a measure of anthropometric status for child i at time t, εit is a mean zero error term, and T must be

at least two (given observability of the initial observation, yi0). Here, γ reflects the overall level of persistence as it

captures the entire association between past and current anthropometric status.
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To decompose the overall persistence, we next incorporate observed heterogeneity into the model as follows:

yit = γyit−1 + xitβ + wiδ + εit, i = 1, ..., N ; t = 1, ..., T, (2)

where xit is a vector of observed, time varying attributes of child i at time t and wi is a vector of observed, time

invariant attributes of child i. The change in the estimate of γ from (1) to (2) reflects the portion of persistence

attributable to observed heterogeneity.

Finally, we include observed time-varying heterogeneity and all sources (observed and unobserved) of time-

invariant heterogeneity into the model as follows

yit = γyit−1 + xitβ + αi + εit, i = 1, ..., N ; t = 1, ..., T, (3)

where αi is a child-specific fixed effect. In (3) γ reflects the degree of state dependence as it captures the causal effect

of past weight status on current weight status. The child-specific fixed effect, α, reflects persistence in child anthro-

pometric measures due to persistent observed and unobserved, child-specific heterogeneity (such as time invariant

environmental and genetic factors). In such models, β represents the contemporaneous effects of the observed, time

varying regressors, whereas β/(1− γ) represents the long-run effects of a permanent unit change in these variables.

Estimation of (3) is straightforward (assuming the model is correctly specified). Following Anderson & Hsiao

(1981), (3) is first-differenced to eliminate αi. The first-differenced model is then estimated via instrumental variables

since the first-differenced lagged dependent variable is necessarily correlated with the first-differenced error term.

However, yit−2 represents a valid instrument if ε is serially uncorrelated. The models are estimated by Generalized

Method of Moments (GMM).

In addition to simply examining the coefficient estimates, we follow the logic in Ulrick (2008) and simulate

probabilities (given estimates of the regression model) such as the following:

Pr(yiT ≥ y∗|yi0 ≥ y0). (4)

Here, (4) represents the probability of a child having an anthropometric measure above y∗ in the terminal period

conditional on an initial measure greater than or equal to some value y0. For example, one might be interested
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in the probability of a child having a BMI above the 85th percentile in period T conditional on being above the

85th percentile in the initial period, t = 0. These probabilities incorporate not just the coefficient directly related

to persistence, γ, but also reflect persistence due to persistence in observed and unobserved determinants of child

weight. Moreover, we can simulate counterfactual probabilities by altering the attributes of individuals.

Before detailing the simulations undertaken, note that upon estimating (3), the estimates of the child-specific

fixed effects, αi, are given by

α̂i =
1

T

T∑
t=1

[
yit − γ̂yit−1 − xitβ̂

]
, i = 1, ..., N. (5)

These child-specific fixed effects estimates can then be decomposed into observed and unobserved time invariant

factors by estimating the following model using ordinary least squares (OLS):

α̂i = wiδ + ηi, (6)

where wi now includes an intercept and ηi is a mean zero error term. Finally, given estimates of γ, β, and α, we can

obtain estimates of the idiosyncratic errors, ε and η, using (3) and (6).

We now turn to the simulation of probabilities such as those given by (4) under the following counterfactual

scenarios:

1. Own yi0, own xit, set εit = 0, and

(a) replace αi = α̂, or

(b) draw αi ∼ F (α) where F (·) is the empirical distribution of αi.

2. Own yi0, own xit, set ηi = 0, set εit = 0, and

(a) own wi, or

(b) draw wi ∼ F (w) where F (·) is the empirical distribution of wi.

3. Own yi0, own xit, own wi, set εit = 0, and draw ηi ∼ F (η) where F (·) is the empirical distribution of ηi.

4. Own yi0, own αi, set εit = 0, and
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(a) replace xit = xt, or

(b) draw xi· ∼ F (x1, ..., xT ) where F (·) is the empirical joint distribution of x1, ..., xT .

5. Own yi0, own xit, own αi, and draw εi· ∼ F (ε1, ..., εT ) where F (·) is the empirical distribution of εi·.

6. Own yi0, own αi, and draw xi·, εi· ∼ F (x1, ..., xT , ε1, ..., εT ) where F (·) is the empirical joint distribution of

x1, ..., xT , and ε1, ..., εT .

Probabilities are obtained using 500 simulations. See Appendix A for further details.

Case 1 eliminates time varying, unobserved heterogeneity, εit, and assesses the impact of altering the distribution

of time invariant heterogeneity, αi. Case 1a eliminates all time invariant heterogeneity. Cases 1b replaces actual

time invariant heterogeneity with a random draw from the empirical distribution of αi. Case 1b entirely breaks any

correlation between the initial condition, yi0, xit, and time invariant heterogeneity, αi. Put together, these scenarios

highlight the relative importance of time invariant heterogeneity in the origin of persistence in child anthropometric

measures.

Case 2 continues to eliminate time varying, unobserved heterogeneity, εit. However, time invariant, unobserved

heterogeneity, ηi, is now also eliminated; the observed component of time invariant heterogeneity is then altered. Case

2a uses each observation’s own time invariant heterogeneity, wi. Case 2b draws wi from the empirical distribution.

Case 3 is similar to Case 2, but has individuals retain their time invariant, observed heterogeneity, wi, and alters

the distribution of time invariant, unobserved heterogeneity, ηi. Case 3a draws ηi from the population empirical

distribution. Altogether, Cases 2 and 3 permit the assessment of the relative importance of the observed and

unobserved components of time invariant heterogeneity in the persistence of child anthropometric outcomes.

Case 4 continues to eliminate time varying, unobserved heterogeneity, εit, and assesses the impact of altering

the distribution of time varying, observed heterogeneity, xit. Case 4a eliminates all time varying heterogeneity.

Case 4b replaces actual time varying, observed heterogeneity with a random draw from the empirical distribution

and succeeds in entirely breaking any correlation between the initial condition, yi0, αi, and time varying, observed

heterogeneity, xit. The scenarios in Case 4 complement the simulations performed in Case 1 as they speak to the

relative importance of time varying, observed heterogeneity in the persistence of child anthropometric outcomes.

Case 5 has individuals retain their time varying, observed attributes, xit, time invariant attributes, αi and yi0, but

alters the distribution of time varying, unobserved heterogeneity, εit by drawing εi· from the empirical distribution.
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Finally, Case 6 has individuals retain only their time invariant attributes, αi and yi0. All time varying heterogeneity

is sampled. In particular, xi· and εi· are drawn from the population empirical distribution. Thus, Cases 5 and 6

address the relative importance of the observed and unobserved components of time-varying heterogeneity in the

persistence of childhood anthropometric outcomes.

4 ECLS-K Sample Analysis

4.1 Data

We use data from the restricted version of the ECLS-K. Collected by the U.S. Department of Education, the ECLS-K

surveys a nationally representative cohort of children throughout the U.S. in fall and spring kindergarten, fall and

spring first grade, spring third grade, spring fifth grade, and spring eighth grade. The sample includes data on over

20,000 students who entered kindergarten in one of roughly 1,000 schools during the 1998-99 school year. In addition

to family background information, height and weight measures are available for children in each round, as well as

information on birth weight.

Our final sample consists of children for whom we have valid measures of age, gender, height, and weight.4 From

the information on height and weight of the children, we obtain z-scores for weight, height, and BMI. Note that

z-scores and percentiles are based on CDC 2000 growth charts; these are age- and gender-specific, are adjusted for

normal growth, and percentiles are based on the underlying reference population.5 The estimation utilizes data from

five waves: fall kindergarten, spring first grade, spring third grade, spring fifth grade, and spring eighth grade.6 The

sample is a balanced a panel of roughly 9,160 children.7

The following time invariant covariates are included in the regression model: gender, race/ethnicity (white, black,

Hispanic, Asian, and other), birthweight, indicator for premature birth, indicator for being born in the U.S., indicator

for being a native English speaker, city type (urban, suburban, or rural), region (northeast, midwest, south, and

west), mother’s education (less than high school, high school/GED, some college, four-year college degree, and more

than four years of college), mother’s age at first birth, mother’s marital status at birth, indicator for attending

4The initial sample size of the ECLS-K is 21,260. After cleaning age, weight, and height as described in Millimet & Tchernis (2013b,
Appendix C), and due to sample attrition, the sample size falls to 9,360 in the final wave of the data. Restricting the sample to a balanced
panel reduces the sample size to approximately 9,160. This is the final sample size per wave in the analysis.

5z-scores and their percentiles are obtained using the -zanthro- command in Stata.
6The survey design is troublesome in that the ECLS-K contains irregularly spaced waves. To minimize the issue, we omit the spring

kindergarten wave and thus each period conceptually represents roughly a two-year window.
7Note, all sample sizes are rounded to the nearest 10 per NCES restricted data regulations.
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nonparental pre-kindergarten, indicator for mother’s labor force participation during infancy, indicator for mother’s

participation in WIC (Women’s, Infants, and Children) during pregnancy, indicator for mother’s participation in

WIC during infancy, indicator for mother’s participation in TANF (Temporary Assistance for Needy Families) during

infancy, indicator for participation in FSP (Food Stamp Program) during infancy, and indicator for attending full

day kindergarten.8

The following time varying covariates are included in the regression model: an index of socioeconomic status

(SES), indicator for the household being in poverty, number of children’s books in the household, household size,

family type (two parents plus siblings, two parents and no siblings, one parent and siblings, one parent and no siblings,

and other), mother’s labor force participation status (full-time, part-time, and not working), indicator for mother

absent from the household, indicator of current TANF participation, indicator of current FSP participation, indicator

for health insurance, hours spent watching television during the school week, hours spent watching television during

the weekend, indicator for household rules regarding television watching, days per week household eats breakfast

together, days per week household eats dinner together, indicator for household food security (household never

worried about running out of food), neighborhood safety (very safe, somewhat safe, and not safe), and percent of

minority students in class at school. For all covariates (except gender, age, height, and weight), we include dummy

variables for missing observations.

4.2 Results

Table 1 displays the results from estimation of equations (1), (2), and (3) for weight, height, and BMI z–scores,

respectively. In addition to reporting estimates of the coefficient on the lagged outcome, γ, we report the first-stage

Kleibergen & Paap (2006) Wald rk F -statistic, the Kleibergen & Paap (2006) rk test of underidentification, and a

test of endogeneity. The first two tests are designed to detect any issues associated with weak instruments. Finally,

recall that the estimate of γ from (1) reflects the overall level of persistence, the change in the estimate of γ moving

from (1) to (2) captures the portion of persistence explained by the observable covariates, and the change moving

from (2) to (3) reflects the portion of persistence explained by unobserved, time invariant factors.

Table 2 presents the dynamic simulations based on (4), which affords further analysis of the sources of persistence,

especially in the upper tail of the distribution of anthropometric measures, and the role of time varying and time

8FSP was renamed the Supplemental Nutrition Assistance Program (SNAP) in October 2008. Since the data pre-dates this change,
we refer to the program as FSP.
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invariant observed attributes. As noted earlier, the simulations are based on the estimates of the fixed effects

specification given in (3), along with the subsequent estimates of the fixed effects and their decomposition given in

(5) and (6). For each outcome, we simulate three sets of probabilities:

1. Pr(yiT ≥ 85th percentile |yi0 ≥ 85th percentile),

2. Pr(yiT ≥ 95th percentile |yi0 ≥ 95th percentile), and

3. Pr(yiT ≥ 85th percentile |yi0 ≤ 50th percentile),

where period T denotes spring eighth grade and period 0 corresponds to fall kindergarten. Note, the percentile

outcomes are based on the underlying reference population used in the CDC 2000 growth charts, not the current

sample. Thus, the 85th and 95th percentiles correspond to usual cutoffs for overweight and obese when examining

BMI. Finally, Table 2 also presents the benchmark probability, which is the empirical probability observed in the

data (i.e., the sample probability as opposed to an estimate), for comparison.

4.2.1 Weight

Panel I of Table 1 displays the regression results for weight z-scores. The estimates of γ across the three specifications

are 0.931, 0.932, and 0.775 (standard errors are 0.003, 0.003, and 0.067, respectively) in Columns (1), (2), and (3)

respectively. Each coefficient estimate is statistically significant at the 1% confidence level and all three specifications

are strongly identified. The estimates of γ above 0.9 indicate a substantial degree of childhood anthropometric

persistence. Moreover, the fact that the estimate of γ does not change moving from Column (1) to Column (2)

implies that our lengthy vector of time varying and time invariant observed factors explain none of the persistence

in weight status for primary–school–aged children. Thus, while we find extreme persistence from one period to the

next, this persistence is not attributable to or explained by characteristics typically observed by policy makers or

health practitioners.

Moving to the specification in Column (3), which replaces the time invariant observed factors with child-level

fixed effects and thereby accounts for all time invariant attributes of the child, the estimate of γ falls to 0.775, a

decline of roughly 17% from 0.93 in Columns (1) and (2). This implies that time invariant, unobserved factors explain

about 17% of the observed persistence in weight z–scores. Examples of such factors include genetic endowments,
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prior health shocks determined in utero or during infancy, time invariant environmental factors such as the presence

of grocery stores or outdoor amenities, etc.

In sum, we find that overall persistence is fairly extreme as a one standard deviation increase in weight is

associated with roughly nine-tenth of a standard deviation increase in the subsequent period. However, time-varying

and time invariant observed attributes explain none of this persistence. Furthermore, time invariant unobserved

factors also explain very little of the persistence (less than one-fifth). Thus, much of the persistence in child weight is

attributable to state dependence, which implies that early interventions that are successful in reducing child weight

will have long-run effects. Unfortunately, since our covariates explain little of the variation in weight, identifying

such early interventions may be difficult.9

Table 2 displays the simulation results for Pr(yiT ≥ 85th percentile |yi0 ≥ 85th percentile), Pr(yiT ≥ 95th per-

centile |yi0 ≥ 95th percentile), and Pr(yiT ≥ 85th percentile |yi0 ≤ 50th percentile) for weight, height, and BMI

z–scores in Columns (1)-(3), (4)-(6), and (7)-(8) respectively.

Simulated Probabilities: Pr(yiT ≥ 85th percentile |yi0 ≥85th percentile)

Focusing on Column (1) of Table 2, the benchmark probability is 0.84. In other words, 84% of children above the

85th percentile in the initial period remain above the 85th percentile in the terminal period in our sample. This is

consistent with a high degree of persistence in weight in the upper tail of the distribution. We turn to the simulations

to explore the sources of this persistence.

Panel I in Table 2 contains the simulated probabilities when time varying unobservables are ignored (i.e., εit = 0

for all i, t) and time invariant heterogeneity is altered first by removing it entirely (i.e., setting α to the sample mean

of α̂) and then by retaining the heterogeneity in α, but breaking its correlation with x and y0 by giving each child

a random draw from the empirical distribution of α̂. In the first case, the conditional probability of staying above

the 85th percentile falls to about 0.753 while it falls to about 0.576 in the second case. The fact that the conditional

staying probability drops noticeably from the benchmark in the second case, but only marginally in the first case,

indicates that it is not the variation in α across children that influences persistence, but rather the correlation between

α and the time varying covariates. In fact, the correlation between time invariant heterogeneity and the time varying

9The full set of results are available upon request. While some estimated coefficients are statistically significant at conventional levels,
the magnitudes are quite small; even the long-run effects of permanent changes in the covariates, given by β/(1 − γ), are quite small.
That said, while our covariate set does include a wide array of the usual family background variables, we do not have information on
many recent interventions designed to combat obesity, such as education efforts, healthy food programs, and efforts to promote physical
activity. We also do not have data on parents’ height or weight. We return to the issue of parental anthropometric status later.
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covariates explain a little over 30% of total persistence in weight status (i.e., 1 − (0.576/0.84) = 0.314). Moreover,

since the results in Table 1 indicate that the time varying, observed covariates, x, have little explanatory power, it is

the correlation between α and the initial condition, y0, that explains nearly one-third of the total persistence in weight

status. In other words, children with high initial conditions – measured by weight z–scores upon kindergarten entry

– also have high values of α, and this combination is responsible for one-third of the conditional staying probability

over the span of kindergarten through eighth grade.

Panels II and III in Table 2 assess whether the importance of α is driven by time invariant observed factors, w,

or unobserved factors, η. The first simulation in Panel II sets η equal to zero and keeps w at its actual value. The

result is very similar to the first case in Panel I, where α is set equal to its sample mean. In this case, the conditional

staying probability is 0.727, implying that the results in Panel I were driven by having set η to its sample mean.

When children were instead given a random draw for w from its empirical distribution, the probability changes only

modestly to 0.703. Again, this is consistent with the results in Table 1 where we found little explanatory power for

the time invariant, observed covariates. In Panel III, however, when children retain their own observed factors, x

and w, but receive a random draw for η from its empirical distribution, the conditional staying probability falls to

0.591. As such, it is the correlation between time invariant, unobserved factors and the initial condition, y0, that

is responsible for roughly one-third of the conditional staying probability. In other words, children with high initial

conditions also have high values of η, and this combination is responsible for one-third of the persistence in weight

from kindergarten through eighth grade.

Lastly, Panels IV, V, and VI in Table 2 report the simulated probabilities obtained when children retain their time

invariant heterogeneity, α, but receive draws of either time varying, observed covariates, x, or unobserved attributes,

ε, or both from their respective empirical distributions. The results indicate no impact from altering either, which

is consistent with the prior results in Table 1.

In sum, the simulations indicate that about one-third of the conditional probability of staying above the 85th

percentile for weight is due to time invariant, unobserved risk factors such as genetic endowments, early life health

shocks, time invariant environmental factors, etc. In spite of the increased role of time invariant, unobserved hetero-

geneity, a greater portion of the persistence in weight status is still attributable to state dependence as evidenced by

the regressions in Table 1. The fact that about two-thirds of persistence in weight status is due to state dependence

is encouraging in that early interventions, to the extent that they are successful in reducing weight prior to kinder-
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garten, can have long-run effects on weight during middle school.

Simulated Probabilities: Pr(yiT ≥ 95th percentile |yi0 ≥95th percentile)

Column (2) of Table 2 displays the analogous results for Pr(yiT ≥ 95th percentile |yi0 ≥ 95th percentile). Com-

pared to the results in Column (1) of Table 2, three primary differences emerge. First, the benchmark probability of

0.762 is lower for the full sample. Second, the vast majority of the persistence is due to variations in time invariant

heterogeneity, α, across children even more so than in Column (1). In fact, the conditional probability of staying

above the 95th percentile falls to about 0.134 when the time invariant heterogeneity is altered by removing it entirely

(i.e., setting α to the sample mean of α̂) in Panel I of Column (2). State dependence, as well as time varying factors,

x and ε, do not play much of a role in explaining persistence in the extreme upper tail. Third, unlike in Column (1)

of Table 2, we find that setting η to zero in Panel II results in a relatively greater reduction in the conditional staying

probability than in Panel III when η is replaced by random draws from different empirical distributions (i.e., about

45% vs. about 30%). This indicates that giving children initially above the 95th percentile an average draw from the

distribution of η (i.e., setting η to zero) is sufficient to bump most of these children below the 95th percentile by the

terminal period, whereas this is not sufficient when using the 85th percentile as the threshold.

Simulated Probabilities: Pr(yiT ≥ 85th percentile |yi0 ≤50th percentile)

Finally, Column (3) of Table 2 presents the results for Pr(yiT ≥ 85th percentile |yi0 ≤ 50th percentile). This

case illuminates factors associated with relatively extreme weight gain during early childhood (i.e., sizable upward

mobility as opposed to persistence). In terms of the benchmark case, the probability of moving from below the

median at kindergarten entry to above the 85th percentile by the end of eighth grade is roughly 12%.

Turning to the simulations, we obtain a few noteworthy findings. First, time varying factors, x and ε, continue not

to play any meaningful role. Second, replacing α with the sample mean reduces the probability of crossing the 85th

percentile conditional on starting below the median to zero. Replacing α with a random draw from different empirical

distributions roughly doubles the probability of crossing the 85th percentile relative to the benchmark. Together,

these results imply that children initially below the median tend to have favorable values of α. Specifically, α is

not randomly distributed in the population, but rather has a positive (partial) correlation with the initial condition,

y0. Only the few children with extremely unfavorable draws of α, despite being below the median in the initial
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period, experience extreme upward mobility. Moreover, if α were randomly assigned, the probability of moving from

below the median to above the 85th percentile would roughly double. This is a testament to the importance of time

invariant factors (not state dependence), in determining the probability of extreme upward mobility in weight status.

Third, the effect of randomly assigning α is due to randomly assigning time invariant, unobserved factors, η.

Randomly assigning the time invariant, observed factors, w, has little impact on the probability of extreme upward

mobility. Moreover, removing time invariant, unobserved factors by setting η to zero reduces the probability of

extreme upward mobility to nearly zero. The implication is that children below the median tend to have favorable

draws of α, which really means favorable draws of time invariant, unobserved factors, η.

Overall, the evidence presented thus far points to an important role for state dependence in explaining persistence

in weight status on average but less so in the upper right tail of the weight distribution, where time invariant,

unobserved heterogeneity assumes a greater role. Next we turn to the analysis of height

4.2.2 Height

While height per se is not a policy concern in the U.S., it is interesting to compare the dynamics of height with those

of weight. In addition, it is useful to examine the individual components of BMI prior to assessing BMI z–scores in

the next section.

Panel II of Table 1 displays the results for height z–scores. The estimates of γ across the first two specifications are

very similar to those using weight z-scores; namely, 0.937 and 0.936 (standard errors are 0.004 and 0.004, respectively).

However, the estimate of γ falls to 0.603 (standard error is 0.048) in the fixed effect specification (compared to 0.775

in Table 1). Similar to Panel I of Table 1, the estimate of γ is statistically significant at the p < 0.01 confidence level,

and all three specifications are strongly identified. The estimate of γ barely changes when we include time varying

and time invariant observed attributes, and the estimates of γ above 0.9 in the first two specifications indicate a

substantial degree of persistence in height. Thus, as for weight in Panel I of Table 1, while height is quite persistent

from one period to the next, this is not attributable to or explained by observed characteristics.

However, in contrast to weight z–scores, the inclusion of child-level fixed effects explains about 36% (i.e., 1 −

(0.603/0.936) = 0.356) of the overall persistence in child height (versus only 17% for weight z–scores). This is perhaps

not surprising as unobserved biological factors – most noticeably, parental height – are not included in our set of

observed covariates. The fact that time invariant, unobserved attributes account for a greater share of the persistence
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in height implies that state dependence, and thus the long-run impact of successful, early interventions – that do

not alter relevant, time invariant, unobserved attributes – is diminished. For example, a one-time intervention that

reduces a child’s weight by one standard deviation prior to kindergarten entry, ceteris paribus, is expected to reduce

the child’s weight by over one-third of a standard deviation in spring eighth grade. Thus, one-third of the effects

of the early intervention persist through eighth grade. An intervention that raises a child’s height by one standard

deviation prior to kindergarten entry, ceteris paribus, is expected to increase the child’s height only by slightly over

0.10 standard deviations in spring eighth grade. As such, only about one-tenth of the effects of the early intervention

persist through eighth grade; the remainder of the effects of the intervention dies out.

Columns (4)-(6) of Table 2 present the analogous set of simulation results for height z–scores. In terms of the

benchmark probabilities, a few differences emerge relative to the prior results for weight. First, the benchmark

probabilities are lower for height than the corresponding probabilities for weight. For example, Pr(yiT ≥ 85th

percentile |yi0 ≥ 85th percentile) and Pr(yiT ≥ 95th percentile |yi0 ≥ 95th percentile) are 0.606 and 0.467, respectively,

for height; these probabilities are 0.840 and 0.762, respectively, for weight. Thus, persistence in the upper half of

the distribution is lower, albeit still high, for height. Second, while there may exist more mobility in terms of height,

extreme upward mobility for height is less common than for weight – Pr(yiT ≥ 85th percentile |yi0 ≤ 50th percentile)

is 0.030 for height and 0.118 for weight.

Turning to the simulations, a few patterns emerge. First, while the time varying factors, x and ε, have a bit

more impact on height than weight, their combined effect is still modest. In Columns (4)-(6) of Table 2, replacing x

and/or ε with different values increases the conditional staying probabilities in all cases (See Panels IV through VI).

This indicates that, on average, children initially above the median tend to have less favorable (in terms of raising

height) time varying attributes, partially offsetting the child’s height in the initial period.

Second, most of the persistence in height is attributable to time invariant factors captured by α, but with different

patterns when compared to prior results for weight. For instance, in Columns (4)-(6) of Table 2, we find that replacing

α with the sample mean drops the conditional staying probabilities above the 85th and 95th percentiles to zero.

Further analysis reveals that this stems from the unobserved component captured by η; varying the time invariant,

observed component, w, has little effect. This implies that children in the upper tail of the height distribution

upon entry to kindergarten possess time invariant, unobserved attributes that tend to keep them in the upper tail.

Replacing these attributes with the sample mean or a random draw of α essentially guarantees these children will
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fall out of the upper tail by the end of eighth grade. Replacing the unobserved component of the fixed effects, η,

with a random draw similarly reduces the conditional staying probabilities, but not as much; the probabilities fall to

around 0.256 and 0.108 in Columns (4) and (5) of Table 2, respectively. This is perhaps not surprising as genetics

and early biological factors presumably play a large role in determining child height.

Third, Column (6) of Table 2 suggests that extreme upward mobility in height is rare since children initially

below the median have unfavorable draws of time invariant, unobserved heterogeneity, η. Replacing η with its

sample average would eliminate extreme upward mobility entirely as the few cases of observed extreme upward

mobility is due to a handful of children having very favorable values of η despite being below the median upon entry

into kindergarten. On the other hand, replacing η with a random draw would increase extreme upward mobility

by almost four–fold. In sum, although on average, state dependence is still important in explaining persistence in

height (i.e., almost two-thirds), persistence in the upper tail of the height distribution is almost entirely attributable

to time invariant, unobserved heterogeneity. We now turn to the analysis of BMI.

4.2.3 BMI

Panel III of Table 3 presents the regression results for BMI z–scores. For the full sample, the estimates of γ across

the first two specifications are very similar to those in Panels I and II of Table 1; namely, 0.912 and 0.911 (standard

errors are 0.004 and 0.005, respectively). However, the estimate of γ now falls to 0.217 (standard error is 0.015)

in the fixed effect specification (compared to 0.775 and 0.603 in Panels I and II of Table 1, respectively). As in

Panels I and II of Table 1, the estimate of γ is statistically significant at the p < 0.01 confidence level and all three

specifications are strongly identified. Also, the estimate of γ barely changes when we include time varying and time

invariant observed attributes, and the estimates of γ above 0.9 in the first two specifications indicate a substantial

degree of persistence. Thus, as with weight and height z–scores, while persistence from one period to the next in

BMI z–scores is high, it is not attributable to or explained by observed characteristics.

While the first two specifications differ little across Panels I, II, and III of Table 1, the results from the fixed

effect specification have more pronounced differences. As noted above, time invariant, unobserved factors account for

roughly 17% of the total persistence in weight z–scores and 36% for height z–scores. In sharp contrast and perhaps,

surprisingly, the fixed effects account for nearly 80% of total persistence in BMI. The economically and statistically

meaningful drop in the estimate of γ implies a substantially smaller role for state dependence in the persistence
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of child BMI. Consequently, the long-run impact of early interventions – that do not alter relevant, time invariant,

unobserved attributes – on BMI is quite small. For example, a one-time intervention that reduces a child’s BMI prior

to kindergarten entry by one standard deviation, ceteris paribus, is expected to have essentially no impact on BMI in

spring eighth grade. A permanent intervention that reduces a child’s BMI by 0.10 standard deviations every period,

will only result in a long-run decrease in the child’s BMI of roughly 0.13 standard deviations. This has profound

implications for the types of policies one should pursue if the objective is to reverse the obesity epidemic.

Columns (7)-(9) of Table 2 displays the simulation results for BMI z–scores. In Columns (7) and (8), the

benchmark probabilities lie in between the conditional staying probabilities for weight and height reported in the

corresponding Columns (1)-(2) and Columns (4)-(5). Furthermore, the benchmark probabilities are consistent with

the high degree of persistence in BMI documented earlier. For example, the conditional probability of staying above

the 85th percentile is 0.746 (see Column (7) of Table 2) and 0.715 for staying above the 95th percentile (see Column

(8) of Table 2).

Turning to the simulated probabilities, a few findings stand out. First, altering the values of the time invariant

components in Panels I, II, and III of Columns (7) and (8) in Table 2 yields results that are qualitatively similar to

those reported in Columns (4) and (5) for height. In particular, in Panel I, we find that replacing α with the sample

mean reduces the conditional probability of staying above the 85th and 95th percentiles to zero in nearly every case.

Moreover, this is predominantly due to the salient role of time invariant, unobserved factors, η. Variation in time

invariant, observed factors, w, explain a modest amount of variation in the conditional probability of staying above

the 85th percentile (see Column (7)), but not when using the 95th percentile as the threshold (see Column (8)).

Thus, the results are consistent with children in the upper part of the BMI distribution possessing less favorable

time invariant factors, particularly those unobserved. Second, as in all the analysis of weight and height, we find

very little role for variation in time varying factors, either observed or unobserved.

Column (9) of Table 2 presents the results for Pr(yiT ≥ 85th percentile |yi0 ≤ 50th percentile). In terms of the

benchmark probabilities for extreme upward mobility, we obtain higher probabilities for BMI than either weight or

height. For example, the probability of having a BMI above the 85th percentile in the terminal period conditional

on entering kindergarten below the median is 0.142 (see Column (9)) while the corresponding figures are 0.118 and

0.003 for weight and height, respectively.

Turning to the simulations in Column (9) of Table 2, we obtain a few noteworthy findings. First, time varying
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factors, x and ε, continue to not play an important role. Second, replacing α with the sample mean reduces the

probability of crossing the 85th percentile conditional on starting below the median to zero, just as in Columns (3)

and (6) of Table 2. Replacing α with a random draw from different empirical distributions roughly increases the

probability of crossing the 85th percentile by two–and–a–half fold relative to the benchmark in all cases. Together,

these results continue to imply that children initially below the median tend to have favorable values of α. Only a

few children with extremely unfavorable draws of α, despite being initially below the median, experience extreme

upward mobility. Moreover, if α were randomly assigned, the probability of moving from below the median to above

the 85th percentile would increase substantially.

Third, the effect of altering α is due to altering the time invariant, unobserved factors, η. However, as in Column

(7), the time invariant, observed factors, w, explain a modest amount of the variation in the probability of extreme

upward mobility. Specifically, whereas removing time invariant, unobserved factors by setting η to zero reduces the

probability of extreme upward mobility to nearly zero for weight and height, this is not the case for BMI as the

probability varies from roughly 4% to 5%.

Summarizing, while persistence in BMI, on average, is largely attributable to time invariant, unobserved hetero-

geneity, it is almost entirely driven by the same in the upper tail of the BMI distribution. State dependence plays the

least role in explaining persistence in BMI compared to height and weight. An interesting insight that follows from

the ECLS-K sample analysis is that examining persistence in BMI alone can potentially mask the importance of state

dependence relative to time invariant, unobserved heterogeneity as the former plays a bigger role in the persistence of

the components of BMI (i.e., weight and height). The remainder of this paper undertakes a complementary analysis

of the ECLS-B sample, comparing and contrasting its results to those of ECLS-K sample analysis.

5 ECLS-B Sample Analysis

5.1 Data

To explore the early life origins of childhood anthropometric persistence, we use data from the restricted version

of the ECLS-B. Collected by the US Department of Education, the ECLS-B collects information on a nationally

representative cohort of children born in 2001 at 9 months of age, two years, four years, and five years. As with the

ECLS-K, our final sample consists of a balanced sample of children for whom we have valid measures of age, gender,
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height, and weight.10 Given the age of the sample, we convert weight into z–scores; height is however measured in

centimeters.

The following time invariant covariates are included in the regression model: gender, race/ethnicity (white,

black, Hispanic, Asian, and other), mother’s age at first birth, birthweight indicators (normal or low), indicator for

intrauterine growth retardation (less than 10%, 10-24%, 25-49%, 50-75%, 76-89%, and 90% and above)11, indicator for

premature birth, indicator for birth status (singleton, twin, or higher order birth), mother’s height, mother’s weight

prior to pregnancy, mother’s weight gain during pregnancy, indicator for prenatal care (inadequate, intermediate,

adequate, or adequate plus), indicator for maternal prenatal vitamin consumption within the three months preceding

conception, indicator for maternal prenatal vitamin consumption during the first trimester, indicator for maternal

smoking within the three months preceding conception, indicator for maternal smoking within the third trimester,

indicator for whether mother has smoked more than 100 cigarettes in her lifetime, indicator for maternal alcohol

consumption within the three months preceding conception, number of current smokers in the household, region

(northeast, midwest, south, and west), city type (urban, suburban, or rural), indicator for mother’s participation in

WIC during pregnancy, indicator for mother’s participation in WIC during infancy, and scores on infant mental and

motor assessments administered at 9 months.

The following time varying covariates are also included: age, mother’s education (less than high school, high

school/GED, some college, four-year college degree, and more than four years of college), an index of SES status,

indicator for the household being in poverty, number of children’s books in the household, household size, family

type (two parents plus siblings, two parents and no siblings, one parent and siblings, one parent and no siblings,

and other), indicator for biological mother present, indicator for biological father present, indicator for no father

present, indicator for no mother present, indicator for parental respondent’s marital status, indicator of current

TANF participation, indicator of current FSP participation, indicator for health insurance, indicator for current

medicaid participation, indicator for current WIC participation, indicator for household food security (household

never worried about running out of food), hours per day spent watching television during the school week, indicator

for household rules regarding television watching, neighborhood safety (very safe, somewhat safe, and not safe),

mother’s labor force status (full-time, part-time, and not working), indicators for primary child care arrangement

10The possible sample size is roughly 6,950; the initial sample size in the first wave is about 10,700. After restricting the sample to
those with valid data on age, gender, height, and weight, the sample size reduces to approximately 5,450. This is the final sample size
per wave used in the regression analysis. Note that all sample sizes are rounded to the nearest 50 per NCES restricted data regulations
for the ECLS-B.

11Intrauterine growth retardation measures the ratio of birthweight to predicted weight based on gestation age.
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(parents, other relatives, non-relatives, center-based care, or Head Start), indicator for school enrollment, indicator

if English is the primary home language, and mother’s weight. For all covariates (except gender, age, height, and

weight), we include dummy variables for missing observations.

5.2 Results

The results for the ECLS-B sample are presented in Tables 3 and 4. Table 3 displays the regression estimates while

Table 4 presents the simulation results.

In terms of the coefficient estimates, the results in Panel I of Table 3 using weight z–scores are fairly similar to

those obtained using the ECLS-K when child-specific fixed effects are omitted. Specifically, the estimates of γ are

statistically significant and range from 0.870 to 0.873. The fact that the estimate of γ does not change moving from

(1) to (2) implies that our lengthy vector of time varying and time invariant observed factors explain none of the

persistence in weight status for infants and young children. Given the additional time invariant controls available in

the ECLS-B, this result is striking. Moreover, the estimates of γ near 0.9 indicate a substantial degree of persistence

even prior to kindergarten. However, unlike in the ECLS-K sample, the inclusion of child-level fixed effects explains

the majority of this persistence. Here, the estimate of γ falls to 0.124 (standard error of 0.013). This implies that

time invariant, unobserved factors explain about 85% of the observed persistence in weight z–scores during early

childhood. Recall that, in contrast, only 17% of observed persistence in weight z–scores during primary school

(ECLS-K sample) is due to time invariant, unobserved heterogeneity. Again, given that we observe many more time

invariant attributes of children in the ECLS-B, this is a startling result.

Panel II of Table 3 displays the corresponding regression results for height. Four interesting patterns emerge.

First, persistence in height in the models not controlling for any other covariates – based on the specification in

(1) – is of a much smaller magnitude than found in the ECLS-K when assessing height for older children or in the

ECLS-B when assessing weight. Second, when controlling for observed heterogeneity – based on the specification

in (2) – persistence actually increases by about 15%. This is consistent with a negative correlation between the

initial condition for height, y0, which is really “length” at nine months of age, and observed heterogeneity associated

with greater height. Finally, when child-level fixed effects are included, the estimates of γ become negative and

statistically significant. Thus, all of the persistence in child height up to age five is attributable to time invariant,

unobserved heterogeneity.
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Columns (1) - (3) and (4) - (6) of Table 4 report the results of the same simulations performed using the ECLS-K.

In the interest of brevity, we only briefly summarize the results of the simulations. First, time varying attributes,

both observed and unobserved have no effect on persistence. Given the lengthy vector of attributes, as well as the

plethora of time varying, unobserved attributes captured by ε, this continues to be a noteworthy finding.

Second, time invariant heterogeneity continues to play a prominent role in understanding persistence in child

weight and height. For weight, replacing α with its sample mean explains virtually all persistence through age five.

Moreover, replacing the fixed effect of a child initially below the median with the sample mean roughly doubles the

probability that the child’s weight will exceed the 85th percentile at age five. For height, replacing α with its sample

mean explains most, but not all, persistence. However, replacing the fixed effect of a child initially below the median

with the sample mean does not alter the probability that the child’s height will exceed the 85th percentile at age five.

Third, time invariant, observed attributes play a more prominent role, particularly for height, in explaining

persistence up to age five than in the ECLS-K sample of primary school children. This could be attributed to

two sources. On the one hand, the time invariant, observed attributes may play a more important role in the

determination of child weight and height prior to age five. On the other hand, the vector of controls is not identical

across the two data sources. Examining the results of (6), the most important covariates relate to birthweight, birth

status (i.e., singleton, twin, or higher order birth), intrauterine growth retardation, breastfeeding duration, mother’s

height, and mother’s weight gain during pregnancy. That said, as measured by the R2, only 19% (22%) of the

variation in α̂ is explained by the covariates included in (6) when examining weight (height).

6 Discussion

This section compares and contrasts the analyses of the ECLS-K and ECLS-B samples, and summarizes the salient

findings of this paper.

First, the results from the sample of children aged five and younger in the ECLS-B are consistent with the sample

of primary school children in the ECLS-K: persistence in weight and height is substantially high, and this persistence

is generally driven by time invariant, unobserved heterogeneity.

Second, for the ECLS-K sample on the one hand, while persistence in BMI is high over the period spanning

kindergarten through eighth grade, predominantly driven by time invariant, unobserved heterogeneity, focusing
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separately on weight and height reveals a nontrivial role for state dependence. In other words, in the ECLS-K sample,

a seemingly counter-intuitive finding is that examining persistence in BMI masks the importance of state dependence

in childhood weight and height, at least on average (as evidenced by results in Table 1). For instance, while over

80% and 64% of the persistence in weight and height (on average), respectively, is attributable to state dependence,

nearly 80% of the persistence in BMI (on average), is explained by time invariant heterogeneity. Nonetheless, it is

worth reiterating that persistence in the upper tail of the distribution of height and BMI is almost entirely driven

by time invariant, unobserved heterogeneity. Thus, policy makers seeking to address the childhood obesity epidemic

can potentially do more if the early childhood interventions also alter relevant, time invariant, unobserved attributes.

For the ECLS-B sample on the other hand, persistence in weight and height is predominantly driven time invariant,

unobserved heterogeneity; state dependence plays very little role.

Third, time invariant, observed heterogeneity plays little role in both samples, albeit its role is slightly more

pronounced in the ECLS-B for reasons mentioned in the previous section. In the ECLS-K sample, children who are

male or black, rural or northeast residents, non-native English speakers, had a high birthweight, and have a mother

with low education, a low age at first birth, or who participated in the labor force during the child’s infancy tend

to have higher BMI (as evidenced by inspection of the estimation results of (6)). In the ECLS-B sample, while the

associations between birthweight, gestation age, maternal height and weight, and single versus multiple birth and

fetal development are not strong, perhaps due to the complexities involving these relationships that are only currently

beginning to be understood in the medical literature, these controls do play a small role in explaining persistence.

Nonetheless, the primary determinants of fetal and infant development that may be critical in placing children on

an “obesity trajectory” remain unobserved, even in the ECLS-B. Such unobserved attributes are likely to include

gestational diabetes treated with insulin or periods of undernutrition during pregnancy. Similarly, recent research

has uncovered genetic abnormalities associated with obesity (e.g., Asai et al. (2013), Ramachandrappa et al. (2013)).

Lastly, a noteworthy finding that persists across the two samples is the almost negligible effect of time varying –

observed and unobserved – factors on persistence in childhood anthropometric measures. This result is noteworthy in

light of the lengthy vector of time varying, observed factors in both samples as well as the time varying, unobserved

attributes captured by the idiosyncratic error terms in the regression specifications.

The findings in this paper imply that, while earlier intervention is preferred to later interventions, only inter-

ventions that alter the crucial, time invariant, unobserved risk factors captured by η are likely to be effective in
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combating obesity in the long-run. Interventions that leave the attributes captured by η unaltered are likely to have,

at best, minimal short-run effects and little to no long-run effects. This is entirely consistent with the findings in

Davis & Gebremariam (2010), where the authors document that community-based interventions designed to combat

childhood obesity that were deemed as successful according to the analysis of data collected via randomized control

trials did not produce lasting effects. Eventually, children returned to their “natural state” (Davis & Gebremariam

2010, p. 22). The results are also consistent with Figlio et al. (2014) who document constant effects of birthweight

(conditional on gestation length) on cognitive outcomes throughout primary school.

The foregoing discussion naturally raises questions or concerns about the attributes captured by or reflected in

η (i.e., the time invariant, unobserved heterogeneity), at the minimum. From the analysis presented here, one can

only conclude that they are not contained in our set of covariates available in the ECLS-K and ECLS-B samples

and they do not at least vary during the primary school years. Nonetheless, the prior literature, discussed earlier

in Section 2, posits some possibilities – prenatal attributes such as maternal BMI, maternal weight gain, maternal

smoking, and gestational diabetes requiring insulin and post-natal attributes such as breastfeeding, transitions to

solid foods, and age at adiposity rebound. While we do control for birthweight in both analyses, birthweight alone

is not a sufficient proxy for these early influences on fetal development as noted earlier. Also, while time invariant,

environmental factors, such as neighborhood characteristics, are also captured by η, prior evidence suggests that

these are not likely to play a significant role. For example, prior studies using twins that are raised apart conclude

that familial environment does not play an important role (Eriksson et al. 2001).

7 Conclusion

This paper investigates the origins of persistence in early childhood anthropometric outcomes in a dynamic regression

framework, which permits the decomposition of persistence into components reflecting state dependence, observed

heterogeneity, and unobserved heterogeneity. While childhood and adult obesity remain important public health

concerns in the United States, our understanding that interventions earlier in life are likely to have greater impact

has deepened over the past two decades. This understanding follows from well-chronicled evidence that obesity is

highly persistent; as such, children may become trapped on an “obesity trajectory” early in life. However, little is

known about the origins of these correlations in anthropometric measures over the life cycle. Specifically, whether this
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correlation reflects state dependence, observed heterogeneity, or unobserved heterogeneity is unknown. Moreover,

when this persistence in weight status begins – adolescence, early childhood, postnatally, or prenatally – is also

unknown. We find evidence that anthropometric measures are highly persistent from infancy through primary

school. Furthermore, most of this persistence is driven by unobserved, time invariant factors that are determined

prior to birth.

A deeper understanding of the dynamics of weight status is crucial for sound policymaking. Prior work has

identified three “critical” development periods as it relates to obesity: in utero, adiposity rebound (around age four

to six), and adolescence. However, as Dietz (1997, p. 1886S) notes, “The relative contribution of each of these critical

periods to the prevalence, morbidity and mortality of adult obesity remains uncertain.” If weight is highly persistent

and the source of this persistence is state dependence, then small (permanent) changes will have large, long-run effects

even if the contemporaneous effects are small. However, if persistence is due to biological or environmental factors

that are time invariant, then the only changes that will have long-run effects are those that alter these underlying

factors.

The evidence presented in this paper indicates, that there is significant persistence in childhood anthropometric

measures – weight, height, and BMI – starting during infancy. Moreover, the persistence in BMI is predominantly

due to time invariant heterogeneity across individuals determined at birth or shortly thereafter, not state dependence.

Moreover, little variation in this time invariant heterogeneity is explained by attributes observed in the data analyzed

here. The few observed, time invariant attributes that do seem to play a role in the persistence of weight status over

the early part of the life cycle relate to fetal and infant nutrition. This suggests that of the three critical periods

noted in Dietz (1997), in utero (and post-natal) plays the largest role. It also suggests that strategies to reverse the

current childhood obesity epidemic may need to start even earlier than previously thought, namely in utero.

The notion that attributes determined at or shortly after birth, and thus time invariant over the life of an

individual, play a dominant role in the evolution of obesity is consistent with the strong evidence in economics

and elsewhere on the so-called fetal origins hypothesis (see, e.g., Almond & Currie (2011)), with quite profound

implications.12 If correct, the most effective interventions to curb obesity may need to start prior to childbirth.

Similar policy prescriptions have been advocated elsewhere. For instance, Deckelbaum & Williams (2001, p. 239S)

conclude:

12While the findings in this paper are consistent with the fetal origins hypothesis, we cannot eliminate other possible explanations for
what these salient, unobserved attributes entail.
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“Novel approaches in the prevention and treatment of childhood overweight and obesity are urgently

required. With the strong evidence that a lifecycle perspective is important in obesity development and

its consequences, consideration must be focused on prevention of obesity in women of child-bearing age,

excessive weight gain during pregnancy, and the role of breast-feeding in reducing later obesity in children

and adults. Consideration must be given to family behavior patterns, diet after weaning, and the use of

new methods of information dissemination to help reduce the impact of childhood obesity worldwide.”

More recently, Brisbois et al. (2012, p. 347) concludes: “Given that obesity may be programmed in utero

and during early infancy, preventive measures should be initiated preconception, during pregnancy and continue

throughout early childhood.” Examples of such measures may include altering institutional rules concerning federal

nutrition programs, such as SNAP or WIC, or education provided under these programs, as they relate to pregnant

women (e.g., Baum (2012)).
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Appendix A. Simulation Details.

1. Case I. Own yi0, own xit, replace αi = α̂, set εit = 0. This eliminates heterogeneity due to time invariant and

time-varying unobserved factors.

(a) Compute

ŷit = γ̂ŷit−1 + xitβ̂ + α̂, t = 1, ..., T

where ŷi0 = yi0.

(b) Compute

Pr(yiT > y∗|yi0 ≥ y0) =

∑
i I(ŷiT > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)
.

2. Case II. Own yi0, own xit, draw αi ∼ F (α) where F (·) is the empirical distribution of αi, set εit = 0. This

allows for time invariant unobserved heterogeneity, but breaks the correlation between x and α.

(a) Draw α̃i(r) ∼ F (α̂), r = 1, ..., R, where R is the number of simulations.

(b) Compute

ŷit(r) = γ̂ŷit−1(r) + xitβ̂ + α̃i(r), t = 1, ..., T

where ŷi0(r) = yi0 ∀r.

(c) Compute

Pr(yiT > y∗|yi0 ≥ y0) =
1

R

∑
r

[∑
i I(ŷiT (r) > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)

]
.

3. Case III. Own yi0, own xit, own wi, set ηi = 0, set εit = 0. This eliminates heterogeneity due to time invariant

and time-varying unobserved factors.

(a) Compute

ŷit(r) = γ̂ŷit−1 + xitβ̂ + wiδ̂, t = 1, ..., T

where ŷi0 = yi0.

(b) Compute

Pr(yiT > y∗|yi0 ≥ y0) =

∑
i I(ŷiT > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)
.
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4. Case IV. Own yi0, own xit, draw wi ∼ F (w) where F (·) is the empirical distribution of wi, set ηi = 0, set

εit = 0. This eliminates heterogeneity due to time invariant and time-varying unobserved factors and breaks

the correlation between x and w.

(a) Draw w̃i(r) ∼ F (w), r = 1, ..., R, where R is the number of simulations.

(b) Compute

ŷit(r) = γ̂ŷit−1(r) + xitβ̂ + w̃i(r)δ̂, t = 1, ..., T

where ŷi0(r) = yi0 ∀r.

(c) Compute

Pr(yiT > y∗|yi0 ≥ y0) =
1

R

∑
r

[∑
i I(ŷiT (r) > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)

]
.

5. Case V. Own yi0, own xit, own wi, draw ηi ∼ F (η) where F (·) is the empirical distribution of ηi, set εit = 0.

This breaks the correlation between x, w and η and eliminates heterogeneity due to time-varying unobserved

factors.

(a) Draw η̃i(r) ∼ F (η̂), r = 1, ..., R, where R is the number of simulations.

(b) Compute

ŷit(r) = γ̂ŷit−1(r) + xitβ̂ + wiδ̂ + η̃i(r), t = 1, ..., T

where ŷi0(r) = yi0 ∀r.

(c) Compute

Pr(yiT > y∗|yi0 ≥ y0) =
1

R

∑
r

[∑
i I(ŷiT (r) > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)

]
.

6. Case VI. Own yi0, replace xit = xt, own αi, set εit = 0. The eliminates heterogeneity due to time-varying

factors.

(a) Compute

ŷit = γ̂ŷit−1 + xtβ̂ + α̂i, t = 1, ..., T

where ŷi0 = yi0.
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(b) Compute

Pr(yiT > y∗|yi0 ≥ y0) =

∑
i I(ŷiT > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)
.

7. Case VII. Own yi0, draw xi· ∼ F (x1, ..., xT ) where F (·) is the empirical joint distribution of x1, ..., xT , own

αi, set εit = 0. This breaks the correlation between x and α and eliminates heterogeneity due to time-varying

unobserved factors.

(a) Draw x̃i·(r) ∼ F (x1, ..., xT ), r = 1, ..., R, where R is the number of simulations.

(b) Compute

ŷit(r) = γ̂ŷit−1(r) + x̃it(r)β̂ + αi, t = 1, ..., T

where ŷi0(r) = yi0 ∀r.

(c) Compute

Pr(yiT > y∗|yi0 ≥ y0) =
1

R

∑
r

[∑
i I(ŷiT (r) > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)

]
.

8. Case VIII. Own yi0, own xit, own αi, draw εi· ∼ F (ε1, ..., εT ) where F (·) is the empirical distribution of εi·.

This breaks the correlation between α and ε.

(a) Draw ε̃i·(r) ∼ F (ε̂1, ..., ε̂T ), r = 1, ..., R, where R is the number of simulations.

(b) Compute

ŷit(r) = γ̂ŷit−1(r) + xitβ̂ + α̂i + ε̃it(r), t = 1, ..., T

where ŷi0(r) = yi0 ∀r.

(c) Compute

Pr(yiT > y∗|yi0 ≥ y0) =
1

R

∑
r

[∑
i I(ŷiT (r) > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)

]
.

9. Case IX. Own yi0, own αi, draw xi·, εi· ∼ F (x1, ..., xT , ε1, ..., εT ) where F (·) is the empirical joint distribution

of x1, ..., xT , ε1, ..., εT . This breaks the correlation between α and x, ε.

(a) Draw x̃i·(r), ε̃i·(r) ∼ F (x1, ..., xT , ε̂1, ..., ε̂T ), r = 1, ..., R, where R is the number of simulations.

(b) Compute

ŷit(r) = γ̂ŷit−1(r) + x̃it(r)β̂ + α̂i + ε̃it(r), t = 1, ..., T
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where ŷi0(r) = yi0 ∀r.

(c) Compute

Pr(yiT > y∗|yi0 ≥ y0) =
1

R

∑
r

[∑
i I(ŷiT (r) > y∗)I(yi0 > y0)∑

i I(yi0 ≥ y0)

]
.
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Appendix B. Tables.

ECLS - K Sample.

Table 1. Dynamic Panel Data Estimation Results

Model Specification

(1) (2) (3)
Panel I. Weight z–scores
Lag Weight 0.931* 0.932* 0.775*

(0.003) (0.003) (0.067)
Time-Varying Covariates No Yes Yes
Time Invariant Covariates No Yes No
Fixed Effects No No Yes
Observations 27470 27470 27470
Underidentification p = 0.000 p = 0.000 p = 0.000
Endogeneity p = 0.000 p = 0.000 p = 0.000
First-Stage F-stat 88146.9 84006.9 269.0

Panel II. Height z–scores
Lag Height 0.937* 0.936* 0.603*

(0.004) (0.004) (0.048)
Time-Varying Covariates No Yes Yes
Time Invariant Covariates No Yes No
Fixed Effects No No Yes
Observations 27470 27470 27470
Underidentification p = 0.000 p = 0.000 p = 0.000
Endogeneity p = 0.000 p = 0.000 p = 0.000
First-Stage F-stat 68631.4 64548.2 673.1

Panel III. BMI z–scores
Lag BMI 0.912* 0.911* 0.217*

(0.004) (0.005) (0.015)
Time-Varying Covariates No Yes Yes
Time Invariant Covariates No Yes No
Fixed Effects No No Yes
Observations 27470 27470 27470
Underidentification p = 0.000 p = 0.000 p = 0.000
Endogeneity p = 0.000 p = 0.000 p = 0.000
First-Stage F-stat 8637.8 8518.0 820.8

Notes: ‡ p < 0.10, † p < 0.05, ∗ p < 0.01. Robust standard errors
in parentheses. Estimation by GMM. Excluded instrument is the de-
pendent variable twice-lagged. Sample sizes rounded to the nearest 10
per NCES restricted data regulations. Sample includes data from fall
kindergarten, spring first, spring third, spring fifth grades, and spring
eighth grade. See text for the list of covariates and further details.
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Table 2. Dynamic Simulation Results (ECLS - K Sample)

Weight z-scores Height z-scores BMI z-scores

(1) (2) (3) (4) (5) (6) (7) (8) (9)

P1 P2 P3 P1 P2 P3 P1 P2 P3
Benchmark 0.840 0.762 0.118 0.606 0.467 0.030 0.746 0.715 0.142
Panel I. Own Xs, ε = 0, and
α = E[α] 0.753 0.134 0.000 0.000 0.000 0.000 0.000 0.000 0.000
α ∼ f(α) 0.576 0.396 0.213 0.235 0.092 0.144 0.347 0.179 0.346
Panel II. Own Xs, η = 0, ε = 0, and
W = Wi 0.727 0.246 0.006 0.006 0.000 0.000 0.070 0.000 0.044
W ∼ f(W ) 0.703 0.196 0.006 0.003 0.000 0.000 0.055 0.000 0.054
Panel III. Own Xs, own Ws, ε = 0, and
η ∼ f(η) 0.591 0.418 0.209 0.256 0.108 0.133 0.368 0.195 0.335
Panel IV. Own α, ε = 0, and
X = E[X] 0.844 0.780 0.116 0.669 0.523 0.019 0.797 0.792 0.105
X ∼ f(X) 0.849 0.784 0.120 0.663 0.523 0.018 0.795 0.792 0.107
Panel V. Own Xs, own α, and
ε ∼ f(ε) 0.846 0.786 0.121 0.635 0.506 0.021 0.766 0.734 0.125
Panel VI. Own α and
X, ε ∼ f(X, ε) 0.843 0.779 0.124 0.635 0.509 0.022 0.765 0.735 0.125

Notes: P1 denotes Pr(yiT ≥ 85th percentile |yi0 ≥ 85th percentile), P2 denotes Pr(yiT ≥ 95th percentile |yi0 ≥ 95th

percentile), and P3 denotes Pr(yiT ≥ 85th percentile |yi0 ≥ 50th percentile). Benchmark case denotes the observed
probability in the sample. Simulations (based on 500 draws) are obtained after estimating the dynamic model yit =
αi + γyit − 1 +Xitβ + εit, where αi = wiδ + ηi. f() denotes the empirical distribution of the argument. Sample includes
data from fall kindergarten, spring first, spring third, spring fifth grades, and spring eighth grade. See text for the list of
covariates and further details.
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ECLS - B Sample.

Table 3. Dynamic Panel Data Estimation Results
(ECLS - B Sample)

Model Specification

(1) (2) (3)
Panel I. Weight z–scores
Lag Weight 0.873* 0.870* 0.124*

(0.010) (0.012) (0.013)
Time-Varying Covariates No Yes Yes
Time Invariant Covariates No Yes No
Fixed Effects No No Yes
Observations 10900 10900 10900
Underidentification p = 0.000 p = 0.000 p = 0.000
Endogeneity p = 0.000 p = 0.000 p = 0.000
First-Stage F-stat 112.0 1398.4 1929.3

Panel II. Height z–scores
Lag Height 0.480* 0.506* -0.002

(0.004) (0.010) (0.007)
Time-Varying Covariates No Yes Yes
Time Invariant Covariates No Yes No
Fixed Effects No No Yes
Observations 10900 10900 10900
Underidentification p = 0.000 p = 0.000 p = 0.000
Endogeneity p = 0.000 p = 0.000 p = 0.000
First-Stage F-stat 770.2 6940.2 10250.2

Notes: ‡ p < 0.10, † p < 0.05, ∗ p < 0.01. Robust standard errors
in parentheses. Estimation by GMM. Excluded instrument is the de-
pendent variable twice-lagged. Sample sizes rounded to the nearest
50 per NCES restricted data regulations. Sample includes data from
waves 1-4 in the ECLS-B. See text for the list of covariates and further
details.
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Table 4. Dynamic Simulation Results (ECLS - B Sample)

Weight z-Scores Height (cm)

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

P1 P2 P3 P1 P2 P3

Benchmark 0.541 0.366 0.431 0.600 0.365 0.179
Panel I. Own Xs, ε = 0, and
α = E[α] 0.007 0.000 0.837 0.190 0.000 0.183
α ∼ f(α) 0.255 0.118 0.617 0.380 0.092 0.383
Panel II. Own Xs, η = 0, ε = 0, and
W = Wi 0.169 0.031 0.613 0.396 0.020 0.148
W ∼ f(W ) 0.101 0.007 0.719 0.292 0.007 0.296
Panel III. Own Xs, own Ws, ε = 0, and
η ∼ f(η) 0.332 0.166 0.556 0.444 0.136 0.297
Panel IV. Own α, ε = 0, and
X = E[X] 0.605 0.419 0.435 0.607 0.350 0.176
X ∼ f(X) 0.596 0.416 0.440 0.597 0.353 0.204
Panel V. Own Xs, own α, and
ε ∼ f(ε) 0.581 0.405 0.431 0.597 0.304 0.158
Panel VI. Own α and
X, ε ∼ f(X, ε) 0.582 0.413 0.441 0.589 0.357 0.214

Notes: P1 denotes Pr(yiT ≥ 85th percentile |yi0 ≥ 85th percentile), P2 denotes Pr(yiT ≥
95th percentile |yi0 ≥ 95th percentile), and P3 denotes Pr(yiT ≥ 85th percentile |yi0 ≤ 50th

percentile). Benchmark case denotes the observed probability in the sample. Simulations (based
on 500 draws) are obtained after estimating the dynamic model yit = αi +γyit−1 +Xitβ+ εit,
where αi = wiδ + ηi. f() denotes the empirical distribution of the argument. Sample includes
data from waves 1-4 of the ECLS-B. See text for the list of covariates and further details.
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