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Abstract: Obesity, as a health and social problem with rising prevalence and soaring economic cost, is
increasingly drawing scholarly and public policy attention. While many studies have suggested that
infant breastfeeding protects against childhood obesity, empirical evidence on this causal relationship
is fragile. Using the health capital development theory, this study exploited multiple data sources
from the U.S. and a three-way error components model (ECM) with a jackknife resampling plan to
estimate the effect of in-hospital breastfeeding initiation and breastfeeding for durations of 3, 6, and
12 months on the prevalence of obesity during teenage years. The main finding was that a 1% rise in
the in-hospital breastfeeding initiation rate reduces the teenage obesity prevalence rate by 1.7% (9.6%
of a standard deviation). The magnitude of this effect declines as the infant breastfeeding duration
lengthens—e.g., the 12-month infant breastfeeding duration rate is associated with a 0.53% (3.7% of a
standard deviation) reduction in obesity prevalence in the teenage years (9th to 12th grades). The
study findings agree with both the behavioral and physiological theories on the long-term effects of
breastfeeding, and have timely implications for public policies promoting infant breastfeeding to
reduce the economic burden of teenage and later adult-stage obesity prevalence rates.

Keywords: infant breastfeeding; teenage obesity; human capital formation; jackknife resampling;
three-way error component model

1. Introduction and Literature

Past literature has shown the significance of investment in childhood health capital on
later life outcomes (Francesconi and Heckman 2016; Keane and Wolpin 1997; Walters 2015).
Childhood health capital (Grossman 1972), as an integral component of human capital,
plays a substantial role in regulating socioeconomic activities in the teenage period. Any
health investment in childhood could potentially trigger prospects for later life outcomes
such as education, social activities, occupation, and health outcomes (Currie 2009).

Past studies have indicated that the nutritional condition of the fetus and infant has
long-lasting health and wealth effects (Almond and Currie 2011; Campbell et al. 2014;
Victora et al. 2016). The fetal origins hypothesis (Barker 1995), for instance, shows the
importance of well-balanced nutrition for the fetus, which can avoid disproportionate
fetal growth and later-life chronic heart diseases. A lack of sufficient nutrients and proper
living conditions during infancy and early childhood could increase the prevalence of
many health conditions (Van den Berg et al. 2006). Along the same line of reasoning, a
burgeoning body of research has also shown the protective effects of maternal breast milk
as a healthy nutrition choice during infancy (Martin et al. 2005; Metzger and McDade
2010).

Among other morbidities, obesity, with an annual cost of 190 billion dollars to the
U.S. public, is a prevalent chronic health condition that can affect all age groups, including
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teenagers (Currie 2009; Tremmel et al. 2017). The prevalence of severe obesity among
American children and teenagers has tripled in the last three decades (Rosin 2008). Breast
milk, as a form of health capital investment, could curb or reverse teenage and adult
overweight and obesity, in addition to its short-term health-promoting effects (Victora et al.
2015).

Despite the widespread interest in the medical literature about understanding the
health benefits of breastfeeding, limited studies exist in the applied economics literature.
The most closely related studies to our work are those of Der et al. (2006); Rees and Sabia
(2009), and Metzger and McDade (2010), who also explored how an infant’s cognitive and
health outcomes respond to breastfeeding by exploiting individual-level sibling data. Der
et al. (2006) investigated the effects of breastfeeding on the health and cognitive outcomes
of children using the National Longitudinal Survey of Youths (NLSY). Although their study
showed the statistically significant effect of a mother’s IQ on the cognitive outcomes of their
child, they barely found any substantial impact of breastfeeding on their child’s cognitive
measures. Using the same dataset but a different identification strategy and adding more
controls to the empirical model, Rees and Sabia (2009) established a significant relationship
between breastfeeding and both acute and chronic health conditions. The findings of both
studies should be interpreted with caution, as they solely relied on siblings and included
only mother-specific controls. A mother’s IQ itself could be an endogenous variable in
their model. Finally, Metzger and McDade (2010) executed a fixed-effects model of obesity
as a function of breastfeeding on a sibling sample of American children. They concluded
that breastfeeding is correlated with a lower body mass index (BMI) in teenagers.

Our study builds on the studies above in at least three ways. First, unlike the previ-
ous works, which only evaluate a single or limited measure of breastfeeding, our study
considered in-hospital breastfeeding initiation and 3-, 6- and 12-month durations of breast-
feeding. This allowed us to flexibly estimate a public policy-relevant relationship between
the duration of breastfeeding and obesity. Second, none of the previous studies analyzed
the relationship between resampled state-level breastfeeding data and the prevalence of
obesity in high schoolers conditional on individual, household, and community observ-
ables. This enabled us to construct more comprehensive state profiles that could capture
the landscape of breastfeeding support as recommended by the Centers for Disease Control
and Prevention (CDC). Finally, our work departs from the existing literature by exploiting a
three-way error component identification strategy that explored the complexity of the data
structure and tackled the issue of unobserved heterogeneity when estimating the effects of
breastfeeding. We relied on a theoretical construct of human capital development (Schultz
1974) and used the Fuller and Battese (1974) empirical crossed-error component estimation
technique to analyze the effects of breastfeeding on teenage obesity by generating a retro-
spective linkage of cross-sectional time series pyramid-shaped datasets in a discontinuous
timeframe structure. In addition, we augmented our empirical applications by applying
variable selection algorithms of machine learning.

The next section of this study outlines the conceptual framework associated with the
empirical results. The two subsequent sections explain the data and identification strategy.
The penultimate section describes the results of the empirical models. The final section
discusses the findings and concludes the research.

2. Breastfeeding and Health Capital Development: Conceptual Framework

The existing body of literature indicates at least three key channels through which
breastfeeding could affect the stock of health capital in the short and long terms. First,
human milk contains rich nutritional and hormonal elements, such as colostrum, that are
essential for the healthy growth and development of infants. Any dietary interruption
during the infancy period can increase the likelihood of diseases in later life (Rosales-Rueda
2014). Specifically, the body composition of infants who have not been breastfed comprises
more unhealthy fats than lean body mass. Imbalances in body composition increase the risk
of developing multiple health conditions as a result of diminished health stock (Zweifel
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2012). Second, unlike infant formula, breast milk is an organic and well-balanced food that
lacks any preservatives. Antioxidant food additives are associated with the high prevalence
of obesity in the Western world (Ciardi et al. 2012). The primary underlying cause of obesity
and overweight among children is an imbalance between caloric intake and calorie burning.
Past studies have suggested that newborns cannot distinguish between amniotic fluid
and breast milk in the early days after birth due to their biochemical similarities. As a
natural post-natal diet regulatory mechanism, breastfeeding improves the stock of health
capital. Finally, breastfeeding improves the psychological bond between mother and infant
(Belfield and Kelly 2012); this could enhance the physical and mental health of the child.

3. Data

The bulk of the work on breastfeeding and its effects on later life outcomes has relied
on small and short pooled cross-sectional datasets with descriptive research designs. The
problems associated with a lack of appropriate observable factors and long-panel datasets
are well known and have been the source of inconsistencies in estimates. For the current
study, we used state-level panel datasets linking multiple breastfeeding indicators with
later-life outcomes, including teenage obesity and overweight for all U.S. states. We
exploited multiple sources to construct the estimation sample.

The hospital breastfeeding initiation incidence and duration of breastfeeding (3, 6,
and 12 months after birth), as the key variables of interest, were obtained from the Ross
Products Division of Abbott Laboratories, which is a leading pharmaceutical firm and
the manufacturer of the Similac nutritional formula for newborns. Ross Products have
conducted annual mail surveys of a representative sample of U.S. newborns until recently.1

The survey encompasses at least 82% of all live births in the U.S. for the years 1999–2002.
Similar to major national health surveys (e.g., the Survey of Family Growth, the National
Maternal and Infant Health Survey, and the National Health and Nutrition Examination
Survey), the Ross Products survey maintains a high response rate. Data on the rates of
teenage obesity and overweight came from the high school Youth Risk Behavior Survey
(YRBS) conducted biannually by the CDC. The survey contains state-level obesity and
overweight data for 9th–12th graders, along with other relevant information, including
gender, participation in physical activity classes, hours of daily sleep, and choice of food
consumption (e.g., vegetables or fruit) for the years 2011–2017. The RMS data were further
supplemented with state-level data from the Behavioral Risks Factor Surveillance System
(BRFFS) on the percentage of U.S. adult obesity to capture the potential associations
between family adult BMI pathology and the persistent rise in teenage obesity.

Unlike the measure in adults, overweight and obese children fall in the 85th and 95th
percentiles of the growth chart distribution, respectively, based on gender- and age-specific
groups of observed children (Cawley 2010). We retrospectively linked state-level panels of
breastfeeding incidence and duration with the obesity and overweight rates for teenagers
aged 14–17 years. Furthermore, we used other data sources, including the Behavioral Risks
Factor Surveillance System (BRFFS), the American Community Survey (ACS), the U.S.
Census Bureau, the Bureau of Labor Statistics (BLS), and the Kaiser Family Foundation
(KFF), to construct rich sets of state-level observables. We confined our attention to the
observables associated with students in the 9th to 12th grades, adult characteristics, and
socioeconomic factors. Table 1 provides a summary of the observables. The dependent
variable, the current state-level prevalence of teenage obesity, is the percentage of high
schoolers who were at or above the 95th percentile for BMI based on gender- and age-
specific reference data from the CDC growth charts. This information was collected by
school grade for 9th–12th graders for each U.S. state participating in the YRBS. With the
assumption of an average age of 14–17 years for high schoolers, the independent variable
of interest was the in-hospital breastfeeding and durations (3, 6, and 12 months) during the
year of birth (i.e., 1998–2001) for each grade of high school.
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Table 1. Summary statistics of the data.

Variable Definition Source Mean (SD)

Dependent variable Teenage obesity

Percentage, high
schoolers who were in the
≥95th percentile for body

mass index, based on
gender- and age-specific
reference data from the

2000 CDC growth charts

CDC, High School
Youth Risk Behavior

Survey 20152
14.02 (2.72)

Individual factors
In-hospital

breastfeeding
initiation rate

Percentage, newborns
breastfed in hospital at
birth during the year of

birth

Ross Product3

Division, Abbott
Laboratories

68.50 (10.9)

Physical activity

Percentage of high
schoolers who attended

physical education classes
on all 5 days in an average

school week

CDC, High School
Youth Risk Behavior

Survey 2015
23.38 (13.69)

Vegetable
consumption

Percentage of high
schoolers who ate

vegetables during the 7
days before the survey

CDC, High School
Youth Risk Behavior
Survey 2015 (Note 1)

92.64 (2.3)

Fruit consumption

Percentage, high schoolers
who ate fruit or drank

100% fruit juices during
the 7 days before survey

CDC, High School
Youth Risk Behavior

Survey 2015
92.31 (7.97)

Fast food restaurants Fast food restaurants per
10,000 population Dun and Bradstreet4 3.15 (0.68)

Household factors Adult obesity

Percentage, adults aged
≥18 years with a body

mass index ≥ 30 based on
reported height and

weight (pre-2011 BRFSS
methodology)

CDC, Behavioral
Risk Factor

Surveillance System5
29.23 (3.39)

Single-parent
household

Percentage, of children
under 18 years who live

with their own single
parent either in a family

or subfamily

U.S. Census Bureau
2002–2015 American
Community Survey

(ACS)

35.12 (7.06)

Log of median
household income
(short-run income)

Dollar amount that
divides the household

income distribution into
two equal groups

America’s Health
Rankings6 10.94 (0.16)

Log of median home
value (long-run
income or asset)

Median home value in
2010–2012

American
Community Survey

Briefs7
12.09 (0.38)
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Table 1. Cont.

Variable Definition Source Mean (SD)

Hispanic Percentage, Hispanic
population in the state

Kaiser Family
Foundation (Note 4) 11.82 (9.9)

Community factors Crime rate

Number of murders,
rapes, robberies and

aggravated assaults per
100,000 population

Federal Bureau of
Investigation8 379.88 (185.27)

White
Percentage, White

American population in
the state

Kaiser Family
Foundation9 68.43 (16.37)

Black
Percentage, Black

American population in
the state

Kaiser Family
Foundation 11.18 (10.61)

In-hospital breastfeeding was used as a proxy for the intention and motivation to
breastfeed, although it is recognized that breastfeeding may cease following discharge
from hospital. Moreover, breastfeeding initiation in hospital increases the chances of a
newborn consuming colostrum—the immuno-protective low-fat, protein-rich (including
growth factors) precursor of breast milk (Stevens et al. 2006). The independent variables
for the model were identified from the economic literature on obesity and grouped into
individual, household, and community factors (Courtemanche et al. 2016; Rosin 2008). The
variable selection algorithm of machine learning is applied to identify the relevant set of
variables.

These factors are physical activity (Slentz et al. 2005), sleep, fruit and vegetable
consumption, and fast food restaurants per 10,000 population. These (except for fast food
restaurants per 10,000 population) were observed at the grade and state levels. In-hospital
breastfeeding initiation was expected to correlate negatively with teenage obesity due to the
balanced nutritional properties of breast milk. Physical activity, sleep (Zaqout et al. 2018),
and fruit and vegetable consumption (Sauder et al. 2019) are healthy options; thus, higher
rates of engagement in physical activity, sleep, and fruit and vegetable consumption was
expected to correlate negatively with the prevalence of obesity. Consumption of low-priced
refined carbohydrate meals and sugary drinks from fast food restaurants has been reported
as a contributory factor to the increase in the prevalence of obesity and was expected to
correlate positively with teenage obesity. Household variables at the state level included
the prevalence of adult obesity, the percentage of children in single-parent households, the
median household income, and the median home value in each state.

Adult obesity represents a genetic link between teenagers and adults in a household
and, depending on the contribution of genetics to obesity, a positive correlation is expected
between teenage and adult obesity. A high prevalence of teenage obesity may also correlate
positively with the rate of single-parent households if the single parent has to be absent
from home to go to work, exposing the children in such a household to the consumption
of fast foods and reduced time engaging in physical activities (due to the need to keep
indoors, especially in areas with a high crime rate).

Household income and wealth are expected to correlate negatively with teenage
obesity due to a negative wealth gradient from better access to parks and recreational
activities in wealthier neighborhoods, parental ability to provide exercise equipment and
to support activities that promote physical exercise, etc. Community factors included the
proportion of White, Black, and Hispanic ethnic groups, as well as the crime rate in each
state.
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The proportion of each ethnic group in the community also controlled for racial
differences associated with genetic and cultural variations in factors that correlate with
obesity or health outcomes (Frank et al. 2007) and how obesogenic the environment is
(Finkelstein et al. 2005). For instance, a high crime rate in a community may discourage
children and youths from engaging in outdoor physical activities, including in public parks
designed and equipped for fitness activities. Therefore, a high crime rate is expected to be
associated with a higher prevalence of teenage obesity (Fish et al. 2010).

4. Econometric Model and the Jackknife Resampling Plan

The empirical model of this work was motivated by the unique retrospective linkage of
cross-sectional time series pyramid-shaped datasets in a discontinuous timeframe structure.
The Fuller and Battese (1974) empirical crossed-error components estimation technique10

was used to obtain the effects of breastfeeding initiation and time-phased breastfeeding
durations on teenage obesity using the following equation:

yit = xitβ + zjtγ + piπ + qj ϕ + αi + θj + φt + εit. (1)

In Equation (1), high schoolers are indexed as i = (9, 10, 11, 12) and observed once per
period t = 1, . . . , T in the state j = 1, . . . , J. Furthermore, yit is the obesity rate, xit and pi
indicate the vectors observable at the i level, and zjt and qj are the vectors observable at
the j level. If one assumes that teenagers can enter and exit the panel, the data could be
unbalanced. In Equation (1), the unobserved heterogeneities (error components) consist of
α1 for high schoolers, θj for states, and φt for time effects. Throughout the estimation, we
treated φt as the time-fixed effects. Moreover, a correlation between the error components
(αi and θj) and the observables was assumed.11

The main approach taken in the previous literature has been to estimate Equation (1)
using the ordinary least squares (OLS) framework. We might obtain unbiased estimates of
the variable of interest by OLS if we observe and measure all of the variables in Equation
(1) that are correlated with teenage obesity. Nevertheless, there are many omitted variables
that are difficult to measure and are likely to potentially suffer from heterogeneity, given
the unique componential data structure. Therefore, to the extent that unobserved factors
potentially exist, OLS estimation would yield biased results.

Following previous work (Borjas 2003; Donohue et al. 2001), we began with the classic
heteroskedasticity-based argument for the weighted least square (WLS)12 model when
the outcome of interest was a group average and the averages for heterogeneous groups
were based on widely varying within-group sample sizes. Under exogenous sampling
and correct specification of the conditional mean of the outcome of interest in Equation
(1), WLS is consistent for estimating the regression coefficients. On the contrary, under
either endogenous sampling or model misspecification, OLS and WLS generally follow
different probability limits. As indicated by Dumouchel and Duncan (1983), the statistically
significant variation between OLS and WLS estimates can be used as a diagnostic for model
misspecification or endogenous sampling.13

Given the susceptibility of the dependent variable data for heteroskedasticity and other
distributional features that complicate analysis, we took one further step and implemented
the classic Box–Cox transformation (Box and Cox 1964)14. Finally, the linear mixed-effects
models are another appropriate class of models that could possibly fit the estimation
samples. These models are also known as multilevel models (Al-Amin and Hossain
2019). The overall error distribution of the linear mixed-effects model is assumed to be
Gaussian, and heteroskedasticity and correlations within lowest-level groups also may be
modeled. The multilevel mixed model estimates are reported in Table A1. These estimates
are based upon a 3-level hierarchical model. This model acknowledges the multiple sources
of variability and its assignment to the appropriate level. As a result, it can accurately and
precisely capture the effects of included independent variables. The variance component of
multi-level mixed model is an indicator of intraclass or intra-level correlation coefficient
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(ICC). The latter mentioned is a statistic that quantifies the degree to which data at the
lower level are correlated.15 The ICC varies between 0 and 1. An ICC value close to 0 is
suggestive of variation in the outcome variable at lower-level units while a value close to 1
is indicative of variability at upper levels. Among all the estimated comparable models in
Table A1, the multilevel mixed model has the highest value of likelihood ratio (LR) value.
Basically, the LR test compares the one-level ordinary linear regressions with multi-level
models.

The natural grouping structure of the panel dataset, on the one hand, and the hetero-
geneous distribution of the groups, on the other, provide enough evidence to execute the
three-way error component model (ECM) for unbalanced panels (Fuller and Battese 1974).
The ECM exploits the times series cross-sectional dimensions in the data. The errors in the
model are associated with error correlations across state cross-sections ξi and schooling
grade years within each state τi, and the third component eijt combines both dimensions as
follows:

εijt = ξi + τi + eijt (2)

Furthermore, sample reuse strategies are useful for obtaining unbiased estimates and
correct interval estimations for the coefficients of interest (Efron 1982; Okunade et al.
2004; Quenouille 1956). Specifically, the bootstrapping and jackknife methods are widely
used, but there are various designs within each method (e.g., one-delete, n-delete, random
jackknife, and the weighted and unweighted bootstrap strategies). These strategies exploit
the full sample or a specified data-generating process (such as a coin toss), which is a
model of the process of interest to generate a new sample of simulated data and to evaluate
the results using these samples. A well-known type of weighted least square jackknife
variance estimator was proposed by Beran (1986). This estimator is achieved by deleting
any fixed number of respondents at a time. This method provides estimates that are
unbiased for homoskedastic and heteroskedastic residuals. We implemented this method
of resampling in three steps, as proposed by Simon and Bruce (1991). First, a simulated
process of randomizing, which was compositionally similar to the process whose behavior
we wished to evaluate, was constructed. Second, we identified a procedure that generates
a pseudo-sample that mimics the real sample of interest. Finally, the probability of the
outcome of interest from the outcomes of the resampling plan trials was acquired.

The one-delete jackknife method generates a jackknife dataset of (n− 1) by deleting
the first observation from the entire dataset. As a result, estimation of the coefficient of
interest is then performed on the reduced dataset; this provides an estimated value of the
parameter of interest, say, ηj1. Thereafter, the first deleted unit is replaced and another
one (that is, the second observation) is deleted, providing a new measured value of the
estimates, say, ηj2. This technique is repeated for each observation in the sample of interest.
This generates a set of estimated values

(
ηji, i = 1, . . . , K

)
. For this approach, the standard

error, where η is the jackknifing result of the complete sample, was calculated as the square
root of the jackknife variance, as follows:

σ2
η =

(n− 1)∑n
i=1
(
ηji − η

)2

n
(3)

Finally, to calculate the confidence interval for the parameter of interest, we subtracted
(or added) the product of the critical values of the t-distribution with n − 1 degrees of
freedom and the bootstrap estimates for the standard error.

5. Results and Discussion

The descriptive summary of the study presented in Table 1 shows that the mean
prevalence of teenage obesity among 9th–12th graders in the U.S. is 14.02%. The mean
in-hospital breastfeeding initiation rate from 1998 to 2001 was 68.5%. Approximately
23.38% of the teenagers in our study sample participated in physical education classes on
all five days of an average school week, while 26.37% slept for at least eight hours at night
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in an average school week. Approximately 92.64% and 92.31% of the 9th–12th graders in
our sample ate vegetables and fruits, respectively, during the seven-day period prior to the
survey. There were approximately 3.15 fast food restaurants per 10,000 population and the
mean prevalence of adult obesity was 29.23%. There was a preponderance of the White
ethnic group (68.43%) in the study sample, while the Black and Hispanic ethnic groups
accounted for 11% each.

The results of the jackknife sample reuse procedure applied to the three-way ECM,
presented in Table 2, revealed that in-hospital breastfeeding initiation is statistically signifi-
cantly associated with a 9.1% reduction in the current teenage obesity rate. Physical activity
was associated with a 2.3% reduction in the teenage obesity rate. Moreover, vegetable
consumption reduced the teenage obesity rate by some 20.6%, and a rise in median income
was associated with a 2.8% reduction in teenage obesity. A percentage increase in the popu-
lation proportion of Whites, Blacks, and Hispanics was associated with a 6%, 4%, and 4.4%
reduction in teenage obesity, respectively. For comparison with our preferred one-delete
jackknife resampling plan estimation in the context of the three-way ECM reported in
Table 2, the results of the (less preferred) alternative estimation techniques are presented in
the Appendix B.

Table 2. Jackknife three-way error component (ECM) regression model results of hospital breastfeeding initiation.

Variable Jackknife 3-Way ECM Minimum Jackknife
Estimates

Maximum Jackknife
Estimates

In-hospital breastfeeding –0.0964 *** –0.104 –0.079
(0.037)

Physical activity –0.023 * –0.028 –0.019
(0.012)

Hours of sleep 0.012 –0.002 0.021
(0.025)

Vegetable consumption –0.206 *** –0.232 –0.183
(0.08)

Fruit consumption –0.042 –0.082 0.031
(0.081)

Fast food consumption 0.131 –0.128 0.386
(0.538)

Adult obesity 0.244 ** 0.175 0.321
(0.103)

Living with a single parent –0.071 *** –0.093 –0.048
(0.017)

Log of income –2.809 –4.542 –1.912
(2.539)

Log of home value –0.613 –1.651 0.321
(1.759)

Non-Hispanic White –0.06 * –0.105 –0.047
(0.032)

Non-Hispanic Black –0.039 –0.079 –0.013
(0.044)

Hispanic –0.044 –0.096 –0.026
(0.041)

Neighborhood crime rate 0.003 0.0008 0.003
(0.002)

Observations 10,200 10,200 10,200
R2 0.306 0.310 0.441

RMSE 1.258 1.225 1.265

Standard errors are in parentheses, with significance noted as *** p < 0.01, ** p < 0.05, and * p < 0.1. RMSE (Root Mean Square Error).
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Our overall study findings (using the estimation results in Table 2) are generally
consistent with the theoretical expectation of an inverse relationship between in-hospital
breastfeeding initiation and later teenage obesity rates. Specifically, our main variable of
interest, the in-hospital initiation breastfeeding rate, was negatively correlated with the
prevalence of teenage obesity. A rise in physical activity also had a significant negative
effect on teenage obesity, a finding consistent with (Chou et al. 2004) behavioral model of
obesity, in which physical activity is a determinant of caloric expenditure. Moreover, the
effects of vegetable consumption and an increasing population of the White ethnic group
had the appropriate sign and were statistically significant.

Used as controls, the consumption of fruit or 100% juice had the expected negative sign
but had no statistically significant effect on the prevalence of teenage obesity. The density
of fast food serving restaurants also had the expected positive sign but was not statistically
significant. The insignificant effect of fruit and fast-food consumption may be due to the
statistically significant effect of vegetable consumption. The controls for the Black and
Hispanic ethnic population groups indicate diminishing effects on teenage obesity and
were statistically significant. The adult obesity rate, included as a proxy for genetics and
other obesogenic factors in the household environment, had the expected positive sign and
was statistically significant. The median home value, included in the model as a proxy for
permanent household income, had a negative but an insignificant effect on the teenage
obesity rate. As expected, we detected that a higher crime rate correlates positively (but
insignificantly) with an increased teenage obesity rate, as residential areas with high crime
rates discourage the participation of teenagers in outdoor activities and public parks.

Detailed results of breastfeeding duration are provided in Table 3. The obesity re-
duction effect of breastfeeding falls (but remains statistically significant) as breastfeeding
duration lengthens, so that a 12-month breastfeeding duration is associated with a 0.53%
(3.7% of a standard deviation) reduction in the average teenage obesity prevalence. Overall,
the effects of breastfeeding duration on teenage obesity decrease at an increasing rate.

Table 3. Jackknife three-way error component (ECM) regression model results of breastfeeding durations.

Dependent Variable: Teenage Obesity Three Months Six Months Twelve Months

Breastfeeding duration –0.0761 *** –0.0581 *** –0.0369 **
(0.0147) (0.0154) (0.0146)

Physical activity 0.0206 0.0309 0.0179
(0.0334) (0.0310) (0.0342)

Hours of sleep –0.0711 ** –0.0657 ** –0.0757 ***
(0.0282) (0.0287) (0.0273)

Hours of watching TV 0.164 *** 0.163 *** 0.179 ***
(0.0366) (0.0360) (0.0330)

School grade 0.0438 0.0730 0.0328
(0.136) (0.139) (0.137)

Non-Hispanic White –0.00613 –0.00295 –0.00732
(0.0118) (0.0111) (0.0116)

Non-Hispanic Black 0.0126 0.0201 0.0143
(0.0245) (0.0250) (0.0251)

Hispanic –0.0121 –0.0178 –0.0164
(0.0266) (0.0259) (0.0243)

Access to primary care physician –0.0103 * –0.0104 * –0.0106 *
(0.00577) (0.00588) (0.00561)

Living with a single parent 0.503 ** –0.0498 0.447 *
(0.248) 0.162 (0.237)

Fast food consumption 0.257 0.530 ** 0.000158
(0.187) (0.244) (0.00115)

Neighborhood crime rate 0.106 *** –0.000382 0.104 ***
(0.0286) (0.00129) (0.0262)

Unemployment rate –0.189 0.373 ** –0.333
(0.379) (0.189) (0.361)
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Table 3. Cont.

Dependent Variable: Teenage Obesity Three Months Six Months Twelve Months

Youth smoking 23.64 0.104 *** 32.04 *
(18.88) (0.0316) (17.70)

Teenagers’ gender (male or female) –0.764 –0.0502 –0.06
0.664 (0.364) (0.01)

Jackknife resample size 7721 8354 6231
Mean dep. var. (obesity prevalence) 20.20 20.43 20.82
Sample mean of breastfeeding rates 51.79 48.44 20.67

State/time-fixed effects Yes Yes Yes
Flexible controls No Yes No

Standard errors are in parentheses, with significance noted as *** p < 0.01, ** p < 0.05, and * p < 0.1.

6. Conclusions

This study used U.S. data on the in-hospital initiation (at birth) and duration of infant
breastfeeding as an independent variable of interest in a regression model estimation of
the determinants of the prevalence rate of teenage obesity. Data from the 50 U.S. states,
including DC, on breastfeeding trends from 1998 through to 2002 were obtained from
the Ross Products Division, a subsidiary of Abbot Labs (a major manufacturer of infant
nutrition formula), which conducts nationally representative surveys of new mothers
and how they feed their newborns. We augmented the dataset with the behavioral risk
factor data from the Centers for Disease Control and Prevention’s High School Youth
Risk Behavioral Survey (YRBS) and multiple other sources, and linked the prevalence of
in-hospital breastfeeding initiation and breastfeeding duration (3, 6, and 12 months) of the
birth year with the current prevalence of teenage obesity among 9th–12th graders in each
of the U.S. states.

By controlling for other confounding factors and using a one-delete jackknife resam-
pling data reuse plan, we estimated a three-way ECM using the Fuller and Battese (1974)
method, which combined the errors across the state cross-sections, across grades in each
state, and a combination of the two.

Our results suggest that the state-level prevalence of infant breastfeeding initiation
at birth correlates negatively with later teenage obesity. Our findings further suggest that
teenage obesity is negatively influenced by physical activity, vegetable consumption, short-
run household income, and ethnicity. The economic benefits of breastfeeding, measured
as averted adulthood obesity-related illnesses and untimely mortality (Rollins et al. 2016),
would easily justify instituting and monitoring the progress of policies that promote optimal
breastfeeding of newborn babies in the hospital and post-discharge.

Our findings support the U.S. government’s policy provisions in the Affordable Care
Act (Drago et al. 2010); Healthy People 2020, and the Department of Health and the U.S.
Human Services’ goals of raising long-term U.S. population health through increased
in-hospital infant breastfeeding initiation. Furthermore, the spectacular historical rise in
the U.S. life expectancy at birth of 77.6 years (80.1 years for women and 74.8 years for men)
appears to be nearing an end, according to (Olshansky et al. 2005), who projected a three-
to five-year decrease in U.S. life expectancy at birth attributable to the childhood obesity
epidemic.

Besides its negative health effects, obesity is responsible for one-fifth of total health
expenditure in the U.S. (Tremmel et al. 2017), and the cost associated with teenage obesity
is estimated to be approximately USD 14 billion annually. If the obesity rate (children and
adults) was to be maintained at its 2010 rate, the U.S. could save USD 550 billion within the
next two years (Biener et al. 2020). Instituting state-level policies to stem the tide of obesity
could also significantly reduce the staggering cost of unemployment, job disruption (work
absenteeism), and disability among the obese population (Biener et al. 2018). The CDC
projects that 13.7 million children are obese, with annual direct medical costs of USD 14
billion. Using our estimates to perform a back-of-the-envelope calculation of annual cost
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savings from curbing teenage obesity, a 1% reduction in teenage obesity could save USD
140 million in medical expenses. Thus, achieving the Healthy People 2020 targets for the
U.S. population by focusing on achieving significantly greater in-hospital breastfeeding
rates and post-discharge breastfeeding duration could save the U.S. economy millions.
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Appendix A

The econometric model of this study is derived from a class of linear estimation meth-
ods in which the error term is componential. In Equation (1), ξi, τi, eijt are independently
distributed as ξi = Np(O, Z), τi = Np = (0, Θ), eijt = Np(0, Γ). Here, Z, Θ is positive
semi-definite, while Γ is positive definite, all of the order q (Davis 2002) and with variances
σ2

ξ , σ2
τ , σ2

e . Furthermore, it is assumed that E[ξiξs] = 0 for i 6= s, that E[τtτn] = 0 for t 6= n,
and that E

[
eijtetsk

]
= 0 for ijt = tsk. For convenience and without loss of generality, we

can write Equation (1) in matrix notation with the assumption that each column vector of
the x matrix sums to zero:

Obesityijt =

 BF111
BF112
BFNJT

, (1, x) =

 1 x111 xp11
1 x112 xp12
1 x1NT xpNT

, ε =

 ξ1 + τ1 + e111
ξ2 + τ2 + e222

ξN + τT + eNJT

 (A1)

Taking Equation (A1), we can rewrite Equation (1) as:

obesity = (1, x)
(

α
β

)
+ ε (A2)

where obesity is an NJTx1 matrix, x is NJTx p, α is a scalar term, β is the px1 vector, and
ε is an NJTx1 vector of random disturbances. Based upon assumptions about the error
vectors, the NJTxNJT variance–covariance matrix Ω can be written as:

E
[
ε, ε′
]
= Ω = σ2

ξ INJT + σ2
ι A + σ2

e B (A3)

In Equation (A3), INJT is an identity matrix and A and B are NJTxNJT matrices.16

Given the distributional assumption provided earlier, it is known that the normal equation
that provides the best linear unbiased estimates of the coefficients of interest is:(

1′

x′

)
Ω−1(1, x)

(
α̂

β̂

)
=

(
1′

x′

)
Ω−1obesity (A4)
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The form of Ω−1 is the following NJT x NJT matrix:

Ω−1 =
1

σ2
w
(INJT − ρ1 A− ρ2B + ρ3LNJT) (A5)

LNJT is an NJT x NJT matrix with ones everywhere, and ρi indicates the functions of
the variance components that are estimated using Fuller and Battese (1974) method and
are provided in the empirical result of this study as indicated below:

ρ1 =
σ2

ξ(
σ2

w + Tσ2
ξ

) (A6)

ρ2 =
σ2

τ(
σ2

w + Nσ2
τ

) (A7)

ρ3 =
σ2

ξ σ2
τ(

σ2
w + Tσ2

ξ

)(
σ2

w + Tσ2
τ

)
[

2σ2
τ + Nσ2

τ + Tσ2
ξ

σ2
τ + Nσ2

τ + Tσ2
ξ

]
(A8)

Hence, all of the coefficients in the second term of Equation (A2), including hospital
breastfeeding initiation and breastfeeding duration, which are recursively linked to teenage
obesity, are asymptomatically normal with a smaller generalized variance for both finite
and repeated samples.

Appendix B

Table A1. Estimates of alternative models. Of breastfeeding in-hospital initiation.

Variable OLS WLS Classical
Box–Cox

Box–Cox
Elasticity GLS Multi-Level

Mixed Model

In-hospital
breastfeeding –0.125 *** –0.244 *** –0.011 *** –0.699 –0.132 *** −0.096

(0.0234) (0.0250) (0.002) (0.222) (0.169)
Physical
activity –0.0922 * –0.0815 * –0.002 ** –0.05 –0.032 ** 0.236

(0.0487) (0.0451) (0.001) (0.013) (0.205)
Sleep 0.0607 0.0634 0.005 * 0.118 0.042 * −0.057 ***

(0.0399) (0.0387) (0.003) (0.023) (0.012)
Vegetable

consumption –0.183 ** –0.378 * –0.015 ** –1.319 –0.221 ** −0.0215 **

(0.0867) (0.0960) (0.007) (0.086) (0.0102)
Fruit

consumption 0.0716 0.0565 0.008 0.697 0.117 0.120 ***

(0.0907) (0.0865) (0.007) (0.088) (0.027)
Fast food 0.0214 0.212 –0.007 –0.019 0.135 −0.021 **

(0.292) (0.329) (0.025) (0.278) (0.010)
Adult obesity 0.243 *** 0.103 ** 0.016 ** 0.429 0.243 *** 0.120 ***

(0.0765) (0.0785) (0.006) (0.074) (0.027)
Single-parent

household –0.106 *** –0.0948 *** –0.009 *** –0.284 –0.091 *** −0.150

(0.0233) (0.0287) (0.003) (0.024) (0.65)
Log of income –4.020 *** –1.594 * –0.218 ** –2.264 –3.276 ** 1.88

(1.455) (0.864) (0.112) (1.393) (0.131)
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Table A1. Cont.

Variable OLS WLS Classical
Box–Cox

Box–Cox
Elasticity GLS Multi-Level

Mixed Model

Log of home
value –0.420 –0.0767 *** –0.065 –0.746 –0.384 0.062

(0.992) (0.0150) (0.075) (0.991) (0.084)
White –0.0699 *** –0.0668 *** –0.006 *** –0.394 –0.07 *** 0.050

(0.0134) (0.0241) (0.001) (0.013) (0.022)
Black –0.0547 ** –0.0468 ** –0.004 ** –0.046 –0.053 ** −0.006

(0.0228) (0.0201) (0.002) (0.022) (0.0001)
Hispanic –0.0454 ** 0.00361 *** –0.004 ** –0.044 –0.046 ** −0.018

(0.0218) (0.000903) (0.002) (0.02) (0.1433)
Crime rate 0.00321 *** 0.514 0.0003 *** 0.098 0.003 *** 0.085

(0.000812) (0.438) (0.00007) (0.008) (0.087)
10th grade 0.522 0.552 0.027 0.006 – 0.267

(0.413) (0.580) (0.034) 0.251
11th grade 0.541 0.427 0.028 0.007 – 0.754 ***

(0.548) (0.682) (0.044) (0.026)
12th grade 0.432 0.212 0.017 0.004 – 0.076

(0.658) (0.329) (0.05) (0.013)
Constant 83.62 *** 56.32 *** 7.442 *** 10.429 73.267 ***

(16.26) (15.17) (1.321) (15.42)

Observations 10,200 10,200 10,200 10,200 10,200 10,200
R2 0.639 0.60 0.632 0.639

Mean VIF 3.94 – – – – –
Ramsay RESET

(Pr) 0.86

LR test (χ2
1) 276.6 *** 119.2 *** – – – 474.85 ***

RMSE 7.01
F 20.00 *** 11.53 *** 18.81 *** - 23.863 *** –

Box–Cox λ − 0.02

Standard errors are in parentheses, with significance noted as *** p < 0.01, ** p < 0.05, and * p < 0.1. OLS (Ordinary Least Square), GLS
(Generalized Least Square), WLS (Weighted Least Square).

Notes
1 Until recently, Ross Products were the primary source of data on breastfeeding for the U.S.
2 https://nccd.cdc.gov/youthonline/App/Results.aspx?LID=XX (accessed on 29 May 2021).
3 http://web.archive.org/web/20070101180255/http://www.ross.com:80/images/library/BF_Trends_2002.pdf (accessed on 29

May 2021).
4 http://www.washingtonexaminer.com/what-is-your-states-fast-food-ranking/article/2565698 (accessed on 29 May 2021).
5 https://nccd.cdc.gov/NPAO_DTM/IndicatorSummary.aspx?category=28&indicator=29 (accessed on 29 May 2021).
6 http://www.americashealthrankings.org/explore/2016-annual-report/measure/Medianincome/state/AL (accessed on 29 May

2021).
7 https://www.census.gov/prod/2013pubs/acsbr12-20.pdf (accessed on 29 May 2021).
8 https://ucr.fbi.gov/crime-in-the-u.s/2015/crime-in-the-u.s.-2015/tables/table-5 (accessed on 29 May 2021).
9 http://kff.org/other/state-indicator/distribution-by-raceethnicity/?currentTimeframe=0&selectedDistributions=white--black-

-hispanic--asian (accessed on 29 May 2021).
10 Technical explanations of this method are provided in (Fuller and Battese 1974).
11 The technical explanation of the model is provided in Appendix A.
12 Weights were applied to the median household income and the median home value.
13 We provide the results for the alternative models in the Appendix B (Table A1). The results clearly indicate that the estimates are

different in each model given the specific underlying assumptions.
14 The estimates of the classic Box–Cox model are presented in the Appendix for comparison purposes.
15 For detailed description of Multi-level modeling, see (Yang and Schmidt 2021).
16 For a detailed explanation, see (Wallace and Hussain 1969).

https://nccd.cdc.gov/youthonline/App/Results.aspx?LID=XX
http://web.archive.org/web/20070101180255/http://www.ross.com:80/images/library/BF_Trends_2002.pdf
http://www.washingtonexaminer.com/what-is-your-states-fast-food-ranking/article/2565698
https://nccd.cdc.gov/NPAO_DTM/IndicatorSummary.aspx?category=28&indicator=29
http://www.americashealthrankings.org/explore/2016-annual-report/measure/Medianincome/state/AL
https://www.census.gov/prod/2013pubs/acsbr12-20.pdf
https://ucr.fbi.gov/crime-in-the-u.s/2015/crime-in-the-u.s.-2015/tables/table-5
http://kff.org/other/state-indicator/distribution-by-raceethnicity/?currentTimeframe=0&selectedDistributions=white--black--hispanic--asian
http://kff.org/other/state-indicator/distribution-by-raceethnicity/?currentTimeframe=0&selectedDistributions=white--black--hispanic--asian
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