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Abstract

Background—~Few resources exist for prospective, longitudinal analysis of the relationships
between early life environment and later obesity in large diverse samples of children in the United
States (US). In 2016, the National Institutes of Health launched the Environmental influences on
Child Health Outcomes (ECHO) program to investigate influences of environmental exposures on
child health and development. We describe demographics and overweight and obesity prevalence
in ECHO, and ECHOQ’s potential as a resource for understanding how early life environmental
factors affect obesity risk.

Methods—In this cross-sectional study of 70 extant US and Puerto Rico cohorts, 2003-2017, we
examined age, race/ethnicity, and sex in children with body mass index (BMI) data, including
28,507 full-term post-birth to <2 years and 38,332 aged 2-18 years. Main outcomes included high
BMI for age <2 years, and at 2-18 years overweight (BMI 85th to <95th percentile), obesity (BMI
> 95th percentile), and severe obesity (BMI = 120% of 95th percentile).
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Results—The study population had diverse race/ethnicity and maternal demographics. Each
outcome was more common with increasing age and varied with race/ethnicity. High BMI
prevalence (95% CI) was 4.7% (3.5, 6.0) <1 year, and 10.6% (7.4, 13.7) for 1 to <2 years;
overweight prevalence increased from 13.9% (12.4, 15.9) at 2-3 years to 19.9% (11.7, 28.2) at 12
to <18 years. ECHO has the statistical power to detect relative risks for ‘high” BMI ranging from
1.2 to 2.2 for a wide range of exposure prevalences (1-50%) within each age group.

Conclusions—ECHO is a powerful resource for understanding influences of chemical,
biological, social, natural, and built environments on onset and trajectories of obesity in US
children. The large sample size of ECHO cohorts adopting a standardized protocol for new data
collection of varied exposures along with longitudinal assessments will allow refined analyses to
identify drivers of childhood obesity.

Introduction

Over the last few decades, the obesity epidemic has grown rapidly as a public health
challenge [1]. Particularly worrisome is that obesity and its associated comorbidities are
rapidly increasing among children, with diagnoses at increasingly younger ages (e.g., type 2
diabetes, hypertension, dyslipidemia, obstructive sleep apnea, and mobility impairment) [2],
thus pointing toward their early life, environmental origins [3]. Approximately one-third of
today’s United States (US) children and adolescents are now overweight or have obesity [4],
with persisting socio-economic and racial disparities [5, 6].

Research has consistently shown that excess caloric intake and limited physical activity are
immediate contributors to childhood obesity [7]. Individual behaviors, however, do not fully
explain the obesity epidemic [7], while lifestyle and behavioral intervention efforts to
prevent or treat childhood obesity have had disappointingly limited success [8]. A growing
body of evidence suggests that a wide array of likely interrelated environmental exposures
(e.g., chemical, nutritional, physical, social), operating at multiple levels (e.g., individual,
familial, community, societal), especially during sensitive periods of development (such as
during fetal and early postnatal life), contribute to unhealthy growth trajectories and
increased childhood obesity risk [9]. Thus, novel paradigms, such as complex systems [10]
and developmental origins approaches [9] have been proposed to further advance discovery
and translational efforts related to childhood obesity. Given the increasing availability of
“big data” from electronic medical records, geographic information systems, high-
throughput omics and sequencing assays, as well as advanced modeling techniques, such
approaches may now be ripe for exploration in large, diverse, longitudinal studies.

In response to these challenges and opportunities, in 2016, the US National Institutes of
Health launched the Environmental influences on Child Health Outcomes (ECHO) program
to address existing knowledge gaps in early life predictors of child health and disease risk.
ECHO will enroll and follow >50,000 diverse children (Fig. 1), and will integrate data
already collected via extant parent study protocols with new data collected through an
ECHO-supported data-collection protocol that includes multiple exposures, outcomes, and
potentially responsible mechanisms to comprehensively investigate the influence of early
life environment on child health and development. The present manuscript focuses on
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childhood obesity, one of ECHO’s focus areas, and describes, using already collected data:
(1) the prevalence of childhood “high body mass index (BMI) for age”, overweight, and
obesity in the extant ECHO cohorts; and (2) ECHO’s potential as a research resource for
improving our understanding of the impact of early life environmental factors on obesity risk
in US children.

Materials and methods

We pooled existing, already collected data from 84 cohorts in the ECHO program that met
eligibility criteria (https://www.nih.gov/echo/pediatric-cohorts). None of the cohorts
oversampled by weight status, although several selected participants at higher demographic
risk for obesity. One cohort specifically oversampled for poverty and African American
ethnicity in low-income, non-urban counties in Pennsylvania and in North Carolina. Other
cohorts enrolled exclusively Hispanic/Latino or Puerto Rican participants (four), African
American participants (two), or American Indian/Alaskan Natives from the Northern Plains
(one). There were also cohorts that exclusively enrolled infants born preterm.

We excluded cohorts if they had only self-reported weight and height measurements (7= 2);
no weight or height measurements (/7= 6); or no measurements of height or weight since
2003 (n=6), resulting in 70 cohorts providing data on weight and height status of 46,222
participants ages 0-18 years. We further excluded children for the following reasons: (1)
missing values for sex, age, or race/ ethnicity (7= 1,835); (2) missing gestational age (GA)
or weight at birth (7= 1,656); (3) GA < 22 weeks at birth and full-term births with no data
on height and/or recumbent length (n7=1,271); (4) height but not recumbent length (<2
years) or with length but not height (=2 years) (7= 165); (5) measurements performed
before 2003 (= 821); (6) parent-reported recumbent length/height/weight (n = 1,868); (7)
biologically implausible values, such as (a) z-scores <=5 or >5 for BMI-for-age for children
<2 years old [11], and (b) zscores <-4 or >8 for BMI-for-age for children =2 years old (7=
126); [12] and (8) if a participant had >1 observation within an age category, then a random
selection of 1 observation was selected, excluding anthropometric data from preterm births
from after birth to 3 years (7= 877). These exclusions resulted in having 37,603 children
available for this report.

High BMI, overweight, and obesity classification

We classified full-term infants between 48 weeks post gestation and <2 years of age as
having high BMI if their BMI was at or above the 97.7th percentile of the World Health
Organization (WHO) sex-specific BMI-for-age growth standards [13]. BMI was calculated
as weight in kilograms divided by length in meters squared.

We classified children and adolescents born full-term (=37 completed weeks of gestation)
between 2 and 18 years of age and those children born preterm (22 to < 37 weeks gestation)
between 3 and 18 years of age as having overweight (BMI = 85th and <95th percentile) or
obesity (BMI = 95th percentile) using Centers for Disease Control and Prevention (CDC)
sex-specific BMI-for-age reference data [14, 15]. We further classified severe obesity (BMI
> 120% of 95th percentile), and class 111 severe obesity (=140% of the 95th percentile or
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BMI > 40 kg/m?). We explored using BMI = 35 kg/m? as a further input to defining severe
obesity though this did not change results.

Maternal socio-demographic characteristics

We described the sample of children contributing anthropometric measurements as a
function of maternal characteristics, obtained via data already collected by the study-specific
questionnaires and/or abstracted from medical records. We combined race and Hispanic
origin into five categories: non-Hispanic (NH) white, NH black, NH Asian, NH other, and
Hispanic. NH other included non-Hispanic persons who identified their race as American
Indian, Alaska Native, Pacific Islander, or multiple races. We categorized marital status as
married or cohabitating or not; primary language spoken in the home as English, Spanish, or
other; level of education as less than high school, or high school diploma/General Education
Degree (GED) or higher; and health insurance coverage as none, private, Medicaid, or other
(e.g., military or Medicare).

Selection of age and race categories

We selected age groupings to ensure sufficient precision of prevalence estimates (>2000
children per age group). The resulting age categories included full-term infants post birth to
<1 year; or 1 to <2 years; and pre- and full-term births 2-3 (preterm > 3 only), 4-5, 6-7, 8-
11, and 12-18 years. If a child had >1 observation within an age group, we selected 1
observation at random to give each child equal weight in estimating prevalences. If a child
had >1 observation across age categories, they were included in each respective age group.

Participants available for high BMI for age, overweight, and obesity

Detailed sample sizes for age, sex, and race/ethnicity categories are available in Table 1. The
number of cohorts that contributed to analyses by age and sex groups are in Table 2.

Statistical analysis

This analysis involved individual participant data meta-analysis, in which the cohorts used
common statistical code to analyze their own data and the results of those analyses were
combined at the ECHO Data Analysis Center using meta-analytic methods [16]. This
approach standardized the statistical methods used by each contributing cohort and did not
require the sharing of individual-level data.

Conventionally, meta-analysis of summary estimates of binomial outcome measures is based
on a normal model (using a double arcsine transformation to satisfy the normality
assumption of the model). Stratifying our population across five race/ethnicity and five age
categories resulted in some cases in small numbers (<50) and did not meet this model’s
assumption of an approximately normal with in study likelihood. Therefore, we chose to use
an exact binomial likelihood through a Normal-Binomial (N-B) non-linear random-effects
model following the recommendation of Ma et al. [17]. Let X;denotes the number of
“events” observed (children classified as obese) from a total of n;children in the th cohort
with a probability of events p;, i=1, 2, ...K. The N-B model obtains an estimate of the
pooled proportion (e.g., percentage of obese children) in two stages. In the first stage,
conditional on (n;, p) provided by the K independent cohorts, the Xjis assumed to follow a
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binomial within-study distribution. In the second stage, the N-B model fits a generalized
linear mixed effects model on a logit scale of p;with a normal distribution

logit(p;) = o + by, b~N(0, %)

where 1 and 72 represent mean and between-cohort variance of the transformed g;,
respectively. In cases where multiple observation were available on a child, 1 observation
was selected at random within each age strata to satisfy the independence assumption. The
models were fit using the SAS procedure NLMIXED (SAS Institute Inc. Cary, NC) using
code provided by Ma et al. [17]. The confidence interval (CI) of the pooled prevalence
estimate describes uncertainty in the estimates from the different studies (the width of the CI
tends toward zero as the number of studies in the meta-analysis increases). The supplemental
tables provide mean + standard deviation (SD)-specific estimates and 95% Cls for the
various age, sex, and race/ethnicity categories.

Maternal socio-demographic characteristics

The majority of mothers were married or cohabitating with a partner (Table 1). Forty-six
percent of mothers reported their race/ethnicity to be NH white, followed in decreasing order
by Hispanic, NH black, NH other, and NH Asian. English was the primary language spoken
in the majority of homes. Eighty percent of mothers completed a high school education or
higher. Using health insurance as an indicator of socio-economic status, 25% of mothers had
Medicaid insurance, with 2% reporting no insurance coverage.

High BMI for age: Post-birth to <2-year age for full-term births

There were 23,406 children contributing 28,507 observations included in the analysis to
estimate high BMI for age for full-term infants. Prevalence estimates for high BMI for age
were 4.7% (95% ClI, 3.5, 6.0) post-birth to <1 year, and 10.6% (95% CI, 7.4, 13.7) at 1 to <2
years (Table 3). Similar prevalence estimates were observed across all sex and race/ethnic
categories.

Overweight, obesity, and severe obesity for ages 2-18 years

There were 20,080 children contributing 38,332 observations included in the analysis to
estimate the prevalence of overweight, obesity, and severe obesity for ages 2-18 years.
Overall the prevalence of overweight, obesity, and severe obesity increased with age, with
point estimates of 14.0% (95% ClI, 12.5, 15.5) for 2-3 years to 16.8% (95% Cl, 15.0, 18.5)
for 12-18 years for overweight; 11.0% (95% Cl, 7.9, 14.0) for 2-3 years to 19.9% (95% ClI,
11.7, 28.2) for 12-18 years for obesity; and 1.5% (95% Cl, 0.2, 2.8) for 2-3 years to 8.0%
(95% Cl, 3.1, 12.9) for 12-18 years for severe obesity (Fig. 2). A similar pattern was seen in
the prevalence of class I11 severe obesity with 0.2% (95% CI: 0.0, 0.4) for 2-3 years to 2.2%
(95% CI: 0.9, 3.4%) for 12-18 years (Tables 4-7). However, there was considerable
variability across race/ethnic groups, with NH white estimates remaining relatively stable
with increasing age for all three outcomes of overweight, obesity, and severe obesity.
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Hispanics and NH black participants had the highest prevalences for all three outcomes,
which increased with age. Obesity was more common in males than females for NH white,
NH Asian, and NH other participants ages 6—18 years. In contrast, NH black females had a
higher age-specific prevalence than their male counterparts (Tables 4-7).

Statistical power to detect relative risks for associations of *high’ BMI with low to high
frequency exposures in ECHO cohorts

Extant cohorts were included in the ECHO program based on their ability to provide extant
high-quality data on exposures in utero through age 5 and to investigate cutting-edge
scientific questions. The common ECHO-wide protocol extends and expands the follow-up
of mother and child pairs from the prenatal period through age 18 years. Figure 3 provides
the estimated sample sizes available for age groups and the detectable risk ratios for
associations of high BMI or obesity (versus normal weight) with a range of exposures with
varied prevalences (1-50%). For example, among 2-3-year-old children, given a sample size
of 12,000, we expect to have =80% power to detect a 1.3 risk ratio for obesity vs. normal
weight associated with an exposure that has a prevalence of 5% (Table 8).

Discussion

In this analysis of >23,000 children from birth to 2 years old and >20,000 children ages 2—
18 years enrolled in ECHO cohorts from across the US, we found that high BMI for age is
common, increases with advancing age, and varies by race/ethnicity. Further, in ECHO
pediatric cohorts the age-specific prevalences of overweight, obesity, and severe obesity
combined are remarkedly similar to those reported for the National Health and Nutrition
Examination Survey (NHANES; 2011-2016) [18] for 2-5 years (11% vs. 9-14%); 6-11
years (18% vs. 17-18%); and 12-18 years (20% vs. 21-25%) [4, 18-20]. Similar racial/
ethnic disparities in overweight, obesity, and severe obesity for ages 2—-18 exist in ECHO
and NHANES, with the highest prevalence for Hispanics (16—-28% vs. 15.6-26%) and NH
blacks (11-26% vs. 9-22%), followed in decreasing order by NH whites (7-11% vs. 3—-
19%) and NH Asians (3—16% vs. 3-11%), respectively [4, 18-20]. The demographic
similarities also support potential generalizability of findings from future ECHO analyses
examining environmental predictors and health sequelae related to childhood obesity to the
US population.

This manuscript also confirms the substantial statistical power of ECHO to answer questions
regarding the environmental and preventable causes of childhood obesity even for low
prevalence exposures. However, like other large national efforts, including NHANES [18,
19], the ECHO cohorts have more limited sample sizes when simultaneously stratified by
race/ethnicity, age, and sex, which may result in reduced power to detect associations in
some substrata, especially in the context of rare exposures.

Complex exposures across multiple levels with a standardized protocol

In addition, ECHO will improve upon previous designs by prospectively gathering a
comprehensive battery of measures, biological samples, and geospatial information and
prospective follow-up data (Table 2) from participants in the extant cohorts to address
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overarching questions put forth by the ECHO Obesity Working Group (www.nih.gov/echo),
as well as ECHO-funded and outside investigators. The standardized ECHO-wide protocol
will also serve as a model for the design of US cohorts in the future that can add to the
statistical power and ability to identify environmental and preventable determinants of
adiposity and downstream risks. For example, the ECHO-wide protocol will capture key
residential neighborhood built environment domains that include: neighborhood food access
(e.g., fast food, convenience stores, supermarkets); access to parks, playgrounds, and green
space [21-23]; neighborhoods that support walking and cycling [21, 24]; and whether the
context was urban, suburban, or rural [25]. Chemical exposures such as bisphenols [26, 27],
organotins [28, 29], and toxic metals [30] will be evaluated with archived and prospectively
collected specimens through the Children’s Health Exposure Analysis Resource [31].
Standardized collection of behaviors such as diet and physical activity, culture and socio-
demo graphic factors, at the individual [32-37], family [38—41], community [42], and health
care levels [43-45] will be collected, beginning in pregnancy. Furthermore, ECHO will
incorporate linked administrative databases/sources such as crime, unemployment,
neighborhood poverty, and standardized indices that characterize child vulnerability and will
have the opportunity to capture the positive and negative attributes of neighborhoods in
relation to obesity risk.

In recent years, the field of genomics has exploded with advances in technologies and
biostatistical approaches that allow us to investigate millions of genetic variants distributed
across the genome. Yet, while 15 independent loci associated with childhood BMI have been
reported [46], these loci explain only 2% of the variance in obesity risk. ECHO cohorts will
have specimens available to examine genetic modifications and better unravel the
complexity of gene-environment interactions as contributors. ECHO can also leverage
advancements in high-throughput sequencing and computing, which have heightened our
appreciation for the role of microbial communities in “programming” childhood obesity
risk. Finally, advances in statistical methods (including instrumental variable approaches,
such as Mendelian randomization) will be used for causal inference in modelling
associations of early life exposures with childhood obesity and its sequela.

What is novel about ECHO, and why is it needed?

Other longitudinal prebirth or birth cohort studies of similar size, such as the Avon
Longitudinal Study of Parents and Children in the United Kingdom [47], the Promotion of
Breastfeeding Intervention Trial study in Belarus [48], the Danish National Birth Cohort
[49], and the Norwegian Mother and Child Cohort (MoBa) [50], are well equipped to answer
questions about the environmental and developmental origins of childhood obesity.

However, few are well poised to examine origins of disparities in obesity which are so
prominent among US children. For example, 62% of children in the Generation R cohort are
Dutch or other European, 11% are Moroccan or Dutch Antillean, and 8% each are
Surinamese, Turkish and Other [51]. Findings from that sample are not generalizable to
Latinos, who represent 24% of US children and have disproportionate exposure to endocrine
disrupting chemicals, which have been identified as potential contributors to obesity [52].
ECHO also includes children of Asian origin, a growing segment of the US population and a
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population underrepresented in extant cohorts. Participants in other European cohorts are
overwhelmingly or exclusively non-Hispanic white.

The utility of ECHO is also evident for studies of built environment exposures, which may
be associated with race/ethnicity, and diet, physical activity and other obesogenic behaviors.
Other exposures such as crime my affect stress that can affect adiposity accrual and
distribution via numerous pathways, including alterations in circulating hormones and
methylation of genes related to development of obesity. Few studies in the United States
have the potential of ECHO to unravel the exposures, moderators and mediators that may
explain the observed disparities in the US population. ECHO has assembled a large racially/
ethnically diverse US cohort poised to provide much-needed answers to important questions
regarding the early life determinants of childhood obesity risk, using a longitudinal,
prospective design.

In addition, findings from older cohorts may also not be generalizable due to the rapid
replacement of many known obesogenic chemicals with others that may have similar
properties. A prime example is bisphenol A, which has been increasingly replaced with forty
or more other chemically similar phenols for use in polycarbonate plastics, aluminum can
linings and thermal paper receipts. One replacement, bisphenol S has been found to be as
estrogenic [53], toxic to embryos [54], and persistent in the environment [55]. As attention
has focused on phthalates used in soft polyvinyl chloride plastics such as those used food
packaging, including di-2-ethylhexylphthalate, replacement chemicals have emerged. These
include 1,2-cyclohexane dicarboxylic acid, diisononyl ester; diisodecyl (DIDP) and
diisononylphthalate (DINP), phthalates. DIDP and DINP have been associated with insulin
resistance and elevations in blood pressure in children [56, 57].

The cohorts are different in timing of enrollment, eligibility for participation, region of the
country, race/ethnicity. Examining these many interacting factors in a mosaic of participants
together with a broad array of environmental factors will yield a valuable database for use by
researchers nationally as well as internationally. The intention of the ECHO program is for
data sharing in the broadest way possible, while protecting privacy and confidentiality. Both
ECHO-funded and external investigators can propose new analytic concepts leveraging
biological and environmental samples, as well as extant data to examine novel and emerging
exposures, and consider long-debated questions in a more representative sample of the
United States.

The ECHO program overcomes an important obstacle experienced by the National
Children’s Study through the leverage of existing cohorts. This manuscript demonstrates
pooling of phenotypic data is feasible. The power of the ECHO cohorts will ultimately be
leveraged through harmonization of data, as proposed in the ECHO-wide protocol for extant
and prospectively collected data. Extant data were collected with a wide variety of protocols
and instruments, prior to ECHO’s existence, and even the prospective standardized protocol
allows for some flexibility in choice of instruments and procedures to collect key domains of
data.
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There will still be other challenges to the ECHO program’s success in identifying
environmental and preventable risks for obesity. Maximal retention of study participants is
paramount and will occur through acknowledging and minimizing cumulative and within-
visit burden on participants, given the planned data collection. Major challenges will require
balancing multiple potentially competing scientific questions within a larger study of child
health, acknowledging that not all questions will require tens of thousands of children to
study. Though not all extant cohorts will have the same depth of archived biospecimen or
previously collected data available, sub-sample analyses will still provide large analyses of
obesogenic environmental exposures [58].

ECHO will be positioned to clarify the roles of multiple and interacting environmental and
preventable risk factors for obesity in US children and to assist in setting the stage for
intervention studies and policy experiments. Rigorous investigations, several already
proposed within ECHO and many more to come, may address policies, urban design/
planning, public health, behavioral science, commercial interests, and health care practices
to curb or reverse the escalating prevalence of obesity, especially in the most disadvantaged
segments of society.

Conclusion

The ECHO program has made substantial investments to develop a powerful program to
study and understand how environmental influences drive the development of obesity,
beginning in preconception and continuing through adolescence and young adulthood. The
size and diversity of the study population, the multidimensional and systematic approach to
the development of new tools and measures as part of an extensive ECHO-wide protocol,
and the leveraging of cutting-edge scientific knowledge is unprecedented for the US. The
research program as designed holds promise to provide insight into the mechanisms that
promote overweight and obesity in US children and provide rigorous data for novel
programs to lessen the burden on individuals, families, and society.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Cohorts and participant recruiting sites for the Environmental influences on Child Health
Outcomes (ECHO) study
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Prevalences (%) of overweight, obesity, and severe obesity in the Environmental influences
on Child Health Outcomes (ECHO) study. NH non-hispanic, W white, B black, A Asian, O
other, Overweight = BMI = 85th and <95th percentile; Obesity = BMI at or above the 95th
percentile; Severe Obesity = BMI at or above 120% of the sex-specific 95th percentile. Each
vertical bar in color represents estimated prevalence; with the point estimate as a circle and
the extended vertical line representing the corresponding 95% confidence intervals obtained
from meta-analysis using Normal-Binomial, non-linear, mixed-effects modeling
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exposures (80% power and 5% alpha error tolerance). High weight defined as: BMI = 97.7th
percentile of (age and sex-specific) WHO 2006 growth charts for birth to 2 years of age;
BMI = 95th percentile of (age and sex-specific) CDC growth charts
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