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Abstract

Dietary and physical activity behaviors formed early in life can increase risk for childhood
obesity and have continued negative consequences for lifelong health. Previous research
has highlighted the importance of both genetic and environmental (e.g., cultural environ-
ment or parental lifestyle) contributions to obesity risk, although these studies typically
involve genetically-related individuals residing in the same household, where genetic simi-
larity and rearing environment are inextricably linked. Here we utilize a sibling-adoption
design to independently estimate genetic and environmental contributions to obesity risk in
childhood and describe how these influences might vary as children age. As part of a pro-
spective adoption study, the current investigation used data from biological siblings reared
either apart or together, and nonbiological siblings reared together to estimate the contribu-
tions of genetics and environment to body mass indices (BMI) in a large cohort of children
(N=711). We used a variance partitioning model to allocate variation in BMI to that which is
due to shared genetics, common environment, or unique environment in this cohort during
middle childhood and adolescence. We found 63% of the total variance in BMI could be
attributed to heritable factors in middle childhood sibling pairs (age 5—11.99; 95% CI/
[0.41,0.85]). Additionally, we observed that common environment explained 31% of varia-
tion in BMI in this group (95% CI/[0.11,0.5]), with unique environment and error explaining
the remaining variance. We failed to detect an influence of genetics or common environment
in older sibling pairs (12—18) or pairs spanning childhood and adolescence (large sibling age
difference), but home type (adoptive versus birth) was an important predictor of BMI in ado-
lescence. The presence of strong common environment effects during childhood suggests
that early interventions at the family level in middle childhood could be effective in mitigating
obesity risk in later childhood and adolescence.
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Introduction

Childhood obesity is a pervasive public health problem that affects more than 13.7 million chil-
dren in the United States [1]. The Centers for Disease Control and Prevention (CDC) reports
increases in obesity prevalence as children age, estimating that 13.0% of 2- to 5-year olds and
20.6% of 12- to 19-year olds struggle with obesity in the United States [2]. Children with obe-
sity are more likely to experience negative health and psychological outcomes compared with
peers of normal weight, such as asthma, high blood pressure, type 2 diabetes, anxiety, and
depression [3-5]. Furthermore, childhood obesity often persists into adulthood. A U.S.
national, longitudinal study found that 90% of adolescents with obesity continued to struggle
with obesity throughout adulthood [6], sustaining their heightened risk for poor health and
psychological outcomes.

To better understand and ultimately mitigate the rising incidence of childhood obesity and
its life-long challenges, it is important to examine factors predisposing children to obesity.
Twin and adoption studies have been paramount in developing our understanding of how a
combination of genetic and environmental factors influence obesity risk [7]. However, these
studies have yielded varied results about the relative influences attributed to genetics or envi-
ronment, and often focus on a single age group or adults. Multiple meta-analyses of twin and
family studies have identified repeated patterns in genetic and environmental influences on
BMI from childhood to adulthood by combining existing cohort data [8-10]. Across twin and
family study designs, heritability estimates tend to increase as children age, but begin to
decrease into adulthood, after age 18 [8]. Of relevance to the age range of the current sample,
heritability estimates range from 0.58 to 0.89 for studies including children aged 5-18 years
[8]. Additionally, previous longitudinal studies corroborate meta-analysis findings over time
in twin and adoption cohorts, with heritability of BMI increasing over early to middle child-
hood [11, 12], even despite obesogenic environments thought to solidify suboptimal health
behaviors [13]. Furthermore, previous work in adult cohorts of adoptees and their relatives
demonstrates that shared environmental effects wain in adulthood, and most of the variance
in BMI can be explained by heritable factors [14-16].

While we cannot alter a child’s genetic makeup (in the absence of gene therapies), environ-
mental factors that influence obesity risk represent potentially malleable targets for interven-
tions that may alter gene expression. Environmental factors can include those that are
experienced by all children in a household (common environment), and those that are unique
to each child in a household (unique environment). Examples of potential common environ-
mental factors associated with childhood obesity include access to physical activity opportuni-
ties, green space, and healthy foods, and parental support for healthy eating and exercise
behaviors [17-19]. Some of these factors could also serve as unique environmental exposures
for children if siblings in a family are exposed to them at different levels, or if siblings spend
different amounts of time in the home. Understanding and harnessing the contributing influ-
ences of common and unique environmental factors during childhood and adolescence is of
critical importance to identifying age-appropriate intervention targets to prevent obesity
before it becomes a life-long problem.

Here we build upon previous BMI research using an adoption design where biological sib-
lings are reared together or apart from birth, or are reared from birth with other nonbiological
siblings. Previous twin and adoption studies have used traditional ‘ACE’ structural equation
modeling approaches developed specifically for twin and family designs [20]. Traditional ACE
modeling approaches assume that the environments experienced by individuals sharing a
home affect the phenotype of interest equally, regardless of the level of genetic relatedness (the
‘equal environment assumption’), and that results from twin studies are generalizable to
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broader populations [20]. While these models perform well when statistical assumptions are
met, they are challenging to implement under exceedingly complex and varied family struc-
tures. Utilizing a statistical approach from non-human quantitative genetics [21] which is ame-
nable to the natural factorial design of relatedness and home sharing combinations found in
an adoption dataset, we are able to obtain estimates of genetic and environmental contribu-
tions to child BMI that are unconfounded by the effects of co-rearing. Furthermore, our data-
set is unique from previous adoption studies of BMI [7, 14-16] because the children were
adopted at birth (median age = 2 days; SD = 12.45; range = 0-91 days) and measurements used
in this study were taken during childhood when the effects of common environment on BMI
can be detected. In addition, this project includes the biological siblings of the adoptees who
were reared with the birth parents, and additional siblings living in either adoptive or birth
home.

The objective of this study was to parse the relative contributions of genetics and environ-
ment to the BMI of children using this unique sibling-adoption study design to better under-
stand the etiology of BMI across childhood. Following common practice in twin and family
studies, we further decomposed the contribution of environment into those factors common
for all members of a household (common environment) and those that are unique to each
individual [unique environment; 22] or are due to error. Based on the meta-analyses of twin
and family studies in which siblings were co-housed from birth [8-10], we expected the rela-
tive contribution of genetic influences to increase with age, and environmental influences to
vary by age group, with the BMI of younger children being largely influenced by genetic and
common environmental factors and the BMI of older children being largely influenced by
genetic and unique environmental factors.

Methods

Human subjects

The study sample was drawn from the Early Growth and Development Study [EGDS; 23] and
its companion study, Early Parenting of Children [EPoCh; 24]. Together, these studies encom-
pass a prospective adoption cohort that includes participants who were domestically adopted
at birth into a non-biological adoptive home, the adoptees’ biological siblings who remained
living with the birth parent(s), and additional nonbiological siblings living in either study
home. Participants were included in the current study if: (a) they shared a home with a biologi-
cal sibling, (b) they had a biological sibling living in a different home, or (c) they shared a
home with a nonbiological sibling. Participants were excluded from this sample if: (a) they had
missing data on their genetic relationship to their rearing parents or their genetic relationship
to other siblings in the study, or were missing BMI data or (b) if their data included extreme
outliers for observations of age-corrected BMI (putatively because of reporting error). Using
an established approach recommended by the Centers for Disease Control and Prevention,
children with BMI z-scores below -4 and above 8 after age-correction were removed [25].
Exclusion of these individuals did not affect the overall sample mean for BMI (¢ = 0.45,
df=1769.3, p = 0.66).

From an original sample of 897 participants between the ages of 5 and 18, the final sample
for the current analysis included 711 children from 414 households with different levels of
genetic relatedness (monozygotic twins (12 pairs), full siblings or dizygotic twins (115 pairs),
half-siblings (192 pairs), and nonbiological siblings (260 pairs)) residing in the same or differ-
ent homes, for a total of 579 pairs. The sample was 54% male and children ranged in age from
5 to 18 years old (mean age = 11.30 years; SD = 3.22 years). The mean age difference among all
related and unrelated siblings was 3.56 years (SD = 2.35 years); half siblings were an additional
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Table 1. Child descriptive statistics by home type.

Full Sample Adoptive Home Birth Home

Mean child Body Mass Index (sd) 19.6 (4.7) 19.2 (4.1) 20.4 (5.8)
Mean child age (sd) 11.3 (3.2) 11.5 (3.0) 11.8 (3.8)
Child sex (% male) 53.6 54.6 51.2
Child race (%)

Caucasian 58.8 59.8 56.4

Multiracial 21.9 22.0 21.3

African American 17.9 16.4 21.8

Native American <1.0 <1.0 <1.0

Asian <1.0 <1.0 -

Native Hawaiian/ Pacific Islander <1.0 <1.0 -

Unknown <1.0 1.0 -
Child ethnicity (%)

Non-Hispanic/unknown 87.1 87.4 86.3

Hispanic 12.9 12.6 13.7
Reared by biological parent (%) 39.2 13.8 99.5
Total sample size (n) 711 500 211

https://doi.org/10.1371/journal.pone.0236261.t001

1.06 years apart in age on average compared to full siblings (¢ = -3.84, df = 275.3, p-value <
0.001). Since heritability has been previously demonstrated to vary across developmental stages
[8, 26], we categorized children into middle childhood (age 5.0-11.99) or adolescent groups
(age 12.0-18.99) and ran models for these age groups separately (see statistical approach).
Child and reporting parent demographic information is described in Tables 1 and 2, respec-
tively. All adult participants (parents/guardians) were provided an information sheet prior to
the beginning of an online survey by which data about the child were collected. Consent was
implied if the parent or guardian decided to complete the online survey. No data were col-
lected directly from children in this study. The research and consent process received approval
by the Institutional Review Board at the University of Oregon.

Table 2. Reporting parent descriptive statistics by home type.

Full Sample Adoptive Home Birth Home

Mean parent age (sd) 47.3 (8.6) 51.0 (6.2) 38.2 (6.6)
Parent sex (% male) 42.5 47.2 31.1
Parent race (%)

Caucasian 84.0 91.0 67.0

Multiracial 2.8 1.2 6.7

African American 9.0 4.3 20.6

Native American <1.0 - 1.9

Asian 1.3 1.4 1.0

Native Hawaiian/ Pacific Islander <1.0 <1.0 -

Unknown 2.1 1.8 2.9
Parent ethnicity (%)

Non-Hispanic/unknown 95.6 98.0 89.5

Hispanic 4.4 2.0 10.5
Total sample size (n) 720 511 209

https://doi.org/10.1371/journal.pone.0236261.t1002
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Measures

BMI. We collected child BMI data from parents using online survey tools. Parents
reported their child’s height, weight, age, sex, race, and ethnicity. These data were used to cal-
culate BMI age-corrected z-scores for all children using the US 2000 CDC Growth Charts ref-
erence [27]. Parent-report of child height and weight has been demonstrated to yield accurate
estimates of BMI in this age group when compared to medical record data [28].

Home. Home type was assigned based on the original study design where ‘adoptive’
homes contained the original study (EGDS) adopted children, and ‘birth’ homes were the
homes of the birth mothers of the original adoptees. Children raised in the same household
were considered to share a home in this analysis. Overall, adoptive families had higher mater-
nal education, higher incomes, and more supportive parenting styles than birth homes [29];
these characteristics are consistent with social and physical environments associated with
lower childhood obesity risk [30]. We therefore included home type as a variable in each
model in an effort to capture broad differences in these household metrics, not to describe the
child’s relatedness to their rearing parents. Relatedness to rearing parents was calculated sepa-
rately, included as a separate factor in the model, and described the biological relationship of
each child to their rearing parent(s) (i.e., whether a child was reared by at least one biological
parent). We included biological relationship to the parents in our model to account for any
variation in BMI due to passive gene-environment correlation [31], which could otherwise
falsely inflate the common environmental variance estimate.

Sibling pair genetic relatedness. Genetic relatedness among sibling pairs was computed
based on maternal report data collected earlier in the study. Values of relatedness were
assigned based on assumed pedigree relationships (monozygotic twins = 1.0; dizygotic twins
or full siblings = 0.50; half siblings = 0.25; nonbiological siblings = 0.0). Twin zygosity was
determined using the zygosity questionnaire [32].

Statistical approach

A difference in BMI means by home type (adoptive versus birth) was assessed using a Welch’s
two-sample t-test. The complex nature of the study design with many multi-level connections
among participants—both in relatedness and common household—provides a unique oppor-
tunity to employ a novel statistical approach for the field of human quantitative genetics using
existing R software. We used a profiled restricted maximum likelihood model (pREML) in the
R package varComp [33] to partition variance in BMI using biological and nonbiological sib-
lings reared apart and together. To partition the variance due to shared genetics and shared
environment, we assigned pairwise relatedness (monozygotic twins = 1.0, full siblings = 0.50,
half siblings = 0.25, unrelated = 0.0) and home sharing (same home = 1, different homes = 0)
matrices as the correlation structure of the random effects in each model [34]. This approach
is conceptually similar to that used in the traditional ACE twin model, where shared genetics
varies categorically across levels of relatedness (e.g., monozygotic versus dizygotic twins) and
shared environment often reflects shared household (these approaches are formally compared
in [35]). However, the flexibility of the current matrix-based approach allows for the simulta-
neous consideration of all pairwise relationships and home sharing, including those arising
from rare or complex family structures (e.g., a household with a large number of children of
many pairwise relatedness combinations). The varComp package uses these matrices to assign
linear variance-covariance structure and returns the estimated proportions of variance attrib-
utable to the structure specified by each matrix of pairwise correlations. As in ACE models, we
then used these estimates to partition the total variance observed in BMI into that which can
be explained by genetic background (V,), common environment (V¢), and residual- or
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unique environmental- variance (Vg; error). Broad-sense heritability (h?) and the effect of
common environment (c?) were estimated as the proportion of total variance in BMI that can
be explained by additive genetic factors (sibling relatedness) or common rearing environment
(home), respectively, over the total variance observed in BMI, V. These estimates range from
0 to 1, and express the proportion of the total variance in BMI explained by each factor.

As heritability should be estimated within a population of individuals at the same develop-
mental stage, we separated individuals into two age groups which broadly accounted for differ-
ences in both development and expected environment. Children age 5.0-11.99 were included
in the ‘middle childhood’ group, while those age 12-18 were classified as ‘adolescent.” These
age ranges are consistent with those used in previous work and reflect long standing, broadly
accepted life stage age windows in child research involving populations in the Western world
[36, 37]. We hypothesized that children age 5.0-11.99 spend more time in the home, thus
experience a more similar common environment, while adolescents have more of a unique
environment compared to their siblings. We then ran three variance portioning models
including the following subsets: (1) middle childhood sibling pairs (n = 260 children across
169 pairs), (2) adolescent sibling pairs (n = 200 children across 132 pairs), and (3) sibling pairs
that spanned age groups (each pair included one child 5.0-11.99 years old and one child 12-18
years old; n = 428 children across 278 pairs). Due to the complex relatedness structure among
individuals within a family unit, 177 children (out of total N = 711) were included in multiple
models because they had multiple siblings across the two age groups. To account for this non-
independence among the subsamples, we applied a false discovery rate (FDR) correction to all
fixed effect and variance component p values and report these adjusted g values [38].

The full initial pPREML models included sex, race, ethnicity, home type (adoptive or birth),
whether a child was reared by at least one biological parent, and the interaction of home type
and parent biological status. Because of low representation in some racial groups, race was
recoded for subsequent analyses as a factor with three levels: ‘Caucasian’, ‘African American’,
or ‘Other’. Pairwise comparisons among racial groups are considered significant below a Bon-
ferroni corrected alpha level of 0.017 (0.05/3). Age was not included as a covariate, as BMI
scores were already age-adjusted and sibling pair groupings were based on age. BMI observa-
tions were natural log (In) transformed to meet the assumptions of normality of the model.
Model fit of all possible reduced models were compared using Akaike’s Information Criterion
(AIC) with the ‘dredge’ function in the R package MuMIn [39]. We then used likelihood ratio
testing in the R package Imtest [40] to verify that the inclusion of multiple variance compo-
nents in the final model significantly improved the model fit, or if a more simple correlation
structure in the random effect was sufficient [34]. Heritability and ¢® and standard errors and
confidence intervals were estimated using the ‘h2GE’ function in the R package gap [41]. We
then used a permutation test to assess significance of the observed h* and ¢* estimates by ran-
domizing BMI across individuals for 999 iterations of the final variance component model to
build a unique sampling distribution for each variance component. We then calculated the p-
value for each component as the proportion of model runs in which each variance component
estimate was greater than or equal to the observed value. To determine if h* or ¢* estimates
were significantly different across age group models, we used a Levene’s test for heterogeneity
of variance in the lawstat R package [42] to compare model residuals in cases when variance
component confidence intervals overlapped. To do this, we reran the final variance compo-
nent models for each age group containing only that single variance component (e.g., only the
relatedness matrix), extracted the residuals from each model, and compared the variance of
these residuals using a Levene’s test. If the variance in residuals was not statistically significant
among models, we would conclude that the variance component accounted for a similar
amount of variance in both models and the resulting * or ¢* estimates were not significantly
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different. Post-hoc power calculations were run in the sjstats package [43]. All statistical analy-
ses were performed in R v3.5.1 [44].

Results

Age-corrected BMI in this dataset ranged from 11.2 to 47.9, with 55 underweight children
(BMI<5" percentile), 441 children of normal weight (5™ percentile<BMI<85™ percentile),
105 overweight children (85™ percentile<BMI<94"™ percentile), and 110 children with obesity
(BMI>95™ percentile) for their age. Obesity prevalence in our sample was 15.5%, reflective of
the current national prevalence in the United States [2]. Mean BMI differed significantly
between the two home types, with children reared in the birth home having an average age-
adjusted BMI of 20.43 and children reared in the adoptive home having an average age-
adjusted BMI of 19.23 (t = -2.71, df = 302.8, p = 0.007).

The final pPREML models for BMI variance component estimation for middle childhood
pairs and pairs that spanned age groups included child race and home type, while the final
model for adolescent pairs included only home type (birth versus adoptive; Table 3), suggest-
ing that associations of these factors with BMI vary over development. Home type was the only
predictor retained in all models, with adolescent children in a birth home having a 14% higher
BMI on average than adolescent children in an adoptive home (p < 0.001). Birth home was
also associated with a 5% increase in BMI in middle childhood pairs (p = 0.060) and marginally
in sibling pairs that spanned age groups (p = 0.053). Differences among the three racial groups
remained non-significant after Bonferroni correction (o = 0.017). The final model for middle
childhood sibling pairs had a significantly higher log likelihood when both genetic and home
sharing matrices were included, versus an identity matrix (default) as the correlation structure
of the random effect (ALL = 11.40, df = 2, * = 22.83, p < 0.001). Furthermore, a model with a
default correlation structure for the random effect had a lower log likelihood than models with
either the relatedness (ALL = 7.80, df = 1, > = 14.24, p < 0.001) or home-sharing matrix alone
(ALL = 7.10, df = 1, x* = 14.39, p < 0.001). Taken together, these results support the inclusion
of both genetic relatedness and common environmental matrices as non-zero variance compo-
nents in the final model for siblings age 5.0-11.99 [34]. In contrast, there was no evidence that
information about relatedness or home-sharing improved the fit of the final model for BMI in
adolescent sibling pairs (ALL = 0.60, df = 1, x* = 1.26, p = 0.26), suggesting that unique envi-
ronment is a main driver of variation in this group. However, this result should be interpreted
cautiously, as a power analysis revealed that a sample size of 350 adolescent children (here,

n = 200) is required in this model to detect a heritability estimate at least as large as was
detected in middle childhood sibling pairs. Additionally, when we compared model residuals
between the models of middle childhood and adolescent pairs, the Levene’s test for heteroge-
neity of variance revealed no significant difference (test statistic = 0.38, p = 0.54), suggesting
that the genetic variance components did not explain significantly different proportions of var-
iance between these models.

In the model for siblings that spanned the two age groups, inclusion of either the genetic
relatedness (ALL = 0.70, df = 1,* = 0.514, p = 0.474) or the common environmental matrix
(ALL = 0.00, df = 1, x* = 0.038, p = 0.845) did not improve model fit. This model was also
underpowered (required n = 600 children; here, n = 428). We observed the overall variance in
sibling pairwise differences in BMI to be higher in the adolescent and across age group datasets
than the middle childhood group (‘within-family’ variance; varypprg = 0.040, varapor =
0.091, varscross = 0.072). The inverse relationship between within-family variance and power
would require larger sample sizes to detect the diminishing heritable and common environ-
mental effects in older sibling pairs.
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Table 3. Heritability of child body mass index (BMI) by age group.

Middle childhood sibling pairs (n = 260 inds) Estimate (SE)* t-value g-value*
Intercept 16.54 (1.02) 131.03 <0.001
Race®
Caucasian vs African American 1.08 (1.04) 2.05 0.087
Caucasian vs Other 1.07 (1.03) 1.95 0.078
Other vs African American 1.00 (1.04) 0.15 1.000
Home Type (Birth Parent Home)* 1.05 (1.03) 1.89 0.060
Variance Componentsd
'N 0.025 (0.005)
Ve 0.012 (0.004)
Ve 0.003 (0.002)
K= 0.63 (0.11) CI (0.41,0.85) 0.024
2= 0.31 (0.10) CI(0.11,0.51) 0.003
Adolescent sibling pairs (n = 200 inds) Estimate (SE)* t-value g-value*
Intercept 20.73 (1.02) 174.73 <0.001
Home Type (Birth Parent Home)* 1.14 (1.04) 3.78 <0.001
Variance ComponentsCl
Vi 0.011 (0.010)
Ve 0.000 (0.000)
Vi 0.033 (0.010)
W = 0.24 (0.23) CI (-0.21,0.69) 0.240
= 0.00 (0.00) CI (0.00,0.00) 1.000
Sibling pairs across age groups (n = 428 inds) Estimate (SE)* t-value g-value*
Intercept 18.41 (1.01) 195.73 <0.001
Race®
Caucasian vs African American 1.06 (1.03) 1.91 0.087
Caucasian vs Other 1.09 (1.03) 3.58 0.078
Other vs African American 0.97 (1.03) -1.10 0.819
Home Type (Birth Parent Home)® 1.05 (1.02) 2.13 0.053
Variance Componentsd
Va 0.005 (0.008)
Ve 0.000 (0.000)
Vg 0.039 (0.008)
W= 0.12 (0.17) CI (-0.21,0.45) 0.240
2= 0.00 (0.00) CI (0.00,0.00) 1.000

*g-values are the false discovery rate (FDR) adjusted p-values based one 3 non-independent models. Uncorrected fixed effect p-values were estimated using profiled

restricted maximum likelihood models (PREML) while variance component p-values were estimated using permutation tests; o. = 0.05.

*Fixed effect estimates are natural log (In) back-transformed and represent a multiplicative increase in median BMI.

"The reference group for each pairwise comparison among racial groups is listed first. P-values for multiple comparisons among racial groups are compared to a

Bonferroni-corrected alpha level of 0.017.
“Adoptive home is the reference group.

4959% confidence intervals are reported for each h? and c? estimate.

https://doi.org/10.1371/journal.pone.0236261.t003

In middle childhood, we estimated a heritability of 0.63 (SE = 0.11; p = 0.008) for BMI, and
an effect of common environment of 0.31 (SE = 0.10; p < 0.001), with unique environment
(error) contributing little to the explainable variance (0.06). Heritable influences and common
environment did not significantly contribute to variance in BMI in either adolescent siblings
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Fig 1. Pairwise difference in BMI by age group. Boxplots depicting the distribution of observed values of pairwise
differences in BMI among pairs of varying relatedness and home sharing status within each age group. Each point is a
pairwise difference in BMI for a given pair of children in the dataset. In general, differences in BMI were smaller in
related children in the middle childhood group, and in those sharing a home environment.

https://doi.org/10.1371/journal.pone.0236261.g001
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Fig 2. Intraclass correlations for BMI by age group. We observed a general trend of increasing correlation among
BMI estimates of related pairs and those sharing a home in middle childhood sibling pairs. Number of pairs of each
type are reported above each bar and correlations different from zero are marked with an asterisk (p < 0.05).

https://doi.org/10.1371/journal.pone.0236261.g002

or those sibling pairs that spanned age groups, suggesting that unique environment explained
most of the variation in BMI in these age groups (Table 3). Overall, we observed increased sim-
ilarity in BMI in middle childhood among pairs who were genetically related, especially when
reared in the same home (significant intraclass correlations were observed in half siblings

(r = 0.64), full siblings (r = 0.49), and monozygotic twins (r = 0.98) reared together), but

this pattern did not persist into adolescence or in sibling pairs that spanned age groups

(Figs 1 & 2).

Discussion

Using a sibling-adoption design in a large cohort, we were able to confirm the unique influ-
ence of genetics on child BMI, while simultaneously highlighting the potential importance of
the rearing environment for weight status in middle childhood. We obtained significant, non-
zero estimates of both heritable (/%) and common environmentally driven (c?) variance com-
ponents in middle childhood, suggesting important contributions of both genetic and com-
mon environmental factors to childhood obesity risk. The obtained heritability estimate of
0.63 falls toward the lower end of the range for other genetically-informed studies that have
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used more traditional twin methods within similar age groups (e.g., range 0.58-0.89; [8] and is
within the range of estimates previously observed in adoption cohorts [7, 15].

Although the heritability of weight status is found to be high in many twin study popula-
tions, the influence of common environment is often removed during the model selection pro-
cess [8]. Prior studies of genetically related children reared together may thus underestimate
the role of common and unique environment on child BMI, or may include the effects of non-
additive genetic factors in the heritability estimate. Interestingly, this is not the case in previous
adoption cohorts, where meta-analysis reveals a variable but sustained influence of common
environment until age 13 [7], as was also observed in the middle childhood group here. Fur-
ther, there is mounting evidence of the influential role of children’s social and physical envi-
ronments on their learned health behaviors during critical developmental stages [45]. Many of
the factors contributing to health behaviors (e.g., socioeconomic status, parental education,
food insecurity, access to healthy foods, neighborhood safety, familial stress, and parenting
practices; [30, 46] are likely experienced by all children in a home, and would therefore be
absorbed into the common environmental variance for a given health outcome. The impor-
tance of the home rearing environment is further indicated by the differences seen in BMI
between adoptive and birth homes. Aligning with previous work, our results suggest that inter-
vention strategies applied at the level of the family or community context may be effective in
mitigating obesity risk in childhood. For example, parenting programs, often involving home
visits, are particularly effective at reducing the risk of childhood obesity, whether they target
obesity or not [46, 47]. These programs employ ecological or family-systems approaches and
primarily aim to foster more secure parent-child relationships and interactions, while simulta-
neously promoting children’s physical activity and dietary intake at home, at school, and in the
community through programs (e.g., youth sports, Safe Routes to School, federally-subsidized
meals), policies (e.g., nutrition standards for school foods and beverages, required minimum
minutes of Physical Education), and built environmental changes [e.g., installation of cross-
walks and sidewalks, improved parks; 18, 19, 48, 49].

Children also learn health behaviors from role modeling and support provided by those in
their household. For instance, parental dietary intake and physical activity behaviors associate
with a child’s obesity risk throughout early childhood [30, 50]. Additionally, parent physical
activity and support for physical activity, whether emotional (e.g., encouragement) or instru-
mental (e.g., transportation) in nature, are associated with children’s physical activity [30, 50,
51]. Similarly, interventions to promote children’s healthy eating and self-regulation are more
effective when parents are highly involved [49], leading to improved psychological wellness
(e.g., better self-regulation and reduced stress), engagement in healthy behaviors (e.g.,
increased physical activity and reduced caloric intake), and years later, improved weight status
compared to control groups [52, 53].

Our estimate of common environmental influences on BMI during childhood is higher
than those obtained in co-housed twin cohorts of similar ages, where the common environ-
mental variance component is often dropped during model selection [8]. As siblings age, their
environments generally become more dissimilar, shifting more of the explainable variance
from aspects of the common environment to the unique environment component, leading to
instability in variance component estimates in datasets with large age ranges [54]. Here we
have accounted for and modeled this variability by splitting sibling pairs into younger and
older groups based on established, developmentally and culturally relevant age ranges [36, 37].
Interestingly, in the model for adolescent sibling pairs, we did not detect an effect of common
environment, but we did detect a 14% increase in average BMI in adolescents residing in the
birth home. Overall, adoptive families had higher maternal education, higher incomes, and
more supportive parenting styles than birth homes [29], which is consistent with

PLOS ONE | https://doi.org/10.1371/journal.pone.0236261 July 20, 2020 10/15


https://doi.org/10.1371/journal.pone.0236261

PLOS ONE

Genetic and environmental influences on child BMI

environments associated with lower childhood obesity risk [30]. This result, taken with the
influence of the common environment in middle childhood pairs, suggests that the immediate
home environment drives variation in BMI in middle childhood, but broad level differences in
education, socioeconomic status, peer contexts, or parenting style may explain variation in
BMI in adolescence. These environmental factors may also interact with genetic risk of obesity.
For example, higher education is associated with lower obesity levels in individuals at high
genetic risk for obesity compared to those individuals of lower education with similar genetic
risk [55]. Heterogeneity in influences on BMI during different stages in childhood may offer
insight into intervention targets across age classes, focusing more on the immediate home
environment in younger children and shifting to the unique contextual environment during
adolescence. We were underpowered to detect a significant estimate of heritability in the ado-
lescent sibling pairs model and therefore were unable to replicate previous findings of increas-
ing heritable influences on BMI as children age [7-9]. However, previous twin and family
studies do not account for broad differences in households between siblings, since siblings in
these studies are co-reared. Here, household type explained significant differences in median
BMI between adolescent sibling pairs and siblings that span age groups who were not reared
together, suggesting that previous estimates of genetic influences may be inflated by the effects
of co-rearing.

In the current study, we introduced a novel statistical approach for estimating variance
components for human health outcomes. Building upon foundational work in twin and family
designs, we presented a flexible statistical approach amenable to datasets of any relatedness or
home sharing structure. This approach provides a complimentary tool to traditional twin
model approaches which are limited to datasets containing sibling pairs that share both genes
and environments. Conventional twin methods used to study BMI and obesity must assume
that all environmental factors affecting these outcomes are equally correlated for identical and
fraternal twins, an assumption difficult to prove [the equal environments assumption EEA;
56]. Applying these methods in an adoption cohort- where related siblings are reared in differ-
ent environments- partially circumvents the EEA.

Though this adoption study provides a novel contribution to our overall understanding of
the drivers of variation in BMI in children in a Western population, it is not without limita-
tions. Technical limitations of the design include the use of parent-reported height and weight,
the cross-sectional nature of the study, and the geographically and culturally-limited scope of
inference. Though parent-reported height and weight have been demonstrated to be accurate
in this age group [28], medical records are the gold standard source for assessing child health
outcomes. We also detected low power in the adolescent sibling pair and the cross-age models,
which could be improved by repeated measures in this cohort. Though this statistical approach
is appropriate given the varied family structures in our dataset, methodological limitations of
the study design include the possible presence of a violation of the EEA in families with two or
more children, and the inability of this sibling-adoption design to detect non-additive genetic
contributions to BMI. Future research in this study will include additional characterization of
the home environment to add resolution to the home sharing (or home similarity) matrix by
including measurable family and community factors previously identified to contribute to obe-
sity risk (e.g., parent-child relationship quality, parent health behaviors, stress, neighborhood
walkability). This would allow us to further characterize the main drivers of differences in chil-
dren’s BMI across birth and adoptive households, that could serve as potential intervention
targets. We could also examine how heritable predispositions for physical activity and healthy
eating interact with environmental factors, such as parental support and children’s health
behaviors and how these influences might vary geographically and culturally.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236261 July 20, 2020 11/15


https://doi.org/10.1371/journal.pone.0236261

PLOS ONE

Genetic and environmental influences on child BMI

This sibling-adoption design allowed us to estimate the contributions of genetic back-
ground and home environment to child BMI status without confounding genetic relatedness
and home sharing between siblings. In addition to replicating the role of genetic variance
found in prior studies, we obtained a non-zero estimate of common environmental variance,
revealing the importance of common rearing environment in child BMI status in middle
childhood. These results support the importance of childhood intervention strategies aimed
at modifying the family or contextual rearing environment to mitigate obesity risk in
children.

Supporting information

S1 Dataset. BMI and covariate data. This dataset contains measures from deidentified sub-
jects including BMI, sex, race, age, home type, whether each child was reared by a biological
parent and age-grouped model inclusion information (n = 711).

(CSV)

S2 Dataset. Pairwise relatedness matrix. This dataset includes the pairwise pedigree-based
relatedness values for all children in the study (n = 711).
(CSV)

$3 Dataset. Pairwise home sharing matrix. This dataset includes the pairwise home sharing
values for all children in the study (same home = 1, different home = 0; n = 711).
(CSV)

Acknowledgments

We would like to thank the staff of the Early Growth and Development Study and its compan-
ion study, Early Parenting of Children for their help with recruitment and data collection. We
would like to acknowledge the important contributions of Dr. Tasia M. Smith to the earlier
phases of this study, before her untimely passing.

Author Contributions

Conceptualization: Hannah F. Tavalire, Elizabeth L. Budd, Leslie D. Leve.
Data curation: Hannah F. Tavalire.

Formal analysis: Hannah F. Tavalire.

Funding acquisition: Misaki N. Natsuaki, Jenae M. Neiderhiser, David Reiss, Daniel S. Shaw,
Jody M. Ganiban, Leslie D. Leve.

Investigation: Misaki N. Natsuaki, Jenae M. Neiderhiser, David Reiss, Daniel S. Shaw, Jody M.
Ganiban, Leslie D. Leve.

Methodology: Hannah F. Tavalire, Misaki N. Natsuaki, Jenae M. Neiderhiser, David Reiss,
Daniel S. Shaw, Jody M. Ganiban, Leslie D. Leve.

Project administration: Misaki N. Natsuaki, Jenae M. Neiderhiser, David Reiss, Daniel S.
Shaw, Jody M. Ganiban, Leslie D. Leve.

Resources: Misaki N. Natsuaki, Jenae M. Neiderhiser, David Reiss, Daniel S. Shaw, Jody M.
Ganiban, Leslie D. Leve.

Supervision: Elizabeth L. Budd, Misaki N. Natsuaki, Jenae M. Neiderhiser, David Reiss, Jody
M. Ganiban, Leslie D. Leve.

PLOS ONE | https://doi.org/10.1371/journal.pone.0236261 July 20, 2020 12/15


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236261.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236261.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0236261.s003
https://doi.org/10.1371/journal.pone.0236261

PLOS ONE

Genetic and environmental influences on child BMI

Visualization: Hannah F. Tavalire.
Writing - original draft: Hannah F. Tavalire, Elizabeth L. Budd, Leslie D. Leve.
Writing - review & editing: Hannah F. Tavalire, Elizabeth L. Budd, Misaki N. Natsuaki, Jenae

M. Neiderhiser, David Reiss, Daniel S. Shaw, Jody M. Ganiban, Leslie D. Leve.

References

10.

11.

12

13.

14.

15.

16.

17.

The Centers for Disease Control and Prevention (CDC). Childhood Obesity Facts. 2018.

Hales CM, Carroll MD, Fryar CD, Ogden CL. Prevalence of Obesity Among Adults and Youth: United
States, 2015-2016. NCHS Data Brief 2017.

Mohanan S, Tapp H, McWilliams A, Dulin M. Obesity and asthma: Pathophysiology and implications for
diagnosis and management in primary care. Experimental Biology and Medicine. 2014; 239(11):1531—
40. https://doi.org/10.1177/1535370214525302 PMID: 24719380

Lloyd LJ, Langley-Evans SC, McMullen S. Childhood obesity and risk of the adult metabolic syndrome:
a systematic review. International Journal of Obesity. 2012; 36(1):1—11. https://doi.org/10.1038/ijo.
2011.186 PMID: 22041985

Halfon N, Larson K, Slusser W. Associations Between Obesity and Comorbid Mental Health, Develop-
mental, and Physical Health Conditions in a Nationally Representative Sample of US Children Aged 10
to 17. Academic Pediatrics. 2013; 13(1):6—13. https://doi.org/10.1016/j.acap.2012.10.007 PMID:
23200634

Gordon-Larsen P, The NS, Adair LS. Longitudinal Trends in Obesity in the United States From Adoles-
cence to the Third Decade of Life. Obesity. 2010; 18(9):1801—4. https://doi.org/10.1038/0by.2009.451
PMID: 20035278

Silventoinen K, Rokholm B, Kaprio J, Sorensen TA. The genetic and environmental influences on child-
hood obesity: a systematic review of twin and adoption studies. International Journal of Obesity. 2010;
34(1):29-40. https://doi.org/10.1038/ij0.2009.177 PMID: 19752881

Elks C, den Hoed M, Zhao J, Sharp S, Wareham N, Loos R, et al. Variability in the heritability of body
mass index: a systematic review and meta-regression. Frontiers in Endocrinology. 2012; 3(29).

Nan C, Guo BL, Warner C, Fowler T, Barrett T, Boomsma D, et al. Heritability of body mass index in
pre-adolescence, young adulthood and late adulthood. European Journal of Epidemiology. 2012; 27
(4):247-53. https://doi.org/10.1007/s10654-012-9678-6 PMID: 22426805

Silventoinen K, Jelenkovic A, Sund R, Hur YM, Yokoyama Y, Honda C, et al. Genetic and environmental
effects on body mass index from infancy to the onset of adulthood: an individual-based pooled analysis
of 45 twin cohorts participating in the COllaborative project of Development of Anthropometrical mea-
sures in Twins (CODATwins) study. American Journal of Clinical Nutrition. 2016; 104(2):371-9. https:/
doi.org/10.3945/ajcn.116.130252 PMID: 27413137

Cardon LR. Height, Weight, and Obesity. In: DeFries JC, Plomin R, Fulker DW, editors. Nature and Nur-
ture During Middle Childhood: Blackwell Publishing; 1994. p. 165-72.

Haworth CMA, Carnell S, Meaburn EL, Davis OSP, Plomin R, Wardle J. Increasing Heritability of BMI
and Stronger Associations With the FTO Gene Over Childhood. Obesity. 2008; 16(12):2663-8. https://
doi.org/10.1038/0by.2008.434 PMID: 18846049

Wardle J, Carnell S, Haworth CMA, Plomin R. Evidence for a strong genetic influence on childhood adi-
posity despite the force of the obesogenic environment. American Journal of Clinical Nutrition. 2008; 87
(2):398—-404. https://doi.org/10.1093/ajcn/87.2.398 PMID: 18258631

Sorensen TIA, Holst C, Stunkard AJ, Skovgaard LT. Correlations of body-mass index of adult adoptees
and their biological and adoptive relatives. International Journal of Obesity. 1992; 16(3):227-36. PMID:
1317833

Vogler GP, Sorensen TIA, Stunkard AJ, Srinivasan MR, Rao DC. Influences of genes and shared family
environment on adult body-mass index assessed in an adoption study by a comprehensive path model.
International Journal of Obesity. 1995; 19(1):40-5. PMID: 7719389

Stunkard AJ, Harris JR, Pedersen NL, McClearn GE. The body-mass index of twins who have been
reared apart. New England Journal of Medicine. 1990; 322(21):1483-7. https://doi.org/10.1056/
NEJM199005243222102 PMID: 2336075

Raychaudhuri M, Sanyal D. Childhood obesity: Determinants, evaluation, and prevention. Indian Jour-
nal of Endocrinology and Metabolism. 2012; 16:S192—-S4. PMID: 23565376

PLOS ONE | https://doi.org/10.1371/journal.pone.0236261 July 20, 2020 13/15


https://doi.org/10.1177/1535370214525302
http://www.ncbi.nlm.nih.gov/pubmed/24719380
https://doi.org/10.1038/ijo.2011.186
https://doi.org/10.1038/ijo.2011.186
http://www.ncbi.nlm.nih.gov/pubmed/22041985
https://doi.org/10.1016/j.acap.2012.10.007
http://www.ncbi.nlm.nih.gov/pubmed/23200634
https://doi.org/10.1038/oby.2009.451
http://www.ncbi.nlm.nih.gov/pubmed/20035278
https://doi.org/10.1038/ijo.2009.177
http://www.ncbi.nlm.nih.gov/pubmed/19752881
https://doi.org/10.1007/s10654-012-9678-6
http://www.ncbi.nlm.nih.gov/pubmed/22426805
https://doi.org/10.3945/ajcn.116.130252
https://doi.org/10.3945/ajcn.116.130252
http://www.ncbi.nlm.nih.gov/pubmed/27413137
https://doi.org/10.1038/oby.2008.434
https://doi.org/10.1038/oby.2008.434
http://www.ncbi.nlm.nih.gov/pubmed/18846049
https://doi.org/10.1093/ajcn/87.2.398
http://www.ncbi.nlm.nih.gov/pubmed/18258631
http://www.ncbi.nlm.nih.gov/pubmed/1317833
http://www.ncbi.nlm.nih.gov/pubmed/7719389
https://doi.org/10.1056/NEJM199005243222102
https://doi.org/10.1056/NEJM199005243222102
http://www.ncbi.nlm.nih.gov/pubmed/2336075
http://www.ncbi.nlm.nih.gov/pubmed/23565376
https://doi.org/10.1371/journal.pone.0236261

PLOS ONE

Genetic and environmental influences on child BMI

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.
40.

41.

Bleich SN, Segal J, Wu Y, Wilson R, Wang YF. Systematic Review of Community-Based Childhood
Obesity Prevention Studies. Pediatrics. 2013; 132(1):E201-E10. https://doi.org/10.1542/peds.2013-
0886 PMID: 23753099

Golan M. Parents as agents of change in childhood obesity—from research to practice. International
Journal of Pediatric Obesity. 2006; 1(2):66—76. https://doi.org/10.1080/17477160600644272 PMID:
17907317

Eaves LJ, Last KA, Young PA, Martin NG. Model-fitting approaches to the analysis of human-behavior.
Heredity. 1978; 41(DEC):249-320.

Akesson M, Bensch S, Hasselquist D, Tarka M, Hansson B. Estimating Heritabilities and Genetic Corre-
lations: Comparing the ’Animal Model’ with Parent-Offspring Regression Using Data from a Natural
Population. Plos One. 2008; 3(3):10.

Visscher PM, Benyamin B, White I. The use of linear mixed models to estimate variance components
from data on twin pairs by maximum likelihood. Twin Research. 2004; 7(6):670—4. https://doi.org/10.
1375/1369052042663742 PMID: 15607018

Leve LD, Neiderhiser JM, Ganiban JM, Natsuaki MM, Shaw DS, Reiss D. The Early Growth and Devel-
opment Study: A Dual-Family Adoption Study from Birth Through Adolescence. Twin Research and
Human Genetics. 2019:Sep 17:1-2.

Leve LD, Neiderhiser JM, Harold GT, Natsuaki MN, Bohannan BJM, Cresko WA. Naturalistic Experi-
mental Designs as Tools for Understanding the Role of Genes and the Environment in Prevention
Research. Prevention Science. 2018; 19(1):68-78. https://doi.org/10.1007/s11121-017-0746-8 PMID:
28093649

The Centers for Disease Control and Prevention (CDC). A SAS Program for the 2000 CDC Growth
Charts (ages 0 to <20 years). 2016.

Min J, Chiu DT, Wang Y. Variation in the heritability of body mass index based on diverse twin studies:
a systematic review. Obesity Reviews. 2013; 14(11):871-82. https://doi.org/10.1111/0br.12065 PMID:
23980914

The Centers for Disease Control and Prevention (CDC). 2000 CDC Growth Charts for the United
States: Methods and Development. Vital and Health Statistics 2002.

Goodman E, Hinden BR, Khandelwal S. Accuracy of teen and parental reports of obesity and body
mass index. Pediatrics. 2000; 106(1):52-8.

Natsuaki N. M, Neiderhiser JM, Harold GT, Shaw DS, Reiss D, et al. Siblings reared apart: A sibling
comparison study on rearing environment differences. Developmental Psychology. 2019; 55(6):1182—
1190. https://doi.org/10.1037/dev0000710 PMID: 30816723

Patrick H, Nicklas TA. A review of family and social determinants of children’s eating patterns and diet
quality. Journal of the American College of Nutrition. 2005; 24(2):83-92. https://doi.org/10.1080/
07315724.2005.10719448 PMID: 15798074

Plomin R, DeFries JC, Loehlin JC. Genotype—environment interaction and correlation in the analysis of
human behavior. Psychological Bulletin. 1977; 84:309-22. PMID: 557211

Goldsmith HH. A zygosity questionnaire for young twins- a research note. Behavior Genetics. 1991; 21
(3):257-69. https://doi.org/10.1007/BF01065819 PMID: 1863259

Qu L. varComp: Variance Component Models. 0.2 ed: CRAN; 2017.

Tavalire H, Beechler B, Buss P, Gorsich E, Hoal E, le Roex N, et al. Context-dependent costs and bene-
fits of tuberculosis resistance traits in a wild mammalian host. Ecology and Evolution. 2018; 8(24):
12712-12726. https://doi.org/10.1002/ece3.4699 PMID: 30619576

Williams JT, Blangero J. Comparison of variance components and sibpair-based approaches to quanti-
tative trait linkage analysis in unselected samples. Genetic Epidemiology. 1999; 16(2):113-34. https://
doi.org/10.1002/(SICI)1098-2272(1999)16:2<113::AID-GEPI1>3.0.CO;2-6 PMID: 10030396

Thompson JL, Nelson AJ. Middle Childhood and Modern Human Origins. Human Nature-an Interdisci-
plinary Biosocial Perspective. 2011; 22(3):249-80.

Jaworska N, MacQueen G. Adolescence as a unique developmental period. Journal of Psychiatry &
Neuroscience. 2015; 40(5):291-3.

Benjamini Y, Hochberg Y. Controlling the false discovery rate- a practical and powerful approach to mul-
tiple testing. Journal of the Royal Statistical Society Series B-Methodological. 1995; 57(1):289-300.

Barton K. MuMIn: Multi-Model Inference. R package version 1.42.1.2018.

Zeileis A, Hothorn T. Diagnostic Checking in Regression Relationships. URL https://CRAN.R-project.
org/doc/Rnews/ ed: R News; 2002. p. 7-10.

Zhao JH. gap: Genetic analysis package. Journal of Statistical Software. 2007; 23(8).

PLOS ONE | https://doi.org/10.1371/journal.pone.0236261 July 20, 2020 14/15


https://doi.org/10.1542/peds.2013-0886
https://doi.org/10.1542/peds.2013-0886
http://www.ncbi.nlm.nih.gov/pubmed/23753099
https://doi.org/10.1080/17477160600644272
http://www.ncbi.nlm.nih.gov/pubmed/17907317
https://doi.org/10.1375/1369052042663742
https://doi.org/10.1375/1369052042663742
http://www.ncbi.nlm.nih.gov/pubmed/15607018
https://doi.org/10.1007/s11121-017-0746-8
http://www.ncbi.nlm.nih.gov/pubmed/28093649
https://doi.org/10.1111/obr.12065
http://www.ncbi.nlm.nih.gov/pubmed/23980914
https://doi.org/10.1037/dev0000710
http://www.ncbi.nlm.nih.gov/pubmed/30816723
https://doi.org/10.1080/07315724.2005.10719448
https://doi.org/10.1080/07315724.2005.10719448
http://www.ncbi.nlm.nih.gov/pubmed/15798074
http://www.ncbi.nlm.nih.gov/pubmed/557211
https://doi.org/10.1007/BF01065819
http://www.ncbi.nlm.nih.gov/pubmed/1863259
https://doi.org/10.1002/ece3.4699
http://www.ncbi.nlm.nih.gov/pubmed/30619576
https://doi.org/10.1002/(SICI)1098-2272(1999)16:2<113::AID-GEPI1>3.0.CO;2-6
https://doi.org/10.1002/(SICI)1098-2272(1999)16:2<113::AID-GEPI1>3.0.CO;2-6
http://www.ncbi.nlm.nih.gov/pubmed/10030396
https://CRAN.R-project.org/doc/Rnews/
https://CRAN.R-project.org/doc/Rnews/
https://doi.org/10.1371/journal.pone.0236261

PLOS ONE

Genetic and environmental influences on child BMI

42,

43.
44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Hui W, Gel YR, Gastwirth JL. lawstat: An R Package for Law, Public Policy and Biostatistics. Journal of
Statistical Software. 2008; 28(3):1-26.

Ludecke D. sjstats: Statistical Functions for Regression Models (Version 0.17.4). 2019

Team RC. R: A language and environment for statistical computing. Vienna, Austria: R Foundation for
Statistical Computing; 2016.

Blum RWM. Healthy youth development as a model for youth health promotion—A review. Journal of
Adolescent Health. 1998; 22(5):368-75. https://doi.org/10.1016/s1054-139x(97)00261-9 PMID:
9589337

Brotman LM, Dawson-McClure S, Huang KY, Theise R, Kamboukos D, Wang J, et al. Early Childhood
Family Intervention and Long-term Obesity Prevention Among High-risk Minority Youth. Pediatrics.
2012; 129(3):E621-E8. https://doi.org/10.1542/peds.2011-1568 PMID: 22311988

Smith JD, Montano Z, Dishion TJ, Shaw DS, Wilson MN. Preventing Weight Gain and Obesity: Indirect
Effects of the Family Check-Up in Early Childhood. Prevention Science. 2015; 16(3):408-19. https://
doi.org/10.1007/s11121-014-0505-z PMID: 25263212

Kelishadi R, Azizi-Soleiman F. Controlling childhood obesity: A systematic review on strategies and
challenges. Journal of Research in Medical Sciences. 2014; 19(10):993—-1008. PMID: 25538786

Hingle MD, O’Connor TM, Dave JM, Baranowski T. Parental involvement in interventions to improve
child dietary intake: A systematic review. Preventive Medicine. 2010; 51(2):103—11. https://doi.org/10.
1016/j.ypmed.2010.04.014 PMID: 20462509

Davison KK, Francis LA, Birch LL. Reexamining obesigenic families: Parents’ obesity-related behaviors
predict girls’ change in BMI. Obesity Research. 2005; 13(11):1980-90. https://doi.org/10.1038/oby.
2005.243 PMID: 16339130

Heredia NI, Ranijit N, Warren JL, Evans AE. Association of parental social support with energy balance-
related behaviors in low-income and ethnically diverse children: a cross-sectional study. Bmc Public
Health. 2016; 16.

Olds DL, Sadler L, Kitzman H. Programs for parents of infants and toddlers: recent evidence from ran-
domized trials. Journal of Child Psychology and Psychiatry. 2007; 48(3—4):355-91. https://doi.org/10.
1111/j.1469-7610.2006.01702.x PMID: 17355402

Garner AS. Home Visiting and the Biology of Toxic Stress: Opportunities to Address Early Childhood
Adversity. Pediatrics. 2013; 132:S65—-S73. https://doi.org/10.1542/peds.2013-1021D PMID: 24187125

Burt SA. Rethinking Environmental Contributions to Child and Adolescent Psychopathology: A Meta-
Analysis of Shared Environmental Influences. Psychological Bulletin. 2009; 135(4):608-37. https://doi.
org/10.1037/a0015702 PMID: 19586164

Barcellos SH, Carvalho LS, Turley P. Education can reduce health differences related to genetic risk of
obesity. Proceedings of the National Academy of Sciences of the United States of America. 2018; 115
(42):E9765-E72. https:/doi.org/10.1073/pnas. 1802909115 PMID: 30279179

Scarr S, Cartersaltzman L. Twin method- defense of a critical assumption. Behavior Genetics. 1979; 9
(6):527—42. https://doi.org/10.1007/BF01067349 PMID: 263638

PLOS ONE | https://doi.org/10.1371/journal.pone.0236261 July 20, 2020 15/15


https://doi.org/10.1016/s1054-139x(97)00261-9
http://www.ncbi.nlm.nih.gov/pubmed/9589337
https://doi.org/10.1542/peds.2011-1568
http://www.ncbi.nlm.nih.gov/pubmed/22311988
https://doi.org/10.1007/s11121-014-0505-z
https://doi.org/10.1007/s11121-014-0505-z
http://www.ncbi.nlm.nih.gov/pubmed/25263212
http://www.ncbi.nlm.nih.gov/pubmed/25538786
https://doi.org/10.1016/j.ypmed.2010.04.014
https://doi.org/10.1016/j.ypmed.2010.04.014
http://www.ncbi.nlm.nih.gov/pubmed/20462509
https://doi.org/10.1038/oby.2005.243
https://doi.org/10.1038/oby.2005.243
http://www.ncbi.nlm.nih.gov/pubmed/16339130
https://doi.org/10.1111/j.1469-7610.2006.01702.x
https://doi.org/10.1111/j.1469-7610.2006.01702.x
http://www.ncbi.nlm.nih.gov/pubmed/17355402
https://doi.org/10.1542/peds.2013-1021D
http://www.ncbi.nlm.nih.gov/pubmed/24187125
https://doi.org/10.1037/a0015702
https://doi.org/10.1037/a0015702
http://www.ncbi.nlm.nih.gov/pubmed/19586164
https://doi.org/10.1073/pnas.1802909115
http://www.ncbi.nlm.nih.gov/pubmed/30279179
https://doi.org/10.1007/BF01067349
http://www.ncbi.nlm.nih.gov/pubmed/263638
https://doi.org/10.1371/journal.pone.0236261

