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OBJECTIVE: The present study tested the interactive effects of childhood adversity and polygenic risk scores for waist
circumference (PRS-WC) on waist circumference (WC). Consistent with a diathesis-stress model, we hypothesize that the
relationship between PRS-WC and WC will be magniﬁed by increasing levels of childhood adversity.
METHODS: Observational study of 7976 adults (6347 European Americans and 1629 African Americans) in the Health and
Retirement Study with genotyped data. PRS-WC were calculated by the HRS administrative core using the weighted sum of risk
alleles based on a genome-wide association study conducted by the Genetic Investigation of Anthropometric Traits (GIANT)
consortium. Childhood adversity was operationalized using a sum score of three traumatic events that occurred before the age of
18 years.
RESULTS: There was a statistically signiﬁcant interaction between PRS-WC and childhood adversity for European Americans,
whereby the magnitude of PRS-WC predicting WC increased as the number of adverse events increased.
CONCLUSIONS: This study supports the idea of the interactive effects of genetic risks and childhood adversity on obesity. More
epidemiological studies, particularly with understudied populations, are needed to better understand the roles that genetics and
childhood adversity play on the development and progression of obesity.
International Journal of Obesity; https://doi.org/10.1038/s41366-022-01191-3

THE WEIGHT OF CHILDHOOD ADVERSITY: THE ROLE OF
GENETIC RISK IN WAIST CIRCUMFERENCE IN ADULTHOOD
Obesity increases the risk of many of the leading causes of
morbidity—including cardiovascular disease, type 2 diabetes, and
certain cancer types—and mortality in the US [1–3]. Currently, 4
out of 10 adults have obesity, with disproportionately high
prevalence among middle-aged and older adults [4]. The public
health and economic costs associated with obesity will continue
to rise as studies project that 1 out of 2 adults will have obesity by
2030 [5–9].
Obesity is a multifactorial disorder that is caused by complex
interactions between multiple genetic and environmental factors
[3, 10–12]. Childhood adversity is an environmental factor that
has been implicated as a risk factor for the development of
obesity in adulthood. For example, a meta-analysis of 41 studies
(190,285 participants) revealed that childhood adversity was
associated with elevated risk of developing obesity over the life
course [13]. Childhood adversity increases the risk of obesityrelated behaviors and undermines the body’s physiologic and
biological response to environmental demands, leading to
multisystem physiological dysregulation that, in turn, increases

the risk of obesity [13–15]. Adversity in early life, particularly
infancy and early childhood, is more pernicious than in later
stages as humans are most vulnerable and reliant on external
security and support [16]. However, not every individual exposed
to the same adversity will have equal risk of developing obesity
[17–19]. A diathesis-stress hypothesis suggest that those with
higher genetic risks are more susceptible to the obesogenic
effects of stressors like childhood adversity [18, 20]. Nevertheless,
the interplay between childhood adversity, genetic risk, and
obesity remains unclear.
Genome-wide association studies have quantiﬁed the association between millions of single nucleotide polymorphisms (SNPs)
and waist circumference in large sample cohorts [21–23]. While no
one individual SNP accounts for a large proportion of variation,
the aggregate of SNPs associated with WC is predictive of WC
[21, 23–25]. Polygenic scores combine the effects of multiple SNPs
into a single weighted score, such that variants that are robustly
associated with the phenotype (i.e., above a chosen threshold of
statistical signiﬁcance) are included in the polygenic score (PRS)
[26]. Thus, PRSs serve as a valuable tool for disease prediction and
discovering interactions with environmental risk factors, providing
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a broad-band marker of molecular genetic risk for a “target”
phenotype [27].
As BMI is perhaps the most commonly used measure of
adiposity to identify adults at increased risk of overweight- and
obesity-related morbidity and mortality [28–30], GWAS have
predominantly used this common phenotype to understand the
molecular etiology of obesity with the goal of improving
diagnostic precision [31]. However, BMI alone is unable to
comprehensively capture information about total body fat or fat
distribution patterns. Moreover, regional distribution of body fat
can differ across individuals with different BMI [32]. The
measurement of waist circumference (WC), thus, serves as an
enhanced tool for studying obesity as it estimates visceral fat
around the abdomen and serves as a reliable predictor of
obesity-related morbidity and mortality above and beyond
BMI [33–37].
With the growing number of WC-associated SNPs that have
been identiﬁed in genome-wide association studies [38], there is
an opportunity to better understand the potential interaction of
polygenic risk scores for waist circumference (PRS-WC) and
childhood adversity in predicting WC in adulthood. The present
study focuses on understanding the combined and interactive
effects of childhood adversity and PRS-WC using data from the
Health and Retirement Study (HRS). A better understanding of
these potential gene-environment interactions has the potential
to serve as a valuable resource for precision medicine and
preventive measures that seek to reduce the obesogenic burden
of childhood adversity.

the GWAS meta-analysis; For African Americans, the polygenic score
contained 776,945 overlapping SNPs.
HRS released PRSs for both the European ancestry and African ancestry
groups, separately. The ﬁrst ﬁve Ancestry-speciﬁc principal components
were used as covariates in multiple regressions to account for population
structure. All the PRSs were standardized to a normal curve (mean = 0,
standard deviation = 1) within ancestry. The SNP weights that were
developed from the European GWAS were applied to the African ancestry
PRS. Consequently, the PRS of Black participants do not have the same
predictive capacity as that of participants with predominately European
ancestry. Therefore, all analyses were stratiﬁed by race.
Childhood adversity. Childhood adversity was measured using three items
that asked whether traumatic events occurred before the age of 18 years.
The events included having trouble with the police (n = 347 [7%] for
European Americans, n = 120 [10%] for African Americans), parental
alcohol or drug use that caused family problems (n = 921 [16%] for
European Americans, n = 251 [19%] for African Americans), and physical
abuse by any parent (n = 414 [7%] for European Americans, n = 96 [7%] for
African Americans). Participants provided “Yes” = 1 or “No” = 0 responses
to each event, with sum composites ranging from 0 to 3 indicating the
number of adverse events that occurred before the age of 18 years (see
Table 1).
Covariates. Chronological age (in years), birth cohort (born before 1924),
and biological sex as determined by genotype were included as covariates.
Self-reported education was also included as a covariate because
childhood adversity and genetic risk for obesity are associated with
midlife educational attainment [42–44].

Data analytic procedures
METHOD
Sample
The present study analyzed data from the HRS. Information regarding
participant recruitment, study design, and data collection can be found
elsewhere [39, 40]. HRS implemented a cross-sequential design using
stratiﬁed random sampling, with a focus on over-sampling African
Americans. The present study utilized data from participants with selfreported and genotyped data from 2006 to 2014 (n = 7976).

Measures
Measures of waist circumference. HRS interviewers measured participants’
WC in centimeters using a tape measure that was placed around the
participant’s waist, right above the iliac crest.
Polygenic risk scores. HRS staff calculated PRSs for WC using summary
statistics from studies conducted by the Genetic Investigation of
Anthropometric Traits (GIANT) consortium [23, 41]. As reported in the
HRS study documentation, ~2.4 million SNPs were measured using the
llumina HumanOmni2.5 BeadChips. Data from participants with missing
call rates >2%, SNPs with call rates <0.0001, chromosomal anomalies, and
ﬁrst-degree relatives were discarded from the sample. Imputation was
performed using IMPUTE2 to the 1000 Genomes Project cosmopolitan
reference panel phase 3 version 5, with phasing performed using
SHAPEIT2. In total, ~21 million SNPs were imputed from the original
1,905,968 SNPs that were genotyped and passed screening criteria. More
information can be found online via the HRS documentation, including
quality control and imputations reports [38].
The HRS administrative core investigated the inﬂuence of different
factors when calculating polygenic risk scores, including whether to use
imputed SNPs, the criteria for selecting SNPs, and whether and how to
account for linkage disequilibrium (clumping vs. pruning). Tests of
predictive validity across different analytic routines indicated that neither
clumping, pruning, nor p value thresholding increased the percent of
phenotypic variance explained (ΔR2) by the polygenic scores. Consequently, polygenic scores were made publicly available that include all
SNPs (p value = 1) that overlap between the GWAS meta-analysis and the
HRS genetic data. The GWAS meta-analysis from which SNP weights were
obtained to calculate the polygenic score for waist circumference included
142,762 participants from 57 studies using 2,507,022 SNPs. For European
Americans in the HRS, the polygenic score for waist circumference
included 778,121 SNPs that overlapped between the genotype data and

Data was imported into R Studio version 1.2.5003; The following packages
were used to conduct inferential analyses and plot results: “mice”, “lmtest”,
“sandwich”, “interactions”, and “ggplot2”. Data analytic procedures
consisted in several steps, and all analyses were conducted separately
for White/European Americans and Black/African Americans, as recommended in the HRS study documentation for a polygenic risk score
analysis. First, descriptive statistics were calculated, parametric and nonparametric zero-order correlations were estimated, and sex differences
were examined.
Next, one main effects model and one interaction model were
estimated. Speciﬁcally, multiple linear regressions were estimated with
robust standard errors to test the main effects of study variables on
waist circumference and whether the polygenic score for WC was
moderated by childhood adversity, controlling for demographic factors
(age, sex, level of education, and birth cohort) and the ﬁrst ﬁve genetic
principal components. In these models, product terms between PRS and
demographic factors (PRS × Age, PRS × Gender, PRS × Cohort1914, PRS ×
Education2, PRS × Education3 … PRS × Education8), between childhood
adversity and demographic factors (Adversity × Age, Adversity × Gender, Adversity × Cohort1914, Adversity × Education2, Adversity × Education3 … Adversity × Education8), and between the ﬁrst ﬁve genetic
principal components and PRS, childhood adversity, and demographic
factors (PC1–5 × PRS, PC1–5 × Adversity, PC1–5 × Age, PC1–5 × Gender,
PC1–5 × Education2,
PC1–5 × Education3
…
PC1–5 × Cohort1924,
PC1–5 × Education8) were included as predictors of WC. All main and
interaction effects were estimated simultaneously, such that regression
coefﬁcients predicting WC were adjusted for the presence of the other
interaction terms in the model. Age was mean-centered, and sex
(Male = 0, Female = 1), birth cohort (born after 1924 = 0, born before
1924 = 1), and levels of education were dummy coded (Not completed = 0, Completed = 1, with “did not graduate from high school”
serving as the reference group) prior to computing interaction terms.
Listwise deletion was initially used for missing data, but Little’s test
indicated that the data were not MCAR (χ2 = 82.70, df = 32, p < 0.001).
Consequently, using the “mice” package in R, we conducted multiple
imputation as a sensitivity analysis under an assumption of MAR.
Speciﬁcally, we created 50 imputations for missing data by chained
equations using fully conditional speciﬁcation. We then ﬁt the main effects
and gene-by-environment interaction models on each imputed dataset
and pooled the estimates from each model by Rubin’s rules [45]. Results
are reported in the supplement (Tables S1, S2) and noted in the results
when ﬁndings were discrepant with listwise deletion.
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1.00
3 events: 12 (1%)

−0.01
0.03
−0.02

2 events: 69 (5%)

−0.13

Pearson’s correlations are reported below the diagonal and Kendall’s tau are reported above the diagonal.
n sample size, M mean, Med median, SD standard deviation, Min. minimum value, Max. maximum value.

3.00
0.00
0.60

1 event: 269 (20%)

0.00
0.31
1487
Childhood adversity (ADV)

None: 1029 (75%)

0.98
1629

Childhood adversity (ADV)

0.03

0.00
1.00
0.12
−0.04
−0.02
3.91

−0.02

Polygenic risk score (PRS)

0.01

−0.01

−3.52

0.08
0.02
6.60
1500
Waist circumference (WC)

40.89

40.00

25.00

74.00

−0.08

1.00

−0.07
−0.01

−0.03
0.01
1.00

−0.03
−0.10
1.00

−0.18

100.00

8.00
1.00

27.00
10.29

1.75
3.00

57.00

1629

60.11
1629
Age

Education (EDU)

African Americans

3.34

1.00
3 events: 53(1%)

0.05
0.05
−0.05

2 events: 292 (5%)

−0.23
3.00
0.00

1 event: 1149 (20%)

0.61
0.00
0.32

None: 4380 (75%)

6198
Childhood adversity (ADV)

0.04
6347

Childhood adversity (ADV)

0.03

0.04
1.00
0.21
−0.08
−0.05
3.53
−4.23

−0.03

Polygenic risk score (PRS)

−0.01

1.01

0.14
−0.08
6007
Waist circumference (WC)

39.00

6347

39.44

6.20

20.50

73.50

−0.08

1.00

−0.03

−0.05
−0.06
1.00

−0.03
−0.13
1.00

−0.20

101.00

8.00
1.00

32.00
60.00
6347
Age

Education (EDU)

65.02

1.80

13.34

Min.
SD
Med
M
n
European Americans

4.00

PRS
WC
EDU
Age
Max.

Parametric and non-parametric correlations
Descriptive statistics

Descriptive statistics, parametric, and non-parametric correlations stratiﬁed by race/ethnicity.

Table 1.

4.12

ADV

−0.18
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RESULTS
Approximately 59% of the sample was female (41% male), and
approximately 81% non-Hispanic White/European American (19%
of the sample was non-Hispanic Black/African American). The
average age of participants was approximately 64 years.
Approximately 12% of participants did not graduate from high
school, 4% obtained a general education diploma (GED), 29% a
high school diploma, 21% attended some college, 7% obtained an
associate’s or technical degree, 17% a bachelor’s degree, 8% a
master’s degree, and <2% a J.D., M.D., or Ph.D. For multiple
regressions, the two highest categories of educational attainment
(Master’s and J.D., M.D., or Ph.D.) were combined for Black/African
Americans to ensure adequate coverage for inferential analyses
because only two participants reported having obtained a J.D.,
M.D., or Ph.D. Descriptive statistics and zero-order correlations
stratiﬁed by race/ethnicity are reported in Table 1, and sex
differences are reported in Table 2.
For White/European Americans, age was negatively correlated
with educational attainment (r = −0.20 [−0.23, −0.18], τ = −0.13,
p < 0.001) and childhood adversity (r = −0.23 [−0.25, −0.21],
τ = −0.18, p < 0.001). There was also a small, negative correlation
between educational attainment and average waist circumference
(r = −0.08 [−0.10, −0.05], τ = −0.06, p < 0.001), and between
educational attainment and the polygenic score for waist circumference (r = −0.08 [−0.11, −0.05], τ = −0.05, p < 0.001). Finally,
average waist circumference was positively correlated with the
polygenic risk score for larger waist circumference (r = 0.21 [0.18,
0.23], τ = 0.14, p < 0.001). A similar pattern of zero-order correlations
emerged for Black/African Americans albeit smaller in magnitude;
Age was negatively correlated with educational attainment
(r = −0.16 [−0.21, −0.11], τ = −0.08, p < 0.001) and childhood
adversity (r = −0.13 [−0.18, −0.07], τ = −0.06, p = 0.003), and
average waist circumference was positively correlated with the
polygenic risk score for larger waist circumference (r = 0.13 [0.07,
0.18], τ = 0.08, p < 0.001). However, correlations between educational attainment and average waist circumference, and between
educational attainment and the polygenic score for waist circumference were not statistically signiﬁcant (p > 0.05; see Table 1). For
European Americans, there were sex differences for all variables,
except for PRS-WC. For African Americans, there were no sex
differences, except for childhood adversity (see Table 2).
Unstandardized coefﬁcients, 95% conﬁdence intervals, and pvalues from multiple regressions are reported in Tables 3, 4.
Coefﬁcients of determination (R2) indicate the percent of variation
in waist circumference explained collectively by all predictors in
the model. First, the polygenic risk score for waist circumference
predicted larger waist circumference for European Americans,
such that a standard deviation increase in polygenic liability was
associated with a 1.47 cm increase in WC (95% CI = 1.31, 1.64,
R2 = 0.043). There was also a statistically signiﬁcant interaction
between PRS-WC and childhood adversity for European Americans, such that the magnitude of polygenic effects on waist
circumference increased as the number of adverse events
increased. Put differently, adults with the highest predicted waist
circumference were those with high polygenic risk scores for WC
who also reported the occurrence of all three adverse events. A
scatter plot of WC (y-axis) and PRS-WC (x-axis) with slopes of the
PRS-WC predicting WC at different levels of childhood diversity is
depicted in Fig. 1 (left panel), along with 95% conﬁdence intervals
for slopes (right panel). This gene-by-environment interaction was
statistically signiﬁcant, irrespective of whether listwise deletion
(b = 0.32, SE = 0.14, p = 0.028) or multiple imputation (b = 0.32,
SE = 0.14, p = 0.026) was used for missing data.
In contrast to the gene-by-adversity interaction observed for
White/European adults, the effects of adversity and PRS were not
signiﬁcantly moderated by each other or by sociodemographic
factors (p > 0.05) for Black/African Americans (see Table 4), with
the exception of the age-by-adversity interaction and cohort-by-
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Table 2.

Sex differences stratiﬁed by race/ethnicity.
Female

Male

d

Lower 95%

Upper 95%

65.54

64.31

3.98

4.30

−0.09

−0.14

−0.04

0.18

0.13

37.89

0.23

41.56

0.62

0.56

0.67

Polygenic risk
score (PRS)

0.00

−0.03

−0.03

−0.08

0.02

Childhood
adversity (ADV)

0.29

0.36

0.12

0.07

0.17

60.15

60.04

−0.01

−0.11

0.09

3.40

3.25

−0.09

−0.19

0.01

41.00

40.71

−0.04

−0.15

0.06

Polygenic risk
score (PRS)

0.01

0.00

−0.02

−0.12

0.08

Childhood
adversity (ADV)

0.25

0.40

0.25

0.14

0.36

European Americans
Age
Education (EDU)
Waist
circumference (WC)

African Americans
Age
Education (EDU)
Waist
circumference (WC)

Means reported for female and male participants.
d standardized mean difference, Lower and Upper 95% 95% conﬁdence interval for Cohen’s d.

adversity interaction. However, the age-by-adversity interaction
(b = 0.09, SE = 0.05, p = 0.078) and cohort-by-adversity interaction
(b = −4.42, SE = 2.89, p = 0.126) were not statistically signiﬁcant
when multiple imputation was used for missing data. Also, fewer
main effects emerged in the Black/African American sample. The
PRS-WC predicted larger waist circumference, such that a standard
deviation increase in polygenic liability was associated with a
0.88 cm (95% CI = 0.52, 1.24, R2 = 0.016) increase in WC, but all
other main effects were not statistically signiﬁcant (p > 0.05).
DISCUSSION
Our study examined the interaction effect of childhood adversity
and PRS-WC in a large multiracial sample of middle-aged and
older adults. There was evidence of an interaction between PRSWC and childhood adversity on WC for White/European American
participants. In other words, the association between polygenic
risk and WC was greater for those who reported having
experienced more adverse events in childhood, a fan-shaped
interaction effect that is broadly consistent with a diathesis-stress
model. However, we did not observe an interaction between the
PRS-WC and childhood adversity for African American participants.
Childhood adversity is an insidious health determinant that
contributes to early mortality and a wide range of chronic
conditions [46]. There is overwhelming evidence that early life
trauma increases the risk of obesity [13, 46, 47]. Nevertheless, the
diathesis-stress hypothesis suggests that people with greater
genetic liability are more susceptible to the adverse effects of
stress. We found that childhood adversity had a “fan-shaped”
interaction with polygenic liability; thus, consistent with a putative
moderation effect within a diathesis-stress framework [48]. We did
not fully test for the differential susceptibility hypothesis, often
viewed as an alternative to the diathesis-stress hypothesis. The
differential susceptibility hypothesis suggests that individuals
most sensitive to adversity, are also most likely to beneﬁt from
supportive environments [49]. For example, Dalle Mole[20] ﬁnds
that mother-child relationship and individual traits (e.g., personality traits) are important modiﬁers that interact with gene variants
to either exacerbate or improve BMI. Similarly, protective factors
(e.g., positive neighborhood context, maternal nurturance) have

been shown to buffer the effects of early life adversity on health
outcomes [50–52]. The present study measured the presence of
childhood adversity but did not account for protective factors or
positive social environments (e.g., parenting style, social support,
neighborhood resources) that can mitigate the deleterious effects
of childhood adversity, and, therefore, provide support for
differential susceptibility. Future research should examine a wider
range of adverse and favorable psychosocial factors that likely
play a role in linking polygenic and environmental risk to obesity.
We did not ﬁnd an interaction effect between PRS-WC and
childhood adversity for African Americans. This is not surprising as
the calculations of the polygenic scores depend on the estimated
effects of SNPs obtained from GWAS, which have been based
almost exclusively on populations of European descent
[23, 25, 53, 54]. Therefore, the predictive validity of polygenic
scores will generally be weaker for Black respondents, as we
observed here. Because Black children are exposed to more
adversities than White children, there is an urgent need to expand
GWAS efforts in non-European populations to improve our
understanding of the interrelationship between childhood adversity, genetics, and racial obesity disparities [55, 56].
The lack of a signiﬁcant main effect of childhood adversity in
present study for both European and African Americans was
unexpected. Recall and selection biases of early life adversity may
play a role in these ﬁndings [57]. Although results of the present
study are consistent with deleterious genetic effects being
magniﬁed in an adverse environment, results are inconsistent
with an environmental effect (i.e., childhood adversity) increasing
in magnitude across individual differences in genetic liability, as
the slope of childhood adversity predicting waist circumference
was not signiﬁcantly greater than zero across the observed range
of polygenic lability in waist circumference captured by polygenic
scores. This might be due to the limited number of adverse
childhood experiences recorded in the study. Future research
should consider a wider range of early life adverse events to
improve the characterization between childhood adversity and
obesity. Moreover, future research should replicate and extend the
study ﬁndings using different age groups, with particular focus on
youth for which the effects of early childhood adversity on body
composition may be more salient.
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−1.11
−1.08

−0.36
−0.05

Master’s × PRS-WC

JD/MD/Ph.D. × PRS-WC

0.154

0.99

−1.20
−0.77

−0.33
−0.09

Associate’s × PRS-WC

Bachelor’s × PRS-WC

0.42

1.22

0.169

0.028

0.253

0.529

0.029

0.240

0.754

0.314

0.571

0.826

0.487

0.932

0.351

0.797

0.464

0.141

0.515

0.214

0.157

0.077

0.464

0.043

0.503

<0.001

0.364

0.960

0.840

0.894

0.533

<0.001

<0.001

<0.001

<0.001

0.158

0.025

0.678

0.117

<0.001

0.018

<0.001

p

Interaction terms between study variables and the ﬁrst ﬁve genetic principal components were included in the interaction model but omitted to ease presentation. Listwise deletion was used for missing data.
Results using multiple imputation for missing data are reported in the Supplementary Information.
b unstandardized regression coefﬁcient, SE robust standard error, Lower and Upper 95% 95% Wald conﬁdence intervals, p probability of the observed association if the null hypothesis is true.

Model R2

2.55
0.61

Birth cohort × adversity

PRS-WC × adversity

0.03

−0.67
0.94
0.32

Birth cohort × PRS-WC

4.74
0.39

0.25
−0.77

2.49
−0.19

JD/MD/Ph.D. × adversity

0.47

−0.88
−1.89

0.17
−0.71

Bachelor’s × adversity

Master’s × adversity

0.71
1.87

0.63

−1.28

−0.29

Some college × adversity

Associate’s × adversity

−0.60

1.69
1.05

−0.81
−0.84

0.44
0.11

GED × adversity

HS graduate × adversity

0.39

0.59

0.55

0.16

−0.84
−1.15

−0.21
−0.49

HS graduate × PRS-WC

0.36

Some college × PRS-WC

−0.14
−1.62

0.90

GED × PRS-WC

0.38

Gender × adversity

−0.63

0.02
0.62

−0.04
−0.03
0.30

−0.00

−0.01

2.08
0.59

Age × adversity

0.87

35.82

64.01

48.90

Gender × PRS-WC

1.48

−97.68

−60.84

−60.10

54.11

41.12

−0.48

−1.45

−1.13

−0.80

0.24

−0.10

0.51

0.23

−3.56

−0.01

43.14

Upper 95%

−0.03

Age × PRS−WC

0.922

<0.001

−30.93

1.59

−5.60

−61.96

−3.93

−1.59
−79.43

−19.16

−1.04

−3.72

−2.7

−2.59

−2.17

−1.92

−1.50

−1.45

−0.78

−2.02

−4.23

−1.49

−0.63

−0.77

−0.14

−0.90

−3.90

−0.04

41.93

Lower 95%

−0.02

1.64
0.28

1.31
−0.25

42.53
−0.02

b

Including interaction effects

−1.20

0.01

<0.001

0.325

0.422

<0.001

0.014

0.002

<0.001

<0.001

<0.001

0.251

0.002

0.514

0.154

<0.001

0.005

<0.001

p

−0.31

1.47

−71.56

−53.69

PRS—waist circumference

22.31

−7.40

7.46

Adversity

22.92

−9.61
−35.83

42.46

−4.12

−0.30

−1.06

−1.50

−0.96

0.32

−0.34

0.38

0.26

−3.53

−0.01

43.12

Upper 95%

13.02

Genetic PC5

Birth Cohort (before 1924)

Genetic PC4

−3.13

−2.09

JD/MD/Ph.D.

6.66

−2.89

−2.19

Genetic PC3

−2.19

−1.57

Bachelor’s

Master’s

27.74

−1.23

−0.46

Associates/Technical

Genetic PC2

−1.54

−0.94

Some college

−1.32

−0.76

−0.19

HS graduate

−35.98

−1.65

−0.69

Education GED

−0.81

−4.12

−3.83

Gender (Female = 1, Male = 0)

−20.05

−0.04

−0.02

Age (mean-centered)

Genetic PC1

42.02

Lower 95%
42.57

b

Main effects only

Results of multiple linear regressions for European Americans.

(Intercept)
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Table 4.

Results of multiple linear regressions for Black/African Americans.
Main effects only
Lower 95%

Including interaction effects
Upper 95%

p

Upper 95%

p

Intercept

40.53

39.64

41.42

<0.001

40.78

39.79

41.77

<0.001

Age (mean-centered)

−0.03

−0.07

0.02

0.218

−0.03

−0.08

0.02

0.264

Gender (Female = 1, Male = 0)

0.41

−0.30

1.11

0.258

0.24

−0.58

1.06

0.567

Education GED

1.06

−0.47

2.58

0.175

1.08

−0.87

3.03

0.279

HS Graduate

0.597

b

Lower 95%

b

−0.08

−1.08

0.93

0.877

−0.32

−1.49

0.86

Some college

0.22

−0.84

1.28

0.687

0.22

−1.00

1.44

0.722

Associate’s

0.39

−1.14

1.92

0.619

0.53

−1.13

2.20

0.531

Bachelor’s

0.611

−0.13

−1.37

1.12

0.841

−0.38

−1.85

1.09

Master’s or JD/MD/Ph.D.

0.71

−1.25

2.66

0.477

1.21

−0.82

3.25

0.243

Birth Cohort (before 1924)

−1.65

−3.36

0.06

0.059

−1.31

−3.13

0.50

0.157

Genetic PC1

−18.33

−37.24

0.59

0.058

24.93

−24.43

74.28

0.322

Genetic PC2

−0.77

−20.45

18.91

0.939

11.13

−42.97

65.23

0.687

Genetic PC3

4.75

−14.28

23.79

0.624

−14.98

−66.70

36.75

0.570

Genetic PC4

2.11

−16.92

21.14

0.828

−4.91

−54.89

45.06

0.847

Genetic PC5

−4.21

−23.68

15.26

0.672

−55.19

−112.82

2.44

0.060
0.121

PRS—waist circumference

0.88

0.52

1.24

<0.001

0.76

−0.20

1.71

Adversity

0.20

−0.39

0.80

0.504

0.04

−1.35

1.43

0.960

−0.04

−0.09

0.01

0.110

Age × PRS-WC
Age × adversity
Gender × PRS-WC

0.09

0.00

0.19

0.048

−0.08

−0.86

0.70

0.837

Gender × adversity

0.29

−0.96

1.54

0.648

GED × PRS-WC

0.38

−1.06

1.82

0.607
0.848

HS graduate × PRS-WC

0.10

−0.94

1.15

Some college × PRS-WC

0.00

−1.07

1.08

0.996

Associate’s × PRS-WC

0.82

−0.64

2.28

0.273

Bachelor’s × PRS-WC

0.17

−1.19

1.53

0.803

Master’s × PRS-WC

1.19

−1.08

3.45

0.305

−0.08

−2.10

1.94

0.941

HS graduate × adversity

0.95

−0.82

2.71

0.291

Some college × adversity

0.06

−1.71

1.82

0.949

−0.64

−4.21

2.93

0.726

GED × adversity

Associate’s × adversity
Bachelor’s × adversity
Master’s or higher × adversity
Birth cohort × PRS-WC
Birth cohort × adversity
PRS-WC × adversity
Model R2

0.032

1.07

−1.25

3.40

0.366

−0.36

−3.95

3.23

0.844

1.57

−0.49

3.64

0.135

−5.02

−9.67

−0.37

0.034

−0.26

−0.91

0.40

0.437

0.074

Interaction terms between study variables and the ﬁrst ﬁve genetic principal components were included in the interaction model but omitted to ease
presentation. Listwise deletion was used for missing data. Results using multiple imputation for missing data are reported in the Supplementary Information.
b unstandardized regression coefﬁcient, Lower and Upper 95% 95% Wald conﬁdence intervals, p probability of the observed association if the null hypothesis
is true.

Limitations
The present study is not without limitations. First, the SNPs used in
calculating the PRS derive largely from a relatively recent GWAS
meta-analysis. Nevertheless, future GWAS meta-analyses may
identify additional obesity-related SNPs that would strengthen
the predictive validity of PRS and potentially affect our geneenvironment ﬁndings. Future research with more recent and
larger GWAS meta-analyses should replicate our ﬁndings. Most
GWAS are based on European samples, which translates into PRS

performing better in White samples than in Black samples, as was
observed in the present study [58]. Without considering the
performance of PRS, the ﬁndings may suggest that Black
participants exhibit greater resilience in the face of early adversity.
Few studies have examined the interaction between race and
childhood adversity on obesity risk [13, 17, 59, 60]. Therefore, it
remains unclear whether White Americans are more vulnerable to
the effects of childhood adversity compared to Black Americans.
Further research is needed to examine the interactive effects of
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Fig. 1 Polygenic risk score by childhood adversity interaction effect predicting average waist circumference for White/European adults.
On the left, average waist circumference (y-axis) is plotted as a function of polygenic risk scores for waist circumference (x-axis) across different
levels of childhood adversity, speciﬁcally the number of adverse events that occurred before turning 18 years old. On the right panel, the same
interaction effect is plotted with 95% conﬁdence intervals for the slopes of the polygenic risk score predicting waist circumference at different
levels of childhood adversity.

race and childhood adversity on obesity risk and the extent
resilience plays in moderating these effects. Nevertheless, to
prevent the potential mischaracterization of ﬁndings for Blacks,
future research will depend on advances in genome-wide analyses
that captures African admixture. However, it is worth noting that
individuals of predominately European and African ancestry likely
share risk alleles for obesity, as the PRS for obesity-related
phenotypes in the current study were signiﬁcantly predictive of
respective outcomes for Black participants, despite being derived
from GWASs that were based on samples of almost exclusively
European participants. Lastly, our ﬁndings may be inﬂuenced by
methodological and sampling procedures that are speciﬁc to HRS,
as well as recall and survival bias [57]. Future research should
replicate our study with other population-based cohorts.
CONCLUSION
To our knowledge, this is the ﬁrst study to examine the interactive
effects of childhood adversity and polygenic risk for waist
circumference in a multiracial sample of middle-aged and older
adults. Among European Americans, the association between
genetic risk and waist circumference was greater for those who
reported greater childhood adversity. More genetic analyses in
diverse populations are needed to increase the generalizability of
ﬁndings. Nevertheless, results suggest that reducing exposure to
childhood adversity has the potential to lower the obesogenic
effects of underlying genetic liability.
DATA AVAILABILITY
Data and analysis scripts are available on the Open Science Framework (OSF; https://
osf.io/rnjxz).
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