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a b s t r a c t

The prevalence of type 2 diabetes (T2D) and obesity has recently increased dramatically. These common
diseases are likely to arise from the interaction of multiple genetic, socio-demographic and environ-
mental risk factors. While previous research has found genetic risk and education to be strong predictors
of these diseases, few studies to date have examined their joint effects. This study investigates whether
education modifies the association between genetic background and risk for type 2 diabetes (T2D) and
obesity. Using data from non-Hispanic Whites in the Health and Retirement Study (HRS, n ¼ 8398), we
tested whether education modifies genetic risk for obesity and T2D, offsetting genetic effects; whether
this effect is larger for individuals who have high risk for other (unobserved) reasons, i.e., at higher
quantiles of HbA1c and BMI; and whether effects differ by gender. We measured T2D risk using He-
moglobin A1c (HbA1c) level, and obesity risk using body-mass index (BMI). We constructed separate
genetic risk scores (GRS) for obesity and diabetes respectively based on the most current available in-
formation on the single nucleotide polymorphism (SNPs) confirmed as genome-wide significant pre-
dictors for BMI (29 SNPs) and diabetes risk (39 SNPs). Linear regression models with years of schooling
indicate that the effect of genetic risk on HbA1c is smaller among people with more years of schooling
and larger among those with less than a high school (HS) degree compared to HS degree-holders.
Quantile regression models show that the GRS � education effect systematically increased along the
HbA1c outcome distribution; for example the GRS � years of education interaction coefficient was �0.01
(95% CI ¼ �0.03, 0.00) at the 10th percentile compared to �0.03 (95% CI ¼ �0.07, 0.00) at the 90th
percentile. These results suggest that education may be an important socioeconomic source of hetero-
geneity in responses to genetic vulnerability to T2D.

© 2014 Published by Elsevier Ltd.

1. Introduction

Type 2 diabetes (T2D) and obesity are two largely preventable
chronic conditions. Despite targeted public health interventions,
the prevalence of both conditions has increased in recent years.
These dual epidemics will likely continue to contribute to sub-
stantial morbidity and mortality and greater healthcare costs in the
future (Dall et al., 2010; Dieren et al., 2010; Tobias et al., 2014;Wang
et al., 2011; Withrow and Alter, 2011; Zhang et al., 2010).

Obesity and T2D both have strong genetic bases (Apovian, 2010;
Das and Elbein, 2006; Lin and Sun, 2010; Walley et al., 2009).
Environmental and lifestyle factors, such as diet and physical
inactivity, are also critical to the pathogenesis of these conditions
(Hu et al., 2001; Maes et al., 1997). Previous research investigating
the complex interplay of factors contributing to risk has focused on
interactions between genetic predisposition and health behaviors.
For example, physical activity attenuates genetic vulnerability to
obesity and T2D (Ahmad et al., 2013; Brito et al., 2009; Kilpelainen,
2009; Li et al., 2010), and eating foods associated with a Western
dietary pattern exacerbates genetic risk on T2D (Cornelis and Hu,
2012). Our study extends this focus to education, a more up-
stream factor that is likely to moderate the effect of hereditary
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predispositions towards diabetes risk and obesity through several
possible mechanisms.

As a fundamental cause of disease, education acts through
multiple pathways to affect health and disease risks (Cutler and
Lleras-Muney, 2008) related to differential access to resources
(Johnson et al., 2011; Link and Phelan, 1995; Phelan et al., 2010). On
an individual-level, education leads to increases in a person's
general capabilities, skills, knowledge, money and prestige (Becker,
1964). Education also increases a person's ability to access societal
resources such as healthy built environments and high-quality
medical care (Fig. 1). It is this differential access to resources that
individuals use to avoid disease risks orminimize the consequences
of disease risks that cannot be directly modified, such as genetic
background.

In this study, we investigatewhether educationmodifies genetic
propensity for obesity or T2D. Under the social trigger framework,
the presence or absence of contextual variable affects the pheno-
typic expression of a specific genotype (Shanahan and Hofer, 2005;
Reiss et al., 2013). Educational attainment has consistently been
shown to be inversely associated with obesity and T2D (Borrell
et al., 2006; Cohen et al., 2013; McLaren, 2007). As a fundamental
cause of disease, greater educational attainment may trigger
mechanisms (e.g. increased psychosocial skills) and be used to
attain tangible resources (e.g. high-quality medical care, higher
income) that mitigate the impact of inherent genetic risks for these
conditions. We hypothesize that attaining more education may
enable individuals with higher genetic risk to overcome innate
susceptibility to obesity and T2D. Although both obesity and T2D
are affected by genetic risk, they are also highly influenced by
modifiable risk factors. Education plays a major role in determining
access to individual- and environmental-level factors that are
protective against obesity and T2D (e.g. healthy food, less stressful
occupational environments, residential neighborhoods more
conducive to physical activity). Low educational attainment and the
subsequent low socioeconomic status and psychological charac-
teristics associated with it may act as a triggering mechanism that
affects the expression of inherent genetic risk. For example, a per-
son with high genetic risk for obesity and a college degree may
never experience the individual-level and environmental condi-
tions that will lead to greater BMI. However, if the same high-risk
individual has less than a high school degree, he/she may have

lower access to resources and, as a result, have a greater BMI. In this
example, obesity may be “triggered” under the conditions of a high
genetic risk and low educational attainment. We expect to find
significant effect measure modification of inherent risk by educa-
tion for T2D and obesity because these conditions havewell-known
prevention and disease management strategies that are associated
with access to socioeconomic resources and more education. The
links between HbA1c and BMI and health are not monotonic. Thus,
we would expect that education should be associated with the
largest reductions in BMI at high ends of the distribution.

Furthermore, we expect the relative contribution of genetic and
environmental risk factors for T2D and obesity and their interaction
to vary at higher versus lower points in the outcome distribution.
Variation in the effects may reflect possible differences within the
population that are not readily identifiable. Interaction effects of
education and genetic risk scoremight be larger and negative at the
high end of the HbA1c and BMI distribution, as these individuals
may be at especially high risk for disease because of other un-
identified characteristics. Differences in effects along the outcome
distribution may thus reflect unmeasured sub-groupings in the
population. Extreme BMI and HbA1c values, the underlying clinical
indicators corresponding with risk of obesity and T2D respectively,
are associated with elevated mortality risks (Aggarwal et al., 2012;
Carson et al., 2010; Flegal et al., 2005) although the exact mecha-
nisms are not always known. Estimates from standard models
assuming uniform response will likely understate benefits of edu-
cation and potentially entirely miss the interaction of education
and genetic risk.

Finally, systematic inequalities in resources may also lead to
gender-specific interaction effects between education and genetic
risk of obesity and T2D. Gene-environment interactions differ by
gender when the “environment” reflects gender inequality (Perry
et al., 2013). Education differentially shapes the resources of men
and women because of their differential access to resources. Ac-
cording to resource substitution theory (Ross and Mirowsky, 2006),
females may be more reliant on education because they lack
alternative resources to obtain comparable levels of socioeconomic
status. Men in the USmay have access tomore alternative resources
than women. For men, more education may not convey substantial
additional benefits, because they already have other resources
deriving from their physical capacity, inherited wealth, broader
range of socially acceptable occupations and activities, and position
in the social hierarchy. Women may have more limited options so
higher education is necessary to be able to attain such benefits as
high occupational prestige and socioeconomic status. Previous
research has found stronger effects of education among women
compared to men in health conditions as varied as disability,
depression, and obesity (Brunello et al., 2013; Ross and Mirowsky,
2006, 2010). We extend this to investigate whether moderation
of genetic risk by education is also stronger among women
compared tomen. In our study, this would imply that education has
a stronger moderation effect for women, since females have fewer
socioeconomic resources to plausibly offset genetic risk when
compared with men. Men with low education levels may still have
more opportunities thanwomenwith similar educational levels for
maintaining a healthy weight or low diabetes risk.

In summary, little work has considered the simultaneous effects
of genetic risk and education. Previous research has found that
education reduces expression of genetic susceptibilities to health,
but these studies used self-reported health outcomes and classical
twin study designs (Johnson et al., 2011, 2010). The aim of this study
is to investigatewhether education canmodify the consequences of
genetic risk for diabetes and obesity as indicated byHbA1c and BMI.
We hypothesize that highly educated individuals are better posi-
tioned to overcome genetic vulnerability to obesity and T2D,

Genetic    
risk

Education

Birth Lifecourse Adult

Obesity

Diabetes

Resources:
Individual (e.g. 
Health 
behaviors, 
Money, Prestige)

Societal (e.g. 
Healthcare 
quality, Built 
environment)

Risk factors 
(e.g. Diet, 
Physical 
activities)

Fig. 1. Conceptual framework illustrating the potential pathways linking genetic risk,
education and obesity and Type 2 diabetes in later life. Circles indicated fixed risk
factors present at birth and boxes with dashed lines indicate modifiable factors
throughout the lifecourse.
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because these are conditions with well-established prevention or
management strategies.

2. Methods

2.1. Sample

We estimated the associations of a polygenic risk score (GRS)
specific to T2D and obesity using data from the Health and
Retirement Study (HRS). HRS is a well-documented nationally
representative sample of individuals 50 years of age or older and
their spouses (Juster and Suzman, 1995). The first survey wave was
collected in 1992, with biennial interviews (or proxy interviews for
decedent participants) available through 2010. Genotype data were
collected on a subset of HRS respondents in 2006 and 2008. From
the 12,123 HRS participants for whom genotype data were avail-
able, we restricted the sample to individuals who self-identified as
US-born, non-HispanicWhite. Although previous research suggests
genetic variation is greatest in African ancestry populations
(Hindorff et al., 2009), there are limited large genome-wide asso-
ciation studies (GWAS) where risk variants for type 2 diabetes or
obesity has been studied in African American populations. For that
reason, we limited our sample to Non-Hispanic Whites. The final
analytic sample for the models with BMI as the outcome comprised
of 8374 respondents who contributed at least one BMI assessment
with complete information on all covariates since entering the HRS
study. The final analytical sample for the models with HbA1c as the
outcome comprised 8207 individuals who had an HbA1c mea-
surement in 2006 or 2008 with complete information on all
covariates. The current analysis was determined exempt by the
Harvard School of Public Health Institutional Review Board.

2.1.1. Genotyping
In 2006 and 2008, HRS invited participants to provide DNA

samples. Eligible respondents were consented and provided saliva
via a mouthwash technique (average age at DNA collection: 68
years). Genotyping was completed on the Illumina Omni-2.5 chip
platform and imputed using the 1000G phase 1 reference panel.
Genetic information for the first 12,507 participants was filed with
the Database for Genotypes and Phenotypes (dbGaP, study acces-
sion number: phs000428.v1.p1) in April 2012. All SNPs were
extracted from the 1000 Genome imputation sample and the
imputation quality for all SNPs was higher than R2 ¼ 0.95. Detailed
information on the quality control procedures and the corre-
sponding population eigenvectors is available via HRS and dbGaP
(HRS. Health and Retirement Study (HRS) Genetic Data 2012;
Available from: http://hrsonline.isr.umich.edu/gwas.). Principle
components were used to identify and remove population outliers.
Exact information on the QC procedures is available via HRS and
dbGaP (study ID: phs000428.v1.p1) (Study, 2012). Correlation be-
tween the disease-specific GRS and the top six eigenvectors was
negligible (range¼�0.09 to 0.05 for T2D and range¼�0.04 to 0.05
for obesity, respectively).

2.2. Exposures

Recent large-scale genome-wide association studies have
identified multiple loci associated with body-mass index (BMI) and
Type II diabetic risk. Each of the condition-specific polygenic risk
scores constructed based on previously established genome-wide
significant polymorphisms. The most current meta-analysis pub-
lished reports 32 BMI single nucleotide polymorphisms (SNPs) as
genome-wide significant predictors of BMI (Speliotes et al., 2010).
Our GRS for obesity was calculated using 29 of those 32 SNPs, three
of the 32 SNPs identified in the meta-analysis were not available in

our GWAS data. These 29 single nucleotide polymorphisms (SNPs)
were also previously associated with weight and waist circumfer-
ence (Speliotes et al., 2010). We calculated the GRS for obesity for
each individual i in our study sample as the sum of weighted risk
alleles, with each allele SNP k weighted by the corresponding beta
estimate previously reported (Speliotes et al., 2010), as shown in
the equation below. We used weights to construct our genetic risk
score because it is problematic to assume that all risk alleles confer
the same risk. In addition, using a weighted genetic score has been
shown to increase statistical power compared to an unweighted
score (Burgess and Thompson, 2013). More information on the
construction of our GRS is provided in the Supplementary Table S1.

GRSi ¼
X#loci

k¼1

bk$allele counti;k

The GRS for diabetes risk was calculated based on 39 known
SNPs confirmed as genome-wide significant predictors of T2D, with
meta-analyzed odds ratios reported in the GWAS central online
database (http://www.genome.gov/gwastudies/). These previously
reported b coefficients are from logistic regression models and
correspond with the natural log of the OR. We used these b co-
efficients to calculate the OR for T2D associated with the genotype
combination of each individual i in HRS (equation below).

genetic logðodds ratioÞfor T2D : T2D� ORi

¼
 X#loci

k¼1

bk $allele counti;k

!

We calculated the GRS for T2D as the log OR for each individual
in the HRS cohort associated with his or her own genetic back-
ground (Supplementary information Table S2). Each polymorphism
was weighted in proportion to its estimated effect on T2D risk and
summed for each person across all of the polymorphisms known to
be associated with T2D. The correlation between years of schooling
and the disease-specific GRS was negligible (correlation
coefficient¼ 0.02 for T2D and�0.004 for obesity, respectively). The
GRS was constructed to estimate the expected difference in BMI or
odds of T2D anticipated due to the individual's genetic background,
as compared to someone with the lowest possible genetically
inferred risk.

Prior research finds that the functional form linking education
and health may depend on the specific health outcome under
consideration, with some outcomes following a doseeresponse
relationship with years of education and other outcomes primarily
moving with credential or level of education. We therefore
considered two approaches to characterizing education, based on
years of schooling and degree attainment. Although the average
attainment in our sample was 13 years, we centered this variable at
12 years of schooling, because this corresponds to the typical length
of time needed to complete an HS degree. A quadratic term for
years of schooling was initially included but it was not statistically
significant and not included in the final models. Educational
attainment was also characterized by reported highest degree
attained e less than HS, HS graduate/GED, or college degree.

2.3. Outcomes

Our study used objective clinical markers, BMI and HbA1c level,
as our outcomes. We characterized the outcomes as continuous
measures because this allowed us to examine whether effects were
heterogeneous along the outcome distribution. We used the BMI
averaged across all waves of available data tomaximize sample size.
Analysis using wave-specific BMI as an alternative to BMI averaged

S.Y. Liu et al. / Social Science & Medicine 127 (2015) 150e158152

http://hrsonline.isr.umich.edu/gwas
http://www.genome.gov/gwastudies/


across all waves yielded similar estimates and statistical signifi-
cance (results not shown). BMI was constructed from self-reports
as weight in kilograms divided by the square of height in meters
(kg/m2). Self-reported and measured weight in HRS are highly
correlated with a reported correlation coefficient ¼ 0.98 (Sutin,
2013). Diabetes risk was assessed using measured HbA1c levels
collected from a subset of HRS participants in 2006 or 2008
(n¼ 9411). The American Diabetes Association recommends HbA1c
as a diagnostic test for diabetes (Verbrugge and Sevak, 2002).
HbA1c measures the percentage of hemoglobin, a protein that
transports oxygen in red blood cells, that is coated with sugar. It
reflects a person's average blood sugar level over the last six to
twelve weeks. Elevated HbA1c level indicates poorer blood sugar
control. For people without diabetes, the normal range for HbA1c is
between 4% and 5.6% and HbA1c at or above 6.5% is considered to
indicate diabetes.

2.4. Covariates

All models included age at time of outcome assessment, a
quadratic term for age at time of outcome assessment, year of
outcome assessment (2006 vs. 2008), gender (male vs. female), and
six eigenvector variables reflecting differences in population dis-
tribution of risk. Allele frequencies and, by extension, disease risk,
vary across populations of different genetic ancestry. If unac-
counted for, these systematic differences may lead to spurious as-
sociations between genetic risk markers and disease.

The eigenvector variables in our sample were created using
principal components analysis (PCA). The PCA method is currently
the recommended approach to control for population stratification
(Patterson et al., 2006). PCA identifies a small number of compo-
nents that explain the maximum covariance between different
SNPs across the genome. These eigenvectors variables reflect dif-
ferences in allele frequencies in the population and help control for
the population structure when they are included in a statistical
model. Following standard recommendations for HRS data, we
included six of the provided eigenvector variables as covariates.

2.5. Analysis

We first modeled the association between genetic risk and BMI
and HbA1c using ordinary least squares regression. An interaction
termwas included to examine possible effect measure moderation
by education. We then used quantile regression to assess whether
estimates differed along the 10th, 25th, 50th, 75th, and 90th per-
centiles of the outcome distribution. Quantile regression allows us
to model the associations of interest through the entire outcome
distribution without specifying the exact cutoffs for “abnormal”
values and without specifying a reference category. We estimated
effects at multiple quantiles because we do not expect the effects of
education will be similar at high versus low quantiles of these
outcomes. Quantile regression minimizes the sum of absolute de-
viations under a specified quantile, allowing the explanatory vari-
ables' marginal effects to vary over different quantiles of the
outcome distribution and appropriately accounting for any heter-
oskedasticity (Johnson et al., 2010). Coefficients from an ordinary
least squares regression model are interpreted as the conditional
difference in the mean of the dependent variable associated with a
unit difference in the independent variable. Coefficients from a
quantile regression model are interpreted as the conditional dif-
ference for the particular quantile of the outcome distribution (e.g.
median) associated with a unit difference in the independent
variable.

We examined whether the interaction of GRS and education
differed by gender by conducting the following subanalyses: 1) re-

running the models outlined above stratified by gender; and 2) re-
running the models outlined above including two-way interaction
effects (Education � Gender, GRS � Gender, GRS � Education) and
three-way interaction effects (GRS � Education � Gender) using a
pooled sample.

3. Results

Among this cohort of older White Americans, approximate 64%
were 65 or older and 42% were male. On average, the study re-
spondents reported 13 years of schooling (range 0e17). Over 60%
reported an HS diploma as their highest level of educational
attainment and a quarter had a four-year college degree or more.
Almost half of the sample self-reported a doctor's diagnosis of
diabetes, 11% had a measured HbA1c level of 6.5 or higher, and 65%
were overweight/obese (Table 1). Genetic risk scores for T2D and
BMI were approximately normally distributed (Fig. 2), although the
GRS distribution for individuals with HbA1c above 6.5 was slightly
skewed.

As shown in Table 2, condition-specific genetic risk scores were
associated with higher levels of HbA1c and BMI, respectively
(Model 1 andModel 3, Table 2). BMI and HbA1cwere both inversely
associated with years of schooling. Less than HS was associated
with higher BMI and HbA1c levels and college degree was associ-
ated with lower BMI and HbA1c compared with those in HS.
Models including a quadratic term for years of schooling did not
indicate a better fit (results not shown). Including BMI as a covar-
iate in the models with HbA1c did not lead to any substantial
changes in the effect estimates (results not shown).

In the second set of models we included two-way interaction
terms between GRS and education. The interaction terms between
GRS and education were not statistically significant in any of the
models predicting BMI. The interaction term between GRS and
years of schooling was statistically significant for the model pre-
dicting HbA1c (Model 2, Table 2). The negative value for the GRS
and years of schooling interaction term implies increasing years of
schooling attenuated the effect of GRS on HbA1c (Fig. 3, Panel A). In
the models including two-way interaction terms for GRS and de-
gree attainment, the interaction term between less than HS and
GRS was statistically significant. The slope for predicted HbA1c was
significantly steeper as genetic risk score increased for those with
less than HS degree compared to HS degree-holders (Fig. 3, Panel
B). The interaction between college degree and GRS was not sta-
tistically significant. To account for possible complex relationships

Table 1
Socio-demographics of US-born, Non-Hispanic White HRS study respondents.

N 8374
Age 65 and over (%) 64
Male (%) 42
Mean years of schooling (range) 13 (0e17)
Mean genetic risk score
Diabetes (standard deviation) 4.1 (0.5)
Obesity (standard deviation) 3.9 (0.5)

Highest education attained
Less than HS (%) 13
HS degree (%) 62
College degree (%) 25

Adult health
Mean HbA1c (standard deviation) 5.8 (0.8)
HbA1c � 6.5 (%)a 10
Mean BMI (standard deviation) 27.5 (5.1)
BMI � 25 (%) 65
Ever diagnosed with diabetes (%)a 49

a Variables reporting HbA1c level used a smaller sample with available
HbA1c levels (n ¼ 8207). The socio-demographics for the sample using HbA1c
as an outcome was similar to the results given in the table above.
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between BMI and diabetes, we reran all the above models including
BMI as a potential confounder in the models with HbA1c as the
outcome (results not shown). Including BMI as a potential
confounder in the HBA1c models attenuated the coefficient asso-
ciated with the education variables while slightly increasing the
coefficients associated with GRS. However, none of these small
changes in the estimated coefficients made any meaningful differ-
ence in statistical significance or interpretation. Including an indi-
cator variable for diabetes medication (insulin or otherwise)
substantially reduced the regression coefficients for the diabetes
genetic risk score, the education variable and the interaction term
between GRS and education (Supplementary Table 3). For example,
the regression coefficient associated with college degree decreased
from �0.12 (95% CI ¼ �0.17, �0.08) to �0.08 (95%
CI ¼ �0.12, �0.04) and the regression coefficient associated with
College*GRS decreased from �0.6 (�0.15to 0.04) to �0.01
(�0.09, 0.07).

Estimates from the quantile regression models consistently
indicate stronger associations for years of schooling and GRS at the
higher end of the outcome distribution, where individuals are at
actual risk for T2D and obesity. For example, in the fully adjusted
models the regression coefficient for the genetic risk score ranged
from 0.07 (95% CI ¼ 0.03, 0.12) at the 10th percentile to 0.38 (95%
CI ¼ 0.27, 0.49) at the 90th percentile of HbA1c distribution
(Table 3). A year of school was associated with only a �0.01 (95%
CI¼�0.02, 0.00) decrease in HbA1c level at the 10th percentile and
a point estimate five times as large at the 90th percentile (beta
coefficient ¼ �0.05, 95% CI ¼ �0.07, �0.03). For the models pre-
dicting HbA1C, the interaction between years of schooling and GRS

was larger at higher values of HbA1c. At the 10th percentile of
HbA1c levels in our sample, the interaction term for GRS and years
of schooling was only �0.01 (95% CI ¼ �0.03, 0.00) compared
to �0.03 (95% CI ¼ �0.08, 0.00) at the 90th percentile.

For models predicting BMI, the absolute effect of GRS and ed-
ucation increased across the BMI distribution. However, the inter-
action term for GRS and years of schooling was approximately zero
throughout the BMI distribution and not statistically significant.

In the quantile regression models using degree attainment in
lieu of years of schooling, results were similar. Regression co-
efficients associated with “less than HS” and the interaction term
between “Less than HS” and GRS increased across the HbA1c dis-
tribution but were not always statistically significant (Table 4). In
the models which included an indicator variable for diabetes
medication, regression coefficients generally followed the same
pattern of being larger at the higher quantiles (Supplementary
Tables 4 and 5). However, the interaction term for GRS and edu-
cation was no longer statistically significant once we accounted for
diabetes medication.

In the gender-stratified analysis, genetic risk score was directly
associated with HbA1c levels and years of schooling was inversely
associated with HbA1c levels (Appendix Table A). The GRS � years
of schooling term for HbA1c was statistically significant for females
but not for males (beta coefficient for females ¼ �0.03 (95%
CI ¼ �0.05, �0.01) vs. �0.01 (95% CI ¼ �0.04, 0.01) for males). The
two-way interaction term between genetic risk and years of
schooling was the only statistically significant interaction term in
the models using the entire sample with HbA1c as the outcome
(Appendix Table B). Similarly, the two-way interaction between
genetic risk and less than HS education was the only statistically
significant interaction term in the model with degree attainment.
In the models with BMI as the outcome, only the interaction term
between years of schooling and gender was statistically significant.

4. Conclusion

Common diseases such as T2D and obesity are likely to arise
from the interaction of multiple genetic and environmental risk
factors. The multitudes of components that determine an in-
dividual's health status suggest that genetic susceptibility may be
affected by larger social factors, which may be highly germane to
policy. Previous gene and environment research focused on the
aspects of the physical environment. However, it is also important
to recognize features in the social environment that can modify
genetic risk. We investigated whether genetic susceptibility to
diabetes and obesity is moderated by education in a cohort of older
White Americans. The interaction for education and genetic risk
score was statistically significant in models with HbA1c as an
outcome. Years of schooling offsets the genetic risk for HbA1c and
this effect increases at the higher end of the HbA1c distribution.
Similarly, having less than an HS degree augmented genetic risk for
HbA1c and this moderation also seems to increase at the higher end
of the HbA1c distribution. The interaction term for education and
GRS was no longer statistically significant once we adjusted for
diabetes medication. Diabetes medication may be a proxy for
healthcare access and health knowledge, resources associated with
greater educational attainment. These results suggest education
may be an important source of heterogeneity in responses to ge-
netic vulnerability to T2D.

Type 2 diabetes develops when our physiological response to
chronic fuel excess is inadequate (e.g. low insulin production and
increased glucagon secretion). As a result, diabetic individuals
develop insulin resistance, abnormal blood nutrient concentrations
and metabolic stress, which eventually may lead to damage in key
body organs (Nolan et al., 2013). Experts have long argued that the
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Fig. 2. Distribution of genetic risk score for T2D by HbA1c levels and distribution of
genetic risk score for obesity by overweight/obesity status.
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current Type 2 diabetes epidemic results from environmental and
social characteristics triggering inherent T2D susceptibility
(Ershow, 2009; Franks et al., 2013; Zimmet et al., 2001). Low edu-
cation levels may be especially deleterious for individuals with high

genetic T2D risks because these respondents are unable to access
compensatory mechanisms. Having less than an HS degree or low
years of schooling is associated with individual-level characteristics
(e.g. low socioeconomic status, low income) and other contextual
factors (e.g. neighborhoods with limited healthy food options,
health norms) that may be triggers for genetic influences for T2D.

According to the social trigger model, certain types of inherited
health risk may be responsive to social environments and become
more readily apparent under specific circumstances. Our finding is
in line with a recent study which found an interaction between
APOE-E4 and education, with APOE-E4 having worse effects on
memory for those with less than 8 years of education (McArdle and
Prescott, 2010). Our study joins an emerging body of literature that

Table 2
Adjusted associations between genetic risk score and education for HbA1c and BMI, HRS.a

HbA1c Average BMI

Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4

GRS 0.18b (0.14e0.22) 0.20b (0.16e0.25) 0.18b (0.14
e0.22)

0.17b (0.12e0.22) 1.04b (0.84e1.25) 1.05b (0.83e1.27) 1.05b (0.85e1.25) 1.03b (0.780
e1.28)

Years of
schooling

�0.03b (�0.04
to �0.02)

�0.03b (�0.04
to �0.02)

e e �0.22b (�0.26
to �0.17)

�0.22b (�0.26
to �0.17)

e e

GRS*years of
schooling

e �0.02b (�0.04
to �0.01)

e e e 0.00 (�0.08 to
0.08)

e e

Degree: Less
than HS

e e 0.13b (0.08
e0.19)

0.12b (0.06e0.18) e e 0.54b (0.21e0.86) 0.58b (0.24e0.92)

Degree: GED/HS e e Reference Reference e e Reference Reference
Degree: College e e �0.13b (�0.17 to

0.08)
�0.12b (�0.17
to �0.08)

e e �1.19b (�1.44
to �0.93)

�1.20b (�1.46
to �0.94)

Less than
HS*GRS

e e e 0.14b (0.02e0.26) e e e 0.32 (�0.31 to
0.94)

College
degree*GRS

e e e �0.06 (�0.15 to
0.04)

e e e �0.09 (�0.57 to
0.40)

Constant 7.19 7.18 7.21 7.21 35.96 35.96 36.12 36.14
n 8207 8207 8207 8207 8374 8374 8374 8374

a Models included age at time of outcome assessment as a continuous variable, a quadratic term for age, a binary variable for year of HbA1c outcome assessment (2006 vs.
2008), gender and indicator variables reflecting differences in population distribution of risk. BMI was averaged across all the waves the respondent was in the HRS study.

b p < 0.05.
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Fig. 3. Adjusted predictions HbA1c for given values of GRS and education.

Table 3
Estimates from quantile regression models with interaction term for GRS and years
of schooling, corresponding th the 10th, 25th, 50th, 75th, and 90th percentiles.a

P10 P25 P50 P75 P90

HbA1c
GRS 0.07b (0.03

e0.12)
0.11b (0.08
e0.15)

0.16b (0.13
e0.20)

0.21b (0.15
e0.26)

0.38b (0.27
e0.49)

Years of
schooling

�0.01b

(�0.02 to
0.00)

�0.01b

(�0.02
to �0.01)

�0.02b

(�0.02
to �0.01)

�0.03b

(�0.03
to �0.02)

�0.05b

(�0.07
to �0.03)

GRS*years of
schooling

�0.01
(�0.03 to
0.00)

�0.01b

(�0.03 to
0.00)

�0.02b

(�0.03
to �0.01)

�0.02b

(�0.04
to �0.01)

�0.03
(�0.07 to
0.00)

Constant 5.60 5.86 6.57 7.70 8.94
n 8207 8207 8207 8207 8207
BMI
GRS 0.58b (0.36

e0.81)
0.81b (0.58
e1.04)

0.95b (0.69
e1.21)

1.17b (0.85
e1.50)

1.29b (0.77
e1.82)

Years of
schooling

�0.11b

(�0.16
to �0.06)

�0.16b

(�0.20
to �0.12)

�0.20b

(�0.25
to �0.15)

�0.25b

(�0.32
to �0.19)

�0.34b

(�0.45
to �0.23)

GRS*years of
schooling

�0.02
(�0.10 to
0.06)

�0.03
(�0.11 to
0.04)

0.02 (�0.07
to 0.11)

�0.02
(�0.13 to
0.09)

�0.01
(�0.19 to
0.18)

Constant 32.70 33.07 34.51 37.16 40.23
n 8.374 8374 8374 8374 8398

a Models included age at time of outcome assessment as a continuous variable, a
quadratic term for age, a binary variable for year of outcome assessment (2006 vs.
2008), gender and six eigenvector variables reflecting differences in population
distribution of risk.

b p < 0.05.
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suggests education and other upstream social and contextual fac-
tors may offset or attenuate genetic health risk (Boardman et al.,
2008).

Our finding that the individual and joint effects of genetic
vulnerability and schooling are larger at the higher end of the
HbA1c distribution reflects that the largest effects may be among
individuals with high health risk. Individuals at the higher ends of
the HbA1c distribution are likely to have underlying physiological
problems (e.g. insulin resistance, hypertension) that may be more
sensitive to the social environment. Alternatively, there may be
threshold-level of physiological risk before moderation occurs. In
either scenario, ordinary least squares regression that estimates the
conditional mean of the outcome leads to underestimations of the
effect in the most relevant, high-risk group.

In addition, we found the individual effects of genetic vulnera-
bility and schooling to be larger at higher ends of the BMI distri-
bution. This finding is similar to results from a previous study,
which found an increasing effect size for BMI genetic risk score
along the distribution of fat mass among children (Riedel et al.,
2013). However, we did not find any statistically significant in-
teractions between genetic risk and education for BMI. Results from
commonly usedmean-based regressionmodels may bemisleading,
because they underestimated the effects of risk factors in general.

Furthermore, they do not conceptually reflect the effect in the
subpopulation of interest (i.e., those at risk for disease).

Although we hypothesized that the effects of GRS and education
would differ by gender, our results were inconclusive. Our gender-
stratified findings provide some support for the resource substi-
tution theory of education, suggesting that gender differences in
other resources may lead to differentially larger effect measure
modification among women. However, investigating effect mea-
sure modification by gender using interaction terms did not show
any statistically significant interactions between education, genetic
risk and gender. More research is needed to better understand
possible gender differences with regard to the effect of education
on health outcomes.

Alternatively, our results may reflect selective mortality. Selec-
tive mortality would explain the gendered pattern of our results if a
much smaller fraction of men with low education and high genetic
vulnerability to diabetes survived to participate in our study
compared to the fraction of similar womenwho survived. Although
we cannot conclusively rule this out, we believe that gender dif-
ferences in cumulative mortality are insufficient to introduce sub-
stantial biases unless the effects of education and genetic risk are
extraordinarily large.

This study has several limitations. Our GRS was calculated based
on the most current and comprehensive available information but
has relativelymodest associationswith each of the phenotypes. The
modest effects are reflected in the 95% confidence intervals pro-
vided for all our estimates, which are often consistent with both the
null and substantively important effect estimates. As indicated by
the wide confidence intervals, in some cases we did not have
enough power to rule out important effects, even when associa-
tions were not statistically significant (Colegrave and Ruxton,
2003).

The focus of our study was on creating a genetic risk score that
would allow maximum statistical power in identifying differential
associations of genotype depending on social environment. A lim-
itation of this approach is its inability to identify the specific bio-
logical pathways that interact with the social environment.
Knowledge of the function of genes have allowed prior studies
examining main effects to subdivide gene scores based on whether
SNPs are related to genes for satiety (Llewellyn et al., 2014), api-
dogenesis (Arner et al., 2011) or other specific biological pathways.
Future work based on combined data sets may provide adequate
statistical power to investigate such interactions to increase our
knowledge of the specific biological pathways through which social
factors modify genetic risks.

Emerging research suggests that behavioral and environmental
characteristics can moderate inherent genetic health risks
(Boardman et al., 2008; McArdle and Prescott, 2010). Our findings
provide some support for the social trigger model, which specu-
lates that the social environment can attenuate or exacerbate
inherent genetic risks (Shanahan and Hofer, 2005). Furthermore, it
suggests social stratificationmay shape how genetic vulnerability is
expressed. Social hierarchies based on socioeconomic status
determine the health status of individuals (House et al., 1994).
According to fundamental cause theory, policies and interventions
must address social factors directly to have a population-level
impact on disease risk (Link and Phelan, 1995). Our results show
how education, a fundamental cause of health and disease, can
serve as a valuable resource that offsets even innate biological risk.
Education increases an individual's ability to adapt, modify, and use
surrounding resources (Becker, 1964; Cutler and Lleras-Muney,
2008; Ross and Mirowsky, 2006). As such, polices that reduce dis-
parities in education may help offset underlying genetic risk.

Table 4
Estimates from quantile regression models with interaction term for GRS and
degree.a

P10 P25 P50 P75 P90

HbA1c
GRS 0.05b (0.00

e0.12)
0.08b (0.04
e0.13)

0.13b (0.09
e0.17)

0.16b (0.10
e0.22)

0.30b (0.19
e0.42)

Degree: Less
than HS

�0.03
(�0.02 to
0.09)

�0.05b

(0.01e0.10)
0.04 (�0.01
to 0.08)

0.09b (0.00
e0.17)

0.13 (�0.05
to 0.31)

Degree: HS/
GED

Reference Reference Reference Reference Reference

Degree:
College

�0.02
(�0.06 to
0.02)

�0.05b

(�0.08 to
0.02)

�0.09b

(�0.12
to �0.05)

�0.12b

(�0.17
to �0.08)

�0.24b

(�0.33
to �0.15)

GRS*Less
than HS

0.09 (�0.03
to 0.22)

0.12b (0.03
e0.21)

0.11b (0.02
e0.19)

0.18 (�0.01
to 0.37)

0.26 (�0.04
to 0.56)

GRS*College �0.02
(�0.11 to
0.07)

�0.01b

(�0.08 to
0.05)

�0.04b

(�0.12 to
0.03)

�0.04
(�0.14 to
0.06)

�0.06
(�0.24 to
0.13)

Constant 5.60 5.86 6.57 7.70 8.94
n 8207 8207 8207 8207 8207
BMI
GRS 0.05b (0.25

e0.83)
0.87b (0.62
e1.12)

1.04b (0.73
e1.35)

1.20b (0.84
e1.56)

1.24b (0.62
e1.85)

Degree: Less
than HS

0.51 (0.19
e0.84)

0.18b

(�0.12 to
0.48)

0.25 (�0.13
to 0.64)

0.64b (0.12
e1.17)

1.25b (0.45
e2.06)

Degree: HS/
GED

Reference Reference Reference Reference Reference

Degree:
College

�0.43b

(�0.69
to �0.16)

�1.01b

(�1.22
to �0.80)

�1.34b

(�1.68
to �1.01)

�1.39b

(�1.78
to �1.00)

�1.46b

(�2.01
to �0.91)

GRS*Less
than HS

0.18 (�0.39
to 0.74)

0.02 (�0.53
to 0.58)

0.09 (�0.60
to 0.77)

0.33 (�0.53
to 1.20)

0.88 (�0.61
to 2.37)

GRS*College �0.09
(�0.56 to
0.37)

�0.36
(�0.76 to
0.05)

�0.17
(�0.67 to
0.33)

�0.15
(�0.76 to
0.46)

0.09 (�1.01
to 1.19)

Constant 33.17 33.03 34.53 37.35 42.07
n 8374 8374 8374 8374 8374

a Models included age at time of outcome assessment as a continuous variable, a
quadratic term for age, a binary variable for year of HbA1c outcome assessment
(2006 vs. 2008), gender and six eigenvector variables reflecting differences in
population distribution of risk.

b p < 0.05.
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Appendix Table A
Gender-stratified analysis for HbA1c and BMI.a

HbA1c BMI

Male Female Male Female

GRS 0.20b (0.13
e0.28)

0.20b (0.15
e0.25)

1.05b (0.74,
1.35)

1.04b (0.73,
1.35)

Years of
schooling

�0.03b (�0.04
to �0.02)

�0.03b (�0.04
to �0.02)

�0.15b

(�0.21, �0.10)
�0.28b

(�0.34, �0.21)
GRS*years of

schooling
�0.01 (�0.04,
0.01)

�0.03b (�0.05
to �0.01)

0.02 (�0.08,
0.12)

�0.02 (�0.14,
0.11)

Constant 7.37 7.13 34.20 38.00
n 3415 4792 3493 4881

a Models included age at time of outcome assessment as a continuous variable, a
quadratic term for age, a binary variable for year of HbA1c outcome assessment
(2006 vs. 2008), gender and six eigenvector variables reflecting differences in
population distribution of risk.

b p < 0.05.

Appendix Table B
Estimates from GRS � Years of schooling � Gender regression models.a

HbA1C BMI

GRS 0.20b (0.15
e0.26)

0.16b (0.10
e0.23)

1.05 (0.77
e1.34)

0.99b (0.67
e1.31)

Years of schooling �0.03b

(�0.05
to �0.01)

e �0.28b

(�0.34
to �0.22)

e

GRS* Years of
schooling

�0.03b

(�0.05
to �0.01)

e �0.02 (�0.13
to 0.09)

e

GRS*Male 0.00 (�0.09
to 0.09)

0.02 (�0.09
to 0.12)

�0.02 (�0.47
to 0.43)

0.11 (�0.42
to 0.63)

Years of
schooling*Male

0.00 (�0.02
to 0.01)

e 0.13b (0.04
e0.22)

e

GRS*Years of
schooling*Male

0.02 (�0.01
to 0.05)

e 0.03 (�0.12
to 0.19)

e

Degree: Less than HS e 0.11b (0.03
e0.18)

e 0.78b (0.34
e1.22)

Degree: GED/HS Reference Reference Reference Reference
Degree: College e �0.13b

(�0.19
to �0.07)

e �1.43b

(�1.79
to �1.07)

Male*Less than HS e 0.03 (�0.08
to 0.14)

e �0.47 (�0.06
to 0.99)

Male*College e 0.02 (�0.07
to 0.11)

e 0.58 (�0.24
to 1.40)

GRS*Less than HS e 0.18b (0.02
e0.34)

e �0.12 (�0.80
to 0.56)

GRS*College e �0.08 (�0.21
to 0.05)

e �0.67 (�1.94
to 0.60)

GRS*Less than
HS*Male

e �0.10 (�0.34
to 0.14)

e 0.03 (�0.95
to 1.01)

GRS*College*Male e 0.04 (�0.14
to 0.23)

e 0.03 (�0.95
to 1.01)

Constant 7.19 7.22 36.01 36.11
n 8207 8207 8374 8374

a Models included age at time of outcome assessment as a continuous variable, a
quadratic term for age, a binary variable for year of HbA1c outcome assessment
(2006 vs. 2008) and six eigenvector variables reflecting differences in population
distribution of risk.

b p < 0.05.
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