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ABSTRACT 

Diabetes is a major global health problem. In the United States alone, 29.1 million 

people, or 9.3% of the population, have diabetes. Type 2 diabetes (T2D) is the most 

common form of the disease and represents 90-95% of all diagnosed cases. This form of 

the disease is characterized by high blood sugar resulting from defects in insulin secretion 

in pancreatic beta cells and defects in insulin action in hepatic, skeletal muscle, and other 

peripheral tissues. The most recent data shows that the prevalence of diabetes is much 

higher among African Americans (13.2%) compared to European Americans (7.6%). 

This dissertation examines genetic causes of disparity in T2D prevalence between 

African Americans and European Americans through an investigation of differences in 

disease architecture and an evaluation of heritable risk not captured in previous genetic 

studies. 

Herein, differences in T2D disease architecture that may explain disparities in disease 

prevalence between African Americans and European Americans are explored through an 

examination of population-specific genetic burden of alleles contributing to disease risk. 

This project compared risk allele burden between 1,990 African Americans (n=963 T2D 

cases, 1,027 controls) and 1,644 European Americans (n=719 T2D cases, 925 controls) 

across 43 established T2D single nucleotide polymorphisms (SNPs). Analyses include a 

comparison of mean risk allele burden as well as association of a genetic risk score 

(GRS) summarizing the 43 SNPs in each population. 

The major part of this thesis explores T2D risk as a result of gene-gene interaction, which 

is a type of heritable risk not captured in genome-wide association studies (GWAS).  

These projects examine genome-wide interactions with an established insulin secretion 
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SNP, rs10830963 in the gene MTNR1B, which explains variation in insulin secretion, 

both statistically and functionally, as well as additional variants associated with acute 

insulin response to glucose (AIRg), a dynamic measure of first-phase insulin secretion, 

and variants associated with fasting plasma glucose levels.  Additional analyses explore 

interactions with  GRSs summarizing these variants. Study subjects include ~7,000 

African American participants from the Atherosclerosis Risk in Communities Study 

(ARIC; n=955 T2D cases, 414 controls), Coronary Artery Risk Development in Young 

Adults (CARDIA; n=94 T2D cases, 654 controls), Jackson Heart Study (JHS; n=333 

T2D cases, 1,450 controls), Multi-Ethnic Study of Atherosclerosis (MESA; n=411 T2D 

cases, 793 controls), and the Wake Forest School of Medicine (WFSM; n=932 T2D 

cases, 856 controls) cohorts for a total of 2,725 T2D cases and 4,167 controls.  

The results presented here illuminate differences in T2D disease architecture between 

African Americans and European Americans and show that novel genetic factors 

contributing to T2D risk can be identified through analyses of gene-gene interaction. 

These results underscore the necessity for further study of genetic variation underlying 

T2D risk in African Americans as a mean to improve the overall quality of genetic 

research of this disease. 
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CHAPTER 1 

INTRODUCTION 

Type 2 Diabetes 

Type 2 diabetes (T2D) is one of this country’s most troubling health dilemmas 

with more than 29 million affected individuals in the United States (U.S.) alone
1
. From 

1990 to 2010, the annual number of new diagnosed cases in the U.S. increased from 600 

thousand to 1.8 million
2
. T2D is the seventh leading cause of death in the U.S., and the 

risk of death for an affected individual is about twice that of an age-matched unaffected 

individual
1
. Affected individuals are at high risk for several comorbidities including 

cardiovascular disease, hypertension, kidney disease, and nervous system damage
1
. T2D 

has a significant impact on the U.S. economy and healthcare system with an estimated 

annual cost for treatment and lost productivity exceeding $240 billion
3
.  

T2D is a chronic adult-onset metabolic disease characterized by elevated blood glucose 

resulting from both insulin resistance and impaired insulin secretion. Impaired insulin 

secretion arises from pancreatic beta cell dysfunction, and insulin resistance in hepatic, 

skeletal muscle, and other peripheral tissues leads to decreased plasma glucose uptake. 

Unlike individuals with the autoimmune form of the disease, type 1 diabetes, T2D 

patients often do not need exogenous insulin to survive. Although the complete picture of 

T2D risk factors is not clear, it is widely recognized as a multifactorial disease resulting 

from combinations of, and interactions between, environmental and genetic factors. 

Common clinical risk factors for T2D include age, obesity, lack of physical activity, 

gender, and ethnicity
4
. Although the genetics of T2D are intricate and not completely 

defined, a strong genetic predisposition for this disease has been well documented in 
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numerous family and twin studies. Heritability estimates for T2D range from 20-80%, 

and individuals with a family history of T2D are at a 2-4 fold greater risk for developing 

the disease
5–7

. Individuals with one affected parent have a 40% lifetime risk of 

developing T2D, and this risk increases to 60% if both parents are affected
8,9

. Since 

dizygotic twins share the same environment but only half of their DNA, comparisons of 

disease concordance rates with monozygotic twins have been used elucidate the heritable 

contribution to T2D risk. In monozygotic twins, concordance rates for T2D range from 

35-58% compared to 17-20% in dizygotic twins
10,11

. It should be noted that some degree 

of insulin resistance can be attributed to obesity, so heritability estimates for T2D may 

partially reflect heritability of obesity-related traits
12

. However, in the Insulin Resistance 

and Atherosclerosis Study Family Study (IRAS-FS), several high-quality measures of 

obesity were found to explain only 27% of the total observed phenotypic variance in 

insulin sensitivity in a pooled sample of Hispanic and African Americans
13

. Similarly, a 

study of individuals from the Genetics Underlying Diabetes in Hispanics (GUARDIAN) 

consortium, a collection of Mexican American cohorts with phenotypes for several high-

quality measures of glucose homeostasis (n=4,336 individuals, n=1,346 pedigrees), 

showed strong evidence of heritability for insulin sensitivity after adjustment for body 

mass index (h
2
=0.28-0.54, p<0.0001-0.023)

14
. Thus, insulin resistance and obesity are 

highly correlated, but by no means synonymous.  

Ethnic disparities in T2D prevalence are well documented, with one of the largest 

observable differences occurring between individuals of European and African descent. 

The most recent data indicates that T2D prevalence among African Americans (13.2 %) 

is much higher than among European Americans (7.6%)
15

. Several studies have shown 
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that the higher risk in African Americans persists even after adjustment for known 

environmental and socioeconomic risk factors such as body mass index (BMI), physical 

activity, education level, and income
16–18

. Genetic risk factors that may underlie the 

disparity in diabetes prevalence are not well understood. 

 

Genetics of T2D and Glucose Homeostasis Traits 

Considering the complex nature of the disease, researchers have been very 

successful at identifying genes that contribute to T2D risk. Genome-wide association 

studies (GWAS) have identified approximately 120 T2D loci to date
19

. The majority of 

common variants at these loci exert a modest effect on T2D risk (OR = 1.05-1.39) and are 

located in non-coding regions of the genome 
20,21

. Prior T2D GWAS have been 

conducted primarily in populations of European descent, though there are clearly benefits 

to extending these studies to African-derived populations. For example, an examination 

of the TCF7L2 locus in African Americans led to the identification of the likely causal 

variant
22,23

. Further, many of these studies focus primarily on single variant analysis, with 

few considering interactions between genetic factors
24

. Limited efforts have been made to 

incorporate knowledge of T2D pathophysiology into genetic study designs. 

Most of the known biology of T2D-associated loci maps primarily to pancreatic beta cell 

dysfunction. For example, single nucleotide polymorphisms (SNPs) in genes encoding 

subunits of an ATP-sensitive potassium channel (ABCC8, KCNJ11), a zinc transporter 

(SLC30A8), a protein regulating calcium transport in the endoplasmic reticulum (WFS1), 

a protein regulating the translation of insulin-like growth factor (IGF2BP2), members of 

the cyclin-dependant kinase pathway (CDKAL1, CDKN2A/B), and a host of transcription 
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factors (HNF1A, HNF1B, HNF4A, HHEX, TCF7L2) are all thought to influence insulin 

secretion
25

. In contrast, researchers have struggled to identify insulin resistance genes 

using current technologies. This may be due to intrinsic limitations of the common T2D 

GWAS design. Heritability estimates for measures of insulin secretion are generally 

higher than estimates for insulin sensitivity, suggesting that environment accounts for a 

larger proportion of the variance in insulin resistance. For example, the heritability of 

fasting glucose was 28% in IRAS-FS individuals, compared to only 8% for fasting 

insulin
26

. Thus, T2D GWAS which account for environmental factors, such as obesity, 

are more likely to identify variants that confer a true biological effect. However, because 

obesity and insulin resistance are not independent risk factors for T2D, studies that 

diminish the effects of obesity are inherently underpowered to detect insulin resistance 

loci. Additionally, insulin resistance variants may be scarce, infrequent in the population, 

or have effects too modest to detect in GWAS. Identification of these variants may 

require innovative approaches
27

. 

 

Epistasis in Complex Human Disease 

Although T2D GWAS have identified many susceptibility loci, common variants 

at these loci explain only 10-30% of T2D heritability
28,29

. A portion of the missing 

heritability in T2D may lie in epistatic interactions between susceptibility loci
28

. In a 

broad sense, epistasis means that the phenotypic effect of a particular locus is dependent 

on an individual’s genetic background. The simplest form of epistasis describes an 

interaction between two loci, commonly refered to as gene-gene interaction, where the 

phenotypic effect of one locus is dependent on the genotype at a second locus. The 
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concept of epistasis was developed in the early 20
th

 century to explain how complex 

interplay between genes can influence quantitative traits, and has been verified as a 

relevant biological phenomenon in studies of various organisms including plants, insects, 

birds, and mammals 
30–35

.  

Statistically, the concept of gene-gene interaction can be tested using a variety of 

techniques including multifactor dimensionality reduction (MDR), recursive partitioning, 

and regression-based approaches. The MDR method identifies multi-locus interactions 

using a constructive induction algorithm to collapse a matrix of genetic data in a stepwise 

manner into classes of high and low risk genotype combinations
36

. A major limitation of 

MDR is that it cannot test large numbers of variants for interaction, as would be 

necessary in a genome-wide analysis
37

. Recursive partitioning approaches identify 

interactions by building classification models, or trees, for networks of genetic variants 

based on how well they segregate observations with respect to the outcome variable (i.e. 

case-control status)
38–40

. A popular iteration of recursive partitioning is the random forest 

approach in which multiple classification trees are generated from randomly selected 

subsets of variants and the convergence of these trees is used to assess the importance of 

each variant, both independently and in the context of multi-locus interactions
41

. Since 

recursive partitioning only evaluates the main effect of variants in the context of 

interaction, this method may not detect pure interaction effects that occur in the absence 

of a strong main effect
37

. Regression-based approaches model interaction as a parameter 

that captures effects not explained by the independent effects of SNPs included in the 

model. In a case-control study, a test for interaction between two loci would use the 

logistic regression model 
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𝑌 = 𝛽0 + 𝛽1𝑆𝑁𝑃1 + 𝛽2𝑆𝑁𝑃2 + 𝛽3(𝑆𝑁𝑃1 × 𝑆𝑁𝑃2) (Equation 1) 

where 𝑌 represents log odds of disease, 𝛽0 represents baseline risk of disease, 𝛽1 and 𝛽2 

are the marginal, or main, effects of two interacting SNPs, and 𝛽3 is the interaction effect. 

The parameters from this model can be compared to values from a null distribution to 

evaluate the significance of marginal effects in the context of interaction, the significance 

of pure interaction, and the significance of marginal and interaction effects considered 

jointly. In a practical implementation of this model, if one considers 𝑆𝑁𝑃1 as a candidate 

interaction SNP held constant in all models and 𝑆𝑁𝑃2 as a test SNP selected from a 

predefined set of variants and variable in all models, then chi-square tests of the 

interaction parameter 𝛽3, a one degree of freedom test, and the main and interaction 

parameters 𝛽2 and 𝛽3 jointly, a two degree of freedom test, can be viewed as properties of 

the test SNP, thus allowing the information provided by these tests to be restricted to a 

single genomic location. This approach allows for the inclusion of covariates that may 

confound the relationship between predictor and outcome variables, and can be scaled up 

to test interactions among a large group of genetic variants. Traditionally, gene-gene 

interaction analyses are limited by heavy computational and multiple testing burdens. For 

example, Herold et al. estimated that analysis of all pairwise interactions among 550,000 

SNPs in 1,200 samples on a 3 GHz computer would require a running time of 120 days 

42
. Further, a recent analysis of all first-order interactions in the Wellcome Trust Case 

Control Consortium T2D GWAS data after reducing the total number of  SNPs using 

linkage disequilibrium-based pruning resulted in a Bonferroni-corrected p-value 

threshold of 2.14x10
-11

, three orders of magnitude smaller than the widely accepted 

GWAS significance threshold (P<5x10
-8

)
 43

. However, the work presented herein 
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overcomes these burdens by only examining interactions with SNPs for which an a priori 

hypothesis exists for genetic contribution to disease risk. With these strengths and 

limitations, gene-gene interaction will be tested in this study using a regression-based 

approach.  

Due to the underlying bimodal pathophysiology, T2D is a particularly well-suited disease 

model for hypothesis-driven investigation of epistatic interactions. For example, loci 

influencing insulin secretion could be tested for interaction to discover insulin resistance 

loci. However, limitations such as low frequencies and modest effect sizes of risk 

variants that impact power to detect true positive associations in a typical GWAS are 

amplified in genetic interaction studies
44,45

. Given these considerations, the interaction 

analyses and replication strategy proposed herein illustrate a powerful approach for the 

discovery of novel T2D genes.  

 

Hypotheses and Objectives 

This dissertation explores the hypotheses that disparity in T2D prevalence among 

African Americans and European Americans is a result of differences in disease 

architecture and that additional T2D genetic risk in African Americans can be identified 

through gene-gene interaction. Objectives include an evaluation of T2D risk allele burden 

in both populations and exploration of genome-wide statistical interactions with variants 

associated with various measures of insulin secretion to identify novel genetic factors, 

including insulin sensitivity loci, contributing to T2D risk in African Americans. The 

projects presented here examine several facets of these hypotheses to culminate in 
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furthering our understanding of T2D disease etiology and add to the knowledgebase of 

potential therapeutic targets. 

First, a project examining differences in T2D risk allele burden between African 

Americans and European Americans is presented (Chapter1). To investigate the 

relationship between risk allele burden and T2D risk, 46 T2D single nucleotide 

polymorphisms (SNPs) in 43 loci from GWAS in European, Asian, and African derived 

populations were genotyped in 1,990 African Americans (n=963 T2D cases, 

n=1,027controls) and 1,644 European Americans (n=719 T2D cases, n=925 controls) 

ascertained and recruited using a common protocol in the southeast United States. A 

genetic risk score (GRS) was constructed from the cumulative risk alleles for each 

individual. The GRS was tested for association in each population and tested for 

differences in means between the two populations. Combined, these two analyses reflect 

differences is T2D architecture between African Americans and European Americans and 

offer insight regarding the disparity in T2D prevalence. 

The remaining projects discussed here (Chapters 3-6) examine gene-gene interaction 

contributing to T2D risk. These projects utilize genetic data from five African American 

T2D case/control studies including ARIC (n=955 T2D cases, 414 controls), CARDIA 

(n=94 T2D cases, 654 controls), JHS (n=333 T2D cases, 1,450 controls), MESA (n=411 

T2D cases, 793 controls), and WFSM (n=932 T2D cases, 856 controls) for a total of 

2,725 T2D cases and 4,167 controls. This data is analyzed for genome-wide gene-gene 

interaction with SNPs associated with various measures of insulin secretion, both as 

single SNPs and combined into GRSs. Together, these analyses demonstrate that 
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additional genetic factors contributing to T2D risk, including insulin sensitivity loci, can 

be identified by interactions with insulin secretion loci.   
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CHAPTER 2 

A Comparison of Type 2 Diabetes Risk Allele Load between African Americans and 

European Americans 

 

Jacob M. Keaton, Jessica N. Cooke Bailey, Nicholette D. Palmer, Barry I. Freedman, 

Carl D. Langefeld, Maggie C. Y. Ng, and Donald W. Bowden 

 

This manuscript was published in Human Genetics. 

Keaton, J. M. et al. A comparison of type 2 diabetes risk allele load between African 

Americans and European Americans. Hum. Genet. 133, 1487–1495 (2014). 
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Abstract 

The prevalence of type 2 diabetes (T2D) is greater in populations of African 

descent compared to European-descent populations. Genetic risk factors may underlie the 

disparity in disease prevalence. Genome-wide association studies (GWAS) have 

identified >60 common genetic variants that contribute to T2D risk in populations of 

European, Asian, African, and Hispanic descent. These studies have not comprehensively 

examined population differences in cumulative risk allele load.  To investigate the 

relationship between risk allele load and T2D risk, 46 T2D single nucleotide 

polymorphisms (SNPs) in 43 loci from GWAS in European, Asian, and African derived 

populations were genotyped in 1,990 African Americans (n=963 T2D cases, 

n=1,027controls) and 1,644 European Americans (n=719 T2D cases, n=925 controls) 

ascertained and recruited using a common protocol in the southeast United States. A 

genetic risk score (GRS) was constructed from the cumulative risk alleles for each 

individual. In African American subjects, risk allele frequencies ranged from 0.024 to 

0.964. Risk alleles from 26 SNPs demonstrated directional consistency with previous 

studies, and 3 SNPs from ADAMTS9, TCF7L2, and ZFAND6 showed nominal evidence 

of association (p<0.05). African American individuals carried 38-67 (53.7 ± 4.0, mean ± 

SD) risk alleles. In European American subjects, risk allele frequencies ranged from 

0.084 to 0.996. Risk alleles from 36 SNPs demonstrated directional consistency, and 10 

SNPs from BCL11A, PSMD6, ADAMTS9, ZFAND3, ANK1, CDKN2A/B, TCF7L2, PRC1, 

FTO, and BCAR1 showed evidence of association (p<0.05). European American 

individuals carried 38-65 (50.9 ± 4.4) risk alleles. African Americans have a significantly 

greater burden of 2.9 risk alleles (p=3.97x10
-89

) compared to European Americans. 
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However, GRS modeling showed that cumulative risk allele load was associated with risk 

of T2D in European Americans, but only marginally in African Americans. This result 

suggests that there are ethnic-specific differences in genetic architecture underlying T2D, 

and that these differences complicate our understanding of how risk allele load impacts 

disease susceptibility.  

Keywords: diabetes type 2; African American; genetic association; genetic relationship 

analysis; age at onset 
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Introduction 

Complex diseases, such as T2D, are influenced by a combination of genetic, 

lifestyle, and environmental risk factors
46,47

. In the United States, age-adjusted prevalence 

of diabetes is disproportionately greater among African American adults as compared to  

European Americans (12.6% vs. 7.1%) 
48

. The greater risk in African Americans persists 

even after adjustment for known environmental risk factors such as body mass index 

(BMI), physical activity, and socioeconomic status 
49–51

. In addition to lifestyle and 

environmental risks, genetic factors may contribute to the disparity in disease prevalence 

in African Americans. Genetic variation at T2D risk loci has been extensively 

characterized in populations of European descent, and less comprehensively in 

populations of African, Hispanic, East Asian, and South Asian descent. While 

heterogeneity in genetic architecture underlying T2D may exist between African 

Americans and European Americans, some recent evidence suggests that many T2D risk 

variants exhibit a consistent direction of effect across ethnicities 
52,53

. It is unclear 

whether differences exist in cumulative risk allele loads between different populations 

which may partly explain ethnic disparities in T2D prevalence. We examined differences 

in cumulative risk allele load in African American and European American T2D cases 

and non-diabetic controls ascertained and examined in a common setting in a 

geographically defined region in an effort to provide a clear comparison of the allele 

loads. 
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Research Design and Methods 

Subjects  

Recruitment and sample collection procedures were approved by the Institutional 

Review Board at Wake Forest School of Medicine and written informed consent was 

obtained from all study participants. Case subjects consisted of unrelated individuals 

either without (T2D-only cases) or with end-stage renal disease (T2D-ESRD cases). A 

total of 1,990 African Americans (n=963 T2D-ESRD cases, n=1,027 controls) and 1,644 

European Americans (n=151 T2D-only cases, n=568 T2D-ESRD cases, n=925 controls) 

were assessed. European Americans who have >9% African ancestry  (n=10) were 

excluded from the analysis 
54

. T2D was diagnosed in case subjects who reported 

developing T2D after the age of 25 years and who did not receive only insulin therapy 

since diagnosis. In addition, T2D-ESRD cases had to have at least one of the following 

three criteria for inclusion: (i) T2D diagnosed at least 5 years before initiating renal 

replacement therapy, (ii) background or greater diabetic retinopathy and/or (iii) ≥100 

mg/dl proteinuria on urinalysis in the absence of other causes of nephropathy. Control 

subjects included unrelated individuals without a current diagnosis of diabetes or renal 

disease. All subjects were recruited from the southeastern United States. Detailed 

ascertainment and recruitment criteria have been previously described 
55–60

. African 

American subjects selected for this study are a subset of individuals from previous 

studies with available GWAS data 
61,62

. 
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SNP Selection 

We selected SNPs from T2D risk loci with prior evidence of association (p<5x10
-

8
) in GWAS of European, African American, and other ethnicities 

58,63–86
. Linkage 

disequilibrium (LD) was examined in HapMap II CEU and YRI populations using SNAP 

87
. For loci with multiple associated SNPs reported, SNPs were binned at r

2
>0.5 in 

HapMap II YRI population (release 22). In each bin, the SNP with the strongest evidence 

of association in the published literature was included in the analysis. Two independent 

SNPs were observed at 3 loci (CDKAL1, HHEX, and HNF1A). Of 93 selected SNPs, 22 

were removed after LD pruning and 9 were removed for failed imputation in African 

American subjects. In European American subjects, 48 of 62 SNPs were successfully 

designed using Sequenom, and 2 SNPs failed genotyping quality control.  A total of 46 

SNPs in 43 T2D risk loci remained in both African Americans and European Americans 

for subsequent analyses.  

Genotyping, Imputation, and Quality Control 

Genotyping in the European Americans was performed using the MassARRAY 

SNP Genotyping System (Sequenom Inc., San Diego, CA) as previously described 
88

. 

Primers for PCR amplification and extension reactions were designed using the 

MassARRAY Assay Design Software (Sequenom). DNA samples were diluted to a final 

concentration of 5 ng/μl, and single-base extension reaction products were separated and 

scored using a matrix-assisted laser desorption ionization/time of flight mass 

spectrometer. Thirty-three blind duplicates were included in genotyping and had a 
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concordance rate of 100%. SNPs had an average genotype call rate of 98.65% and Hardy-

Weinberg p-values were >0.005 in all subjects. 

Genotype data for African Americans was derived from (i) a GWAS using the 

Affymetrix® Genome-Wide Human SNP Array 6.0 (Affymetrix® Inc., Santa Clara, CA) 

(n=26 SNPs) or (ii) GWAS imputed data (n=20 SNPs). Genotyping was performed at the 

Center for Inherited Disease Research (CIDR). Genotypes were called using Birdseed 

version 2; APT 1.10.0 by grouping samples by DNA plate to determine the genotype 

cluster boundaries. To evaluate genotyping accuracy, 46 blind duplicates were included 

in genotyping and had a concordance rate of 99.59%. All genotyped SNPs passed quality 

controls with a genotype call rate ≥95%, Hardy-Weinberg p-values ≥0.0001 in cases and 

≥0.01 in controls, no significant difference in missing data rate between cases and 

controls, and were polymorphic. Imputation was performed using MACH (version 

1.0.16, http://www.sph.umich.edu/csg/abecasis/MaCH/) to obtain missing genotypes and 

replace genotypes inconsistent with reference haplotypes. SNPs that passed quality 

control and had a minor allele frequency (MAF) ≥1% were used for imputation. A 1:1 

HapMap II (NCBI Build 36) CEU:YRI (European:African) consensus haplotype was 

used as reference. Imputed SNPs that had MAF ≥1%, minor allele count (MAC) ≥10, and 

RSQ ≥0.5 were included in subsequent data analyses. Detailed genotyping and 

imputation methods have been previously described
58,62

. 
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Principal Components Analysis  

For African American subjects, principal components (PC) was computed as 

previously described 
58

. The first PC was highly correlated (r
2
=0.87) with global African-

European ancestry as measured by FRAPPE
89

, was the only PC that accounted for 

substantial genetic variation at 22%, and was used as a covariate in single-SNP 

association and GRS analyses to adjust for African American population substructure.  

 

Association Analysis 

The association of genotyped and imputed SNPs with T2D was evaluated under 

an additive model adjusted for age, gender, and the first PC (African American subjects 

only) separately in African American and European American subjects. Association tests 

were performed using logistic regression in PLINK 

(http://pngu.mgh.harvard.edu/purcell/plink).  

 

Genetic Risk Score Analysis 

Genetic risk scores (GRS), both unweighted and weighted by published effect 

size, were calculated for each individual. The unweighted GRS was calculated by 

counting the number of risk alleles for a given individual. The weighted GRS was 

calculated by first multiplying the count of risk alleles for each individual at each SNP by 

the log of the published odds ratio and then summing this weighted value for all SNPs in 

the analysis for each individual. Missing genotypes for a given SNP were replaced with 

http://pngu.mgh.harvard.edu/purcell/plink
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the average number of risk alleles across all samples within each ethnicity. The 

association of GRS with both T2D and age at diagnosis of T2D was evaluated under an 

unadjusted regression model (Model 1) and a regression model adjusted for age, gender, 

BMI, and the first PC (African American subjects only; Model 2) separately in African 

American and European American subjects. 

 

Comparison of Genetic Risk Distributions 

The total number of risk alleles for each individual (i.e. the unweighted GRS) was 

used to model the distribution of risk allele load in each population. Risk allele load 

distributions in African Americans and European Americans were compared using a two 

sided t-test and by analysis of variance (SAS 9.3, Cary, NC).  

 

Results 

Characteristics of Study Sample 

The characteristics of case and control subjects by ethnicity are shown in Table 1. 

Mean age ranged from 49.0 (African American controls) to 64.9 years (European 

American cases). Compared to European Americans, the proportion of men was greater 

in African American controls and lower in cases. Mean body mass index (BMI) and 

weight were similar between cases and controls in both ethnicities. 
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Association of Established T2D Risk SNPs 

The 46 T2D risk SNPs from 43 loci were polymorphic in both ethnicities, and a 

summary of the association analysis with T2D is shown in Table 2. The majority (n=35) 

of these SNPs were discovered in populations of European descent. Reported odds ratios 

(OR) for the risk alleles ranged from 1.06 to 1.54 In African American subjects, nominal 

evidence of association (p<0.05) was observed with 3 SNPs from ADAMTS9, TCF7L2, 

and ZFAND6 (3/46 SNPs; binomial p=0.41). In European American subjects, nominal 

evidence of association (p<0.05) was observed with 10 SNPs from BCL11A, PSMD6, 

ADAMTS9, ZFAND3, ANK1, CDKN2A/B, TCF7L2, PRC1, FTO, and BCAR1 (10/46 

SNPs; binomial p=7.6x10
-5

). 

Compared to the null expectation that half of the previously reported risk alleles to show 

the same direction of association (OR>1), our study observed significant directional 

consistency in European American subjects (36/46 SNPs; binomial p=7.8x10
-5

) but not in 

African American subjects (26/46 SNPs, binomial p=0.23).  

 

Comparison of Risk Allele Load 

Risk allele load was used to compare the distribution of genetic risk between 

populations (Table 3, Figures 1 and 2, Supplementary Figure 1). African Americans had 

an average risk allele load of 53.7 ± 4.0 risk alleles compared to 50.9 ± 4.4 risk alleles in 

European Americans. African Americans carry, on average, 2.9 risk alleles more than 

their European American counterparts. This increase causes the distribution of genetic 

risk to be right-shifted in African Americans compared to European Americans 
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(p=3.97x10
-89

; two sided t-test). To take into account the confounding effects of gender, 

age, BMI, and population substructure on differences in risk allele load between African 

Americans and European Americans, several analysis of variance (ANOVA) models 

were constructed. Adjustments for age, gender, and BMI did not change the inference of 

mean difference in risk allele load (p=3.2x10
-72

). A subset analysis further excluding 

African American individuals with a low degree of African ancestry (PC1<0.5, n=100) 

did not change the result (p=5.0x10
-71

).  In European Americans,  T2D-ESRD cases did 

not have a significant mean difference of risk alleles compared to T2D-only cases 

(p=0.72; two sided t-test). 

 

Genetic Risk Score Association with T2D and T2D Age at Diagnosis 

Both unweighted and weighted GRS incorporating all 46 SNPs were analyzed for 

association with T2D and with age at diagnosis of T2D as outlined in the methods. 

Unweighted scores ranged from 38 to 67 (53.7 ± 4.0, mean ± SD) in African Americans 

and 38 to 65 (50.9 ± 4.4) in European Americans. Effect sizes ranged from 0.06 to 0.43 

(0.13 ± 0.08, Supplementary Table 1). Weighted scores ranged from 4.30 to 9.03 (6.91 ± 

0.01) in African Americans and 4.40 to 8.83 (6.54 ± 0.02) in European Americans. 

Unweighted GRS was significantly associated with T2D in an unadjusted model in 

European Americans, with each risk allele increasing T2D risk by 6-8%. However, no 

significant association was observed in African Americans (Table 4). These results 

remained consistent when the model was adjusted for age, gender, BMI, and population 

substructure (African Americans only) (Table 4). Weighted GRS showed nominal 
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evidence of association with T2D in African Americans (p=0.03); however, the 

association was lost when the model was adjusted for age, gender, BMI and population 

stratification (p=0.08) (Table 4). The association of weighted GRS with T2D in European 

Americans was consistent with the unweighted GRS results. Per-allele odds ratio 

estimates were greater for European Americans in both weighted and unweighted models 

(OR=1.06-1.69) compared to African Americans (OR=1.01-1.17) (Table 4). No 

association of GRS with T2D age at diagnosis was observed in either population in either 

the weighted or unweighted models (Supplementary Table 2). 

An additional GRS analysis restricted to the 21 SNPs that were directionally consistent 

with published results in both our African American and European American subjects did 

not change the inference of a greater odds ratio estimate in European Americans 

(Supplementary Table 3). Although per-allele odds ratio estimates were marginally 

greater for African Americans (OR=1.05-1.13) compared to European Americans 

(OR=1.04-1.11) in an unadjusted, unweighted model, estimates were higher in European 

Americans in subsequent models 1) adjusted for age, gender, BMI and population 

stratification, 2) incorporating a GRS weighted by the log of the published odds ratio, or 

3) both. Again, no association of GRS with T2D age at diagnosis was observed in either 

population in any of the models. 

 

Discussion 

We evaluated 46 T2D risk SNPs from 43 loci identified in populations of 

European, Asian, or African descent. Our results show that the majority of these SNPs 
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exhibit a consistent direction of effect in both African American and European American 

populations. A significant proportion of these SNPs were nominally associated with T2D 

in European Americans, but to a much more limited extent in African Americans. A 

comparison of risk allele load distributions shows that African Americans carry a greater 

load of T2D risk alleles. However, modeling of cumulative risk scores suggests that per 

allele effect estimates are relatively smaller compared to European Americans, and that 

association between the cumulative risk score and T2D is stronger in European 

Americans. Given these results, it is unclear whether the common risk variants examined 

in this study account for a portion of the observed disparity in T2D prevalence between 

these populations. Subsequent analyses including the major non-genetic influences of 

age, gender, and BMI do not support the relationship between genetic risk factors and 

ethnic disparities in T2D prevalence.  

Several studies have examined the use of GRS to predict risk of T2D. In a previous study 

by Meigs et al., a GRS incorporating 18 common T2D risk variants was modestly but 

significantly associated (OR=1.12 per risk allele [95% CI 1.07-1.17]; p=0.01) with risk of 

diabetes in individuals of European descent, and this association was robust against 

adjustment for non-genetic risk factors 
90

. In the Diabetes Prevention Program (DPP), a 

GRS integrating 34 T2D risk variants was more modestly associated (hazard ratio 

[HR]=1.02 per risk allele [95% CI 1.00-1.05]; p=0.03) with risk of progression to 

diabetes in a prospective, multi-ethnic cohort in an analysis adjusted for ancestry, 

lifestyle, and environmental risk factors 
91

. In the Cooke et al. study of African 

Americans, a modest association (OR=1.06 [1.03–1.10], p=8.10x10
-5

) was observed 

between a GRS including 17 T2D risk variants and risk of diabetes, but the association 
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was lost when the analysis was adjusted for the genotypic effects of the TCF7L2 risk 

variant rs7903146 
61

. Considering the increased haplotype diversity and different linkage 

disequilibrium structure in African-derived populations, common variants identified in 

primarily European studies are likely not the best predictors of diabetes risk in African 

Americans 
92

. The identification of causal variants in T2D risk loci will be required to 

provide a clear picture of differences in risk allele load between African American and 

European American populations. Moreover, large longitudinal studies examining the 

discriminatory power of cumulative genetic risk factors for predicting disease risk as well 

as phenotypic associations of biochemical and anthropometric traits correlated with 

disease may be necessary to demonstrate a causal link between cumulative genetic risk 

and ethnic-specific differences in T2D prevalence. 

A recent trans-ethnic T2D GWAS meta-analysis showed that 34 of 52 previously 

reported T2D SNPs (65.4%) showed the same direction of effect across European, East 

Asian, South Asian, and Mexican American populations
93

. In our study, 21 of 46 tested 

SNPs (45.7%) were directionally consistent with published GWAS results and between 

African Americans and European Americans (Table 2). This result suggests that 

differences in the genetic architecture of T2D are greater between African Americans and 

European Americans than among other ethnic groups. However, it should be noted that 

our study focused on genetic burden, not transferability, and thus previously reported 

GWAS signals were not fine-mapped in either of our study populations to truly examine 

trans-ethnic directional consistency.  

A limited number of studies have examined ethnic-specific differences in genetic risk of 

diabetes. In the study by Waters et al., a GRS incorporating 18 common T2D risk 
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variants was associated with risk of diabetes in both African Americans (n=1,077 cases, 

1,469 controls, OR=1.09 per risk allele [95% CI 1.05-1.12]; p=3.0x10
-6

) and European 

Americans (n=533 cases, 1,006 controls, OR=1.11 per risk allele [95% CI 1.06-1.17]; 

p=1.2x10
-5

) in an analysis adjusted for gender and quartiles of age and BMI, but no 

significant difference in risk allele load was observed between the two groups 
52

. In the 

study by Haiman et al., a significant association between established T2D risk variants at 

five loci (WFS1, HHEX, CDNK2A/B, THADA, and KCNQ1) and risk of diabetes was 

detected in European Americans, but not in African Americans even though the study 

power was high (≥ 94% for all variants) 
53

. This result suggests that heterogeneity in risk 

allele frequencies, effect size, and linkage disequilibrium between the established risk 

variant and the causal allele exists at some fraction of T2D risk loci. 

This study had limitations. First, the 46 SNPs included in our analysis explain only a 

small proportion of T2D heritability. We did not account for exposure to epigenetic 

factors, structural variants, rare variants, gene-gene interactions, or gene-environment 

interactions, all of which may modify genetic risk and explain a proportion of the missing 

heritability. Additionally, we adjusted our analyses only for major phenotypic risk 

factors. Behavioral risk factors may modify an individual’s susceptibility to genetic risk 

of disease and to some degree explain the disparity in T2D prevalence between African 

Americans and European Americans. Finally, significant associations of individual SNPs 

with risk of T2D were scarce, but this result was expected considering the relatively 

small number of cases and controls used for this study as compared to the initial 

discovery populations. 
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In summary, African Americans carry a greater number of risk alleles at 46 established 

T2D risk loci than European Americans. Cumulatively, these variants are strong 

predictors of diabetes risk in European Americans, but poor predictors in African 

Americans. Differences in genetic variation between ethnicities create a complex pattern 

which complicates drawing clear conclusions regarding the relationship between genetic 

risk factors and ethnic disparities in T2D prevalence. Our results emphasize the need for 

further study of genetic variation underlying T2D in African Americans as a means to 

improve the overall quality of genetic research of this disease. 
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Tables and Figures 

Table 1. Descriptive characteristics of diabetes case and control subjects
a
. 

Characteristic African Americans European Americans 

  Cases Controls Cases Controls 

Number 963 1027 719 925 

Male (%) 38.8 42.7 46.3 36.8 

Age (years) 61.6 ± 10.4 49.0 ± 11.9 64.9 ± 10.3 53.9 ± 15.5 

Age at diagnosis (years) 41.8 ± 12.3 - 46.7 ± 13.2 - 

BMI (kg/m
2
) 29.7 ± 7.0 30.0 ± 7.1 30.1 ± 7.3 28.4 ± 5.7 

Weight (lbs) 186 ± 46 190 ± 44 190 ± 47 179 ± 40 

a
Data are shown as mean ± SD or percentage 
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Table 2. Association of known T2D risk alleles. 

  

    

African Americans European Americans  

SNP  Nearest Gene Chr Positiona RA/NRAb RAFc OR (95%CI)d P-value RAFc OR (95%CI) d P-value Phet
e 

rs10923931 NOTCH2 1 120517959 T/G 0.35 1.04(0.88-1.22) 0.641 0.10 1.19(0.89-1.59) 0.243 0.628 

rs7578597 THADA 2 43732823 T/C 0.75 0.95(0.79-1.13) 0.565 0.89 1.20(0.93-1.54) 0.158 0.359 

rs243021 BCL11A 2 60584819 A/G 0.39 0.89(0.76-1.04) 0.127 0.46 1.31(1.11-1.54) 0.001 0.032 

rs7560163 RND3 - FABP5L10 2 151637936 C/G 0.89 1.19(0.94-1.51) 0.158 1.00 1.14(0.39-3.30) 0.811 0.965 

rs7593730 RBMS1 2 161171454 C/T 0.61 0.88(0.76-1.03) 0.103 0.78 1.02(0.84-1.25) 0.818 0.461 

rs831571 PSMD6 3 64048297 C/T 0.81 1.01(0.83-1.23) 0.907 0.81 0.80(0.65-0.99) 0.044 0.320 

rs4607103 ADAMTS9 3 64711904 C/T 0.71 0.79(0.67-0.93) 0.005 0.78 0.79(0.64-0.98) 0.035 0.991 

rs4402960 IGF2BP2 3 185511687 T/G 0.53 0.96(0.82-1.12) 0.590 0.32 0.94(0.79-1.12) 0.475 0.911 

rs459193 ANKRD55 5 55806751 G/A 0.58 0.99(0.85-1.16) 0.909 0.75 1.02(0.85-1.23) 0.820 0.875 

rs7754840 CDKAL1 6 20661250 C/G 0.61 1.15(0.98-1.35) 0.079 0.32 1.03(0.87-1.22) 0.713 0.551 

rs10440833 CDKAL1 6 20688121 A/T 0.22 1.13(0.94-1.35) 0.199 0.27 1.05(0.88-1.26) 0.587 0.731 

rs9470794 ZFAND3 6 38106844 C/T 0.12 0.96(0.75-1.23) 0.749 0.09 0.69(0.52-0.93) 0.015 0.297 

rs1048886 C6orf57 6 71289189 G/A 0.29 1.12(0.95-1.32) 0.191 0.18 0.88(0.71-1.08) 0.217 0.267 

rs849134 JAZF1 7 28196222 A/G 0.77 1.17(0.97-1.40) 0.095 0.51 1.08(0.92-1.27) 0.355 0.679 

rs6467136 ZNF800 - GCC1 7 127164958 G/A 0.63 1.02(0.87-1.20) 0.821 0.53 0.91(0.77-1.07) 0.248 0.532 

rs972283 KLF14 7 130466854 G/A 0.88 1.29(1.00-1.67) 0.054 0.52 0.98(0.84-1.15) 0.798 0.232 

rs516946 ANK1 8 41519248 C/T 0.78 1.11(0.92-1.32) 0.273 0.76 1.25(1.04-1.50) 0.020 0.558 

rs896854 TP53INP1 8 95960511 T/C 0.71 1.12(0.94-1.32) 0.204 0.51 1.12(0.95-1.31) 0.179 1.000 

rs13266634 SLC30A8 8 118184783 C/T 0.94 1.13(0.81-1.57) 0.464 0.69 1.07(0.90-1.27) 0.462 0.837 

rs7041847 GLIS3 9 4287466 A/G 0.89 0.81(0.63-1.05) 0.107 0.50 1.16(0.99-1.35) 0.071 0.120 

rs2383208 CDKN2A/B 9 22132076 A/G 0.80 0.88(0.73-1.07) 0.192 0.83 1.26(1.01-1.56) 0.037 0.125 

rs13292136 CHCHD9 9 81952128 C/T 0.91 0.97(0.75-1.26) 0.822 0.94 1.02(0.72-1.43) 0.917 0.892 

rs2796441 TLE1 9 84308948 G/A 0.84 1.05(0.86-1.30) 0.627 0.60 1.02(0.86-1.19) 0.863 0.858 
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rs10906115 CDC123 - CAMK1D 10 12314997 A/G 0.68 1.08(0.92-1.28) 0.343 0.61 1.15(0.98-1.35) 0.094 0.747 

rs1802295 VPS26A 10 70931474 A/C 0.95 0.97(0.69-1.38) 0.883 0.30 0.96(0.81-1.15) 0.689 0.832 

rs12571751 ZMIZ1 10 80942631 A/G 0.54 0.93(0.80-1.08) 0.352 0.53 1.17(1.00-1.38) 0.056 0.198 

rs1111875 HHEX 10 94462882 C/T 0.78 1.10(0.91-1.32) 0.323 0.61 1.07(0.91-1.26) 0.428 0.899 

rs5015480 HHEX 10 94465559 C/T 0.62 0.92(0.79-1.08) 0.325 0.60 1.09(0.92-1.29) 0.300 0.363 

rs7901695 TCF7L2 10 114754088 C/T 0.48 1.21(1.04-1.42) 0.013 0.33 1.48(1.25-1.75) 5.68E-06 0.285 

rs2237892 KCNQ1 11 2839751 C/T 0.91 1.10(0.83-1.44) 0.517 0.94 1.07(0.75-1.52) 0.712 0.948 

rs5215 KCNJ11 11 17408630 C/T 0.09 0.97(0.74-1.28) 0.846 0.37 1.17(0.99-1.38) 0.058 0.444 

rs1552224 CENTD2 11 72433098 A/C 0.98 0.92(0.56-1.52) 0.750 0.85 1.02(0.81-1.27) 0.894 0.812 

rs10842994 KLHDC5 12 27965150 C/T 0.96 1.13(0.75-1.68) 0.567 0.82 1.07(0.86-1.32) 0.547 0.877 

rs7961581 TSPAN8/LGR5 12 71663102 C/T 0.19 1.03(0.85-1.25) 0.755 0.28 1.03(0.86-1.24) 0.727 0.993 

rs7305618 HNF1A 12 121402932 C/T 0.60 1.02(0.87-1.19) 0.819 0.78 1.07(0.88-1.31) 0.470 0.792 

rs7957197 HNF1A 12 121460686 T/A 0.89 1.22(0.94-1.59) 0.133 0.82 1.16(0.94-1.43) 0.172 0.841 

rs7172432 C2CD4A/B 15 62396389 A/G 0.31 0.97(0.82-1.15) 0.721 0.58 0.95(0.81-1.12) 0.530 0.907 

rs7177055 HMG20A 15 77832762 A/G 0.38 1.08(0.92-1.26) 0.359 0.73 0.94(0.78-1.12) 0.462 0.464 

rs11634397 ZFAND6 15 80432222 G/A 0.44 0.84(0.72-0.98) 0.031 0.66 1.17(0.99-1.39) 0.072 0.078 

rs2028299 AP3S2 15 90374257 C/A 0.29 1.18(1.00-1.40) 0.057 0.28 1.17(0.98-1.40) 0.080 0.976 

rs8042680 PRC1 15 91521337 A/C 0.88 0.91(0.72-1.15) 0.445 0.32 1.19(1.00-1.41) 0.047 0.239 

rs9939609 FTO 16 53820527 A/T 0.49 0.95(0.82-1.10) 0.509 0.43 1.34(1.14-1.58) 3.66E-04 0.052 

rs7202877 BCAR1 16 75247245 T/G 0.85 0.84(0.66-1.08) 0.176 0.91 1.74(1.30-2.32) 1.79E-04 0.019 

rs12970134 MC4R 18 57884750 A/G 0.14 1.15(0.93-1.42) 0.213 0.27 1.19(0.99-1.42) 0.059 0.866 

rs10401969 CILP2 19 19407718 C/T 0.17 1.09(0.89-1.33) 0.402 0.08 1.10(0.83-1.48) 0.502 0.960 

rs4812829 HNF4A 20 42989267 A/G 0.10 1.15(0.89-1.49) 0.284 0.17 1.04(0.83-1.30) 0.726 0.702 

a
NCBI build 37 

b
Risk allele (RA) and non-risk allele (NRA) as previously reported. Alleles indexed to NCBI build 37 (forward strand) 

c
Ethnic-specific risk allele frequencies (RAF) calculated for each SNP 
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d
Odds ratios (OR) and 95% confidence intervals (CI) under additive model are adjusted for age, gender, and population substructure 

(African Americans only) 

 

e
Heterogeneity P-values between African Americans and European Americans for selected SNPs 

21 SNPs that are directionally consistent with published results in both African Americans and European Americans are shown in bold
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Table 3. Comparison of risk allele load. 

Subjects African Americans European Americans 

  

 

Mean Median Standard Deviation Mean Median Standard Deviation Mean Difference P-value
a
 

Cases 53.8 54 4.0 51.5 52 4.4 2.3 4.21E-28 

Controls 53.7 54 3.9 50.4 50 4.3 3.3 3.09E-64 

All subjects 53.7 54 4.0 50.9 51 4.4 2.9 3.97E-89 

a
Two sided t-test 
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Table 4. Association of risk score with T2D by ethnicity. 

  African Americans European Americans 

  OR(95% CI) P-value OR(95% CI) P-value 

Unweighted 

    Model 1
a
 1.01(0.99-1.04) 0.29 1.06(1.04-1.09) 2.13E-07 

Model 2
b
 1.01(0.99-1.04) 0.36 1.08(1.05-1.11) 1.05E-07 

Weighted 

    Model 1
a
 1.17(1.01-1.35) 0.03 1.59(1.36-1.88) 1.71E-08 

Model 2
b
 1.16(0.98-1.38) 0.08 1.69(1.39-2.06) 1.65E-07 

a
Model 1 is unadjusted 

b
Model 2 is adjusted for age, gender, BMI and PC1 (African Americans only) 
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Figure 1. Comparison of risk allele distributions by ethnicity.  

 

African Americans (AfA, light grey) show a highly significant mean increase in risk 

allele load compared to European Americans (EA, dark grey).  

*p=3.96x10
-89
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Figure 2. Comparison of risk allele distributions by ethnicity and case-control status.  

 

African American T2D cases (AfA_cases, light grey) show a highly significant mean 

increase in risk allele load compared to European American T2D cases. (EA_cases, dark 

grey). African American controls (AfA_controls, light grey) show a highly significant 

mean increase in risk allele load compared to European American controls. (EA_controls, 

dark grey).  

*p=4.21x10
-28

; **p=3.09x10
-64
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Supplementary Material 

Supplementary Table 1. Published odds ratios and effect sizes for T2D susceptibility genes. 

SNP Nearest Gene Chr Position
a
 Risk Allele

b
 Odds Ratio

b
 Effect Size

c
 

rs10923931 NOTCH2 1 120517959 T 1.13 0.12 

rs7578597 THADA 2 43732823 T 1.15 0.14 

rs243021 BCL11A 2 60584819 A 1.08 0.08 

rs7560163 RND3 - FABP5L10 2 151637936 C 1.33 0.29 

rs7593730 RBMS1 2 161171454 C 1.11 0.10 

rs831571 PSMD6 3 64048297 C 1.09 0.09 

rs4607103 ADAMTS9 3 64711904 C 1.09 0.09 

rs4402960 IGF2BP2 3 185511687 T 1.15 0.14 

rs459193 ANKRD55 5 55806751 G 1.08 0.08 

rs7754840 CDKAL1 6 20661250 C 1.12 0.11 

rs10440833 CDKAL1 6 20688121 A 1.25 0.22 

rs9470794 ZFAND3 6 38106844 C 1.12 0.11 

rs1048886 C6orf57 6 71289189 G 1.54 0.43 

rs849134 JAZF1 7 28196222 A 1.13 0.12 

rs6467136 ZNF800 - GCC1 7 127164958 G 1.11 0.10 

rs972283 KLF14 7 130466854 G 1.07 0.07 

rs516946 ANK1 8 41519248 C 1.09 0.09 

rs896854 TP53INP1 8 95960511 T 1.06 0.06 

rs13266634 SLC30A8 8 118184783 C 1.12 0.11 

rs7041847 GLIS3 9 4287466 A 1.1 0.10 

rs2383208 CDKN2A/B 9 22132076 A 1.34 0.29 

rs13292136 CHCHD9 9 81952128 C 1.11 0.10 
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rs2796441 TLE1 9 84308948 G 1.07 0.07 

rs10906115 CDC123 - CAMK1D 10 12314997 A 1.13 0.12 

rs1802295 VPS26A 10 70931474 A 1.08 0.08 

rs12571751 ZMIZ1 10 80942631 A 1.08 0.08 

rs1111875 HHEX 10 94462882 C 1.13 0.12 

rs5015480 HHEX 10 94465559 C 1.18 0.17 

rs7901695 TCF7L2 10 114754088 C 1.37 0.31 

rs2237892 KCNQ1 11 2839751 C 1.33 0.29 

rs5215 KCNJ11 11 17408630 C 1.14 0.13 

rs1552224 CENTD2 11 72433098 A 1.14 0.13 

rs10842994 KLHDC5 12 27965150 C 1.1 0.10 

rs7961581 TSPAN8/LGR5 12 71663102 C 1.09 0.09 

rs7305618 HNF1A 12 121402932 C 1.14 0.13 

rs7957197 HNF1A 12 121460686 T 1.07 0.07 

rs7172432 C2CD4A/B 15 62396389 A 1.11 0.10 

rs7177055 HMG20A 15 77832762 A 1.08 0.08 

rs11634397 ZFAND6 15 80432222 G 1.06 0.06 

rs2028299 AP3S2 15 90374257 C 1.1 0.10 

rs8042680 PRC1 15 91521337 A 1.07 0.07 

rs9939609 FTO 16 53820527 A 1.25 0.22 

rs7202877 BCAR1 16 75247245 T 1.12 0.11 

rs12970134 MC4R 18 57884750 A 1.08 0.08 

rs10401969 CILP2 19 19407718 C 1.13 0.12 

rs4812829 HNF4A 20 42989267 A 1.09 0.09 

a
NCBI build 37 

b
Risk allele and odds ratio are from published GWAS of T2D. 

c
Effect size is the natural logarithm of the published odds ratio. 
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Supplementary Table 2. Association of risk score with T2D age at diagnosis by ethnicity. 

  African Americans European Americans 

  Beta(SE) P-value Beta(SE) P-value 

Unweighted 

    Model 1
a
 -0.03(0.10) 0.74 -0.14(0.12) 0.23 

Model 2
b
 -0.05(0.09) 0.60 -0.10(0.09) 0.23 

Weighted 

    Model 1
a
 -0.49(0.65) 0.45 -0.30(0.83) 0.72 

Model 2
b
 -0.82(0.55) 0.14 -0.15(0.62) 0.81 

a
Model 1 is unadjusted 

b
Model 2 is adjusted for age, gender, BMI and PC1 (African Americans only) 
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Supplementary Table 3. Association of risk score from 21 SNPs exhibiting directional 

consistency with published results with T2D and T2D age of onset by ethnicity. 

T2D 

  African Americans European Americans 

  OR(95% CI) P-value OR(95% CI) P-value 

Unweighted 

    Model 1
a
 1.09(1.05-1.13) 5.53E-07 1.07(1.04-1.11) 6.85E-05 

Model 2
b
 1.10(1.06-1.15) 4.02E-06 1.11(1.06-1.15) 7.33E-07 

Weighted 

    Model 1
a
 1.79(1.44-2.24) 1.98E-07 1.88(1.46-2.40) 6.48E-07 

Model 2
b
 1.85(1.41-2.44) 9.68E-06 2.36(1.74-3.19) 3.05E-08 

  

    Age of onset 

  African Americans European Americans 

  Beta(SE) P-value Beta(SE) P-value 

Unweighted 

    Model 1
a
 -0.25(0.15) 0.11 -0.06(0.17) 0.71 

Model 2
b
 -0.16(0.13) 0.22 -0.06(0.12) 0.66 

Weighted 

    Model 1
a
 -1.11(1.03) 0.28 0.68(1.28) 0.60 

Model 2
b
 -1.09(0.87) 0.21 0.58(0.95) 0.54 

a
Model 1 is unadjusted 

b
Model 2 is adjusted for age, gender, BMI and PC1 (African Americans only) 
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Supplementary Figure 1. Distribution of risk allele load by ethnicity and case/control 

status.  

 

Distribution in African American T2D cases (turquoise line) is right-shifted compared to 

European American T2D cases (green line). Distribution in African American controls 

(blue line) is right-shifted compared to European American controls (red line).  
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Abstract 

Type 2 diabetes (T2D) is the result of metabolic defects in insulin secretion and 

insulin sensitivity, yet most T2D loci identified to date influence insulin secretion. We 

hypothesized that T2D loci, particularly those affecting insulin sensitivity, can be 

identified through interaction with insulin secretion loci. To test this hypothesis, single 

nucleotide polymorphisms (SNPs) associated with acute insulin response to glucose 

(AIRg), a dynamic measure of first-phase insulin secretion, were identified in African 

Americans from the Insulin Resistance Atherosclerosis Family Study (IRASFS; n=492 

subjects). These SNPs were tested for interaction, individually and jointly as a genetic 

risk score (GRS), using genome-wide association study (GWAS) data from five cohorts 

(ARIC, CARDIA, JHS, MESA, WFSM; n=2,725 cases, 4,167 controls) with T2D as the 

outcome. In single variant analyses, suggestively significant (Pinteraction<510
-6

) 

interactions were observed at several loci including LYPLAL1 (rs10746381), CHN2 

(rs7796525), and EXOC1 (rs4289500). Notable AIRg GRS interactions were observed 

with SAMD4A (rs11627203) and UTRN (rs17074194). These data support the hypothesis 

that additional genetic factors contributing to T2D risk can be identified by interactions 

with insulin secretion loci.  
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Introduction  

Although common variants examined in genome-wide association studies 

(GWAS) have identified ~80 loci associated with T2D risk, these variants explain only 

about 15% of T2D heritability 
19,94

. A portion of the missing heritability may be 

explained by epistasis, which occurs when a genetic risk factor is modified by other 

factors in an individual’s genetic background 
95

. Epistasis, or gene-gene interaction, 

analyses may facilitate the detection of novel loci when non-additive effects exist, but 

may also provide novel insights illuminating biological mechanisms underlying complex 

diseases such as T2D 
96

.  

T2D is characterized by impaired insulin secretion arising from pancreatic beta-cell 

dysfunction and insulin resistance in hepatic, skeletal muscle, and other peripheral 

tissues, leading to decreased plasma glucose uptake. However, documented T2D loci 

primarily map to genes influencing insulin secretion or other aspects of beta-cell biology 

19
. Given the underlying bimodal pathophysiology, T2D may be a particularly well-suited 

disease model for hypothesis-driven investigation of epistatic interactions. Genetic insults 

to both insulin secretion and insulin sensitivity may jointly increase an individual’s T2D 

risk in a non-additive manner. Considering the higher prevalence rate of T2D, insulin 

resistance, and obesity, African Americans are optimal for the study of genetic 

interactions that contribute to T2D risk.  

In an effort to identify interactions contributing to T2D and to discover novel insulin 

sensitivity loci, we hypothesized that T2D risk loci, particularly those affecting insulin 

sensitivity, could be identified by interaction analyses with insulin secretion loci. In 

cross-sectional meta-analyses of five T2D studies (ARIC, CARDIA, JHS, MESA, and 
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WFSM), we tested whether 5 insulin secretion SNPs, or a genetic risk score summarizing 

these SNPs, modified genome-wide SNP associations with T2D risk.     

 

Research Design and Methods 

Subjects 

Two sources of data were analyzed in this study. Primary inferences of 

association with insulin secretion were derived from African American participants 

(n=492 individuals from 42 families) in the Insulin Resistance Atherosclerosis Family 

Study (IRASFS), a metabolically well-characterized cohort 
97

. Glucose homeostasis traits 

were measured by the frequently sampled intravenous glucose tolerance test (FSIGT) 
97

. 

Briefly, a 50% glucose solution (0.3g/kg) and regular human insulin (0.03units/kg) were 

injected intravenously at 0 and 20 minutes, respectively. Blood was collected at −5, 2, 4, 

8, 19, 22, 30, 40, 50, 70, 100, and 180 minutes for measurement of plasma glucose and 

insulin. AIRg was calculated as the increase in insulin at 2–8 minutes above the basal 

(fasting) insulin level after the bolus glucose injection at 0-1 minute. Insulin sensitivity 

(SI) was calculated by mathematical modeling using the MINMOD program (version 3.0 

[1994]) 
98

. Disposition index (DI) was calculated as the product of SI and AIRg.  

Inferences of genome-wide epistatic interaction with insulin secretion loci for T2D 

susceptibility  were derived from African American participants from the Atherosclerosis 

Risk in Communities Study (ARIC; n=955 T2D cases, 414 controls), Coronary Artery 

Risk Development in Young Adults (CARDIA; n=94 T2D cases, 654 controls), Jackson 

Heart Study (JHS; n=333 T2D cases, 1,450 controls), Multi-Ethnic Study of 

Atherosclerosis (MESA; n=411 T2D cases, 793 controls), and the Wake Forest School of 
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Medicine (WFSM; n=932 T2D cases, 856 controls) cohorts for a total of 2,725 T2D 

cases and 4,167 controls 
99–104

. T2D was diagnosed according to the American Diabetes 

Association criteria with at least one of the following: fasting glucose ≥126 mg/dL, 2-h 

oral glucose tolerance test glucose ≥200 mg/dL, random glucose ≥200 mg/dL, use of oral 

hypoglycemic agents and/or insulin, or physician diagnosed diabetes. Subjects diagnosed 

before 25 years of age were excluded. Normal glucose tolerance was defined as fasting 

glucose <100 mg/dL and 2-h oral glucose tolerance test glucose <140 mg/dL (if 

available) without reported use of diabetes medications. Control subjects <25 years of 

age were excluded.  

IRB approval was obtained at all sites and all participants provided written informed 

consent. Descriptions of the T2D study cohorts are summarized in S1 Appendix. 

 

Genotyping, Imputation, and Quality Control 

For the IRASFS samples, genotyping and quality control were performed at the 

Wake Forest Center for Genomics and Personalized Medicine Research using the 

Illumina Infinium HumanExome BeadChip v1.0 as previously described 
105

. Briefly, the 

exome chip contained 247,870 variants (92% protein coding), In addition, the chip 

included 64 SNPs associated with T2D from previous GWAS in Europeans, many of 

which have been implicated in insulin secretion (exome chip design: 

http://genome.sph.umich.edu/wiki/Exome_Chip_Design). Sample and autosomal SNP 

call rates were ≥99%, and SNPs with poor cluster separation (<0.35) were excluded. 

Mendelian errors were identified using PedCheck 
106

 and resolved by removing 

conflicting genotypes. Hardy–Weinberg Equilibrium (HWE) was assessed in unrelated 

http://genome.sph.umich.edu/wiki/Exome_Chip_Design


44 
 

samples (n=39) using PLINK (http://pngu.mgh.harvard.edu/purcell/plink) 
107

 to reduce 

biases introduced by familial allele frequencies. All variants were in accordance with 

HWE (P>1x10
-5

). 

The T2D study samples were genotyped using the Affymetrix Genome-Wide Human 

SNP Array 6.0. For the ARIC, CARDIA, JHS, and MESA cohorts, genotyping and 

quality control were completed by the National Heart, Lung, and Blood Institute’s 

(NHLBI’s) Candidate Gene Association Resource (CARe) at the Broad Institute 
108

. 

Genotyping for the WFSM study was performed at the Center for Inherited Disease 

Research (CIDR).  For all T2D studies, imputation was performed using MACH with the 

function –mle (version 1.0.16, http://www.sph.umich.edu/csg/abecasis/MaCH/) to obtain 

missing genotypes and replace genotypes inconsistent with reference haplotypes as 

previously described 
109

. SNPs with call rate ≥95% and minor allele frequency (MAF) 

≥1% that passed study-specific quality control were used for imputation 
108,110

. A 1:1 

HapMap II (NCBI Build 36) CEU:YRI (European:African) consensus haplotype was 

used as reference. A total of 2,713,329 to 2,907,086 autosomal SNPs from each GWAS 

with call rate ≥95%, MAF ≥1%, and Hardy-Weinberg P-value ≥0.0001 for genotyped 

SNPs and MAF ≥1% and RSQ ≥0.5 for imputed SNPs were included in subsequent data 

analyses. 

 

Principal Component Analysis 

For IRASFS, admixture was estimated using principal components (PCs) from 39 

ancestry informative markers (AIMs) and including HapMap CEU and YRI samples for 

http://pngu.mgh.harvard.edu/purcell/plink
http://www.sph.umich.edu/csg/abecasis/MaCH/
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comparison 
111

. Only PC1 correlated with HapMap populations, and was thus used as a 

covariate in all analyses. 

For the T2D  studies, PCs were computed for each study using high-quality SNPs as 

previously described 
105,108–110,112

. The first PC was highly correlated (r
2
 >0.87) with 

global African-European ancestry, as measured by ANCESTRYMAP 
113

, STRUCTURE 

114
, or FRAPPE 

115
. The African American T2D study samples had an average of 80% 

African ancestry. By analyzing unrelated samples from all studies using SMARTPCA 
112

, 

only the first PC appeared to account for substantial genetic variation (data not shown), 

whereas the subsequent PCs may reflect sampling noise and/or relatedness in samples 
113

. 

The first PC (PC1) was used as a covariate in all analyses to adjust for population 

substructure. 

 

Analysis of Association with Measures of Glucose Homeostasis in IRASFS 

To approximate a normal distribution, trait values were transformed by square 

root (AIRg, DI) or natural logarithm plus a constant (SI). Measured genotype association 

analyses of exome chip variants with AIRg, SI, and DI were performed under an additive 

model using the variance components method implemented in Sequential Oligogenic 

Linkage Analysis Routines (SOLAR) 
116

 with adjustment for age, gender, body mass 

index (BMI), and PC1.  

 

Genetic Risk Score Construction 

We further explored our interaction approach by constructing genetic risk scores 

(GRS), both weighted and unweighted, summarizing the effects of selected AIRg SNPs. 
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The AIRg GRS was created using the AIRg-lowering effect alleles for AIRg SNPs (i.e. 

reflecting poorer insulin secretion) from IRASFS (Table 1). The unweighted risk scores 

were calculated by summation of the number of risk alleles for each individual across all 

selected SNPs. The weighted AIRg GRS was calculated as the sum of risk alleles at each 

locus multiplied by their AIRg effect size from IRASFS. Missing genotypes for a given 

SNP were imputed as the average number of risk alleles across all samples. The 

association of each GRS with both AIRg and DI, a combinatorial measure of first-phase 

insulin secretion and insulin sensitivity, were evaluated in IRASFS using the variance 

components method implemented in SOLAR 
116

 adjusted for age, gender, and ancestry 

proportions.  

 

Analysis of Interaction for T2D Risk in the T2D Studies 

A logistic regression test for additive allelic interaction adjusted for age, gender, 

and PC1 was used for all interaction analyses with T2D as the outcome. Additional 

models included adjustment for BMI, and individuals with missing values were excluded 

(n=110). In each study, genome-wide interaction tests were performed in PLINK between 

each SNP in the genome with each candidate SNP (i.e. insulin secretion SNP) and GRS 

(i.e. insulin secretion risk score). Interaction results with extreme values (absolute β or 

SE>10), primarily due to low cell counts, were excluded.  A large number of SNPs with β 

and SE outliers were excluded in interaction analyses with the AIRg SNP rs1552224 

(2,466,070 to 2,479,156 SNPs excluded) due to its low frequency in the T2D study 

samples (combined MAF=0.03). For interaction analyses with all other SNPs and risk 

scores, the number of SNPs excluded as outliers ranged from 0 to 17,000. Interaction 
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results were combined by fixed-effect inverse variance weighting for each candidate SNP 

or GRS in METAL (http://www.sph.umich.edu/csg/abecasis/metal/). Each meta-analysis 

contained results for 486,148 to 2,965,304 SNPs. 

 

Results 

Candidate Insulin Secretion SNP Selection 

The characteristics of IRASFS subjects are shown in S1 Table. Samples included 

492 African Americans with mean age 41.2 years and mean BMI 29.1 kg/m
2
. Average 

African ancestry proportion was 0.75. FSIGT was performed for all subjects without T2D 

(n=492) to assess measures including insulin secretion (AIRg), insulin sensitivity index 

(SI), and disposition index (DI). 

Directly genotyped SNPs from the exome chip were tested for association with insulin 

secretion (AIRg) in IRASFS. Initially, five independent SNPs, which showed evidence of 

association with AIRg, were selected (effect sizes = -2.92 to -5.80). The MTNR1B SNP, 

rs10830963 is a well- documented locus associated with fasting glucose and T2D risk in 

Europeans. It was most powerfully associated with AIRg in IRASFS (P=1.20x10
-5

, Table 

1). An additional four variants with the strongest AIRg associations in IRASFS (P<510
-

4
) and MAF≥0.2 (rs1582418, rs10792837, rs10403702, and rs3827147) were also 

selected (Table 1).   

 

Interaction Analysis 

The selected SNPs were examined for genome-wide first order multiplicative 

interactions with 1) individual insulin secretion SNPs and 2) risk scores summarizing 

http://www.sph.umich.edu/csg/abecasis/metal/
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these insulin secretion SNPs. To maximize power, these analyses were performed in five 

studies (ARIC, CARDIA, JHS, MESA, and WFSM) including 2,725 T2D cases and 

4,167 non-diabetic controls and results were meta-analyzed. Representative meta-analysis 

q-q plots are provided in S1 Fig and S2 Fig. 

The characteristics of T2D case (n=2,725) and control subjects (n=4,167) for each study 

cohort are shown in S2 Table. Mean age at examination ranged from 38.2 (CARDIA) to 

67.6 (MESA) years. Mean age at diagnosis for T2D cases ranged from 35.0 (CARDIA) 

to 54.6 (MESA) years. In all cohorts except WFSM, BMI was >3 kg/m
2
 higher in cases 

compared to controls.  

 

AIRg SNP Interactions 

Five AIRg SNPs were tested for genome-wide interactions for T2D risk in the 

ARIC, CARDIA, JHS, MESA, and WFSM cohorts. Individual AIRg SNP results were 

meta-analyzed across cohorts. No interactions reached conventional GWAS thresholds 

for significance (Pinteraction<510
-8

). However, a total of 24 SNP-pairs were observed with 

suggestive interaction signals (Pinteraction<510
-6

; Table 2). The most significant AIRg SNP 

interaction observed was between rs1582418 at the PTTG1 locus (AIRg SNP) and 

rs16924460 (interacting SNP; P=1.70x10
-7

). This interacting SNP is an intronic variant in 

the gene KIAA1217, which encodes the human homolog of murine Skt (Sickle tail). BMI 

adjustment of the top AIRg SNP interactions resulted in attenuation of the interaction p-

value by three to four orders of magnitude for most SNPs (Table 2). Other notable 

interacting SNPs included rs10746381 (LYPLAL1), rs7796525 (CHN2), rs4289500 
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(EXOC1), rs10483995 (KCNK10), rs6575130 (CALM1), rs4975846 (MRPL36), 

rs2640666 (MTRR), rs10975898 (KDM4C), and rs1655028 (SNTB1). 

 

GRS Validation and Interaction Analysis 

Each GRS was tested for association with AIRg and DI under an additive model 

using the variance components method with adjustment for age, gender, and PC1 in 

IRASFS (S3 Table). The weighted AIRg GRS was associated with AIRg in IRASFS with 

or without BMI adjustment (P=4.96x10
-2

 and 3.34x10
-2

, respectively). Since the 

weighted risk score was associated with measures of glucose homeostasis, analysis of this 

risk score was emphasized in the tests for genome-wide interaction in the ARIC, 

CARDIA, JHS, MESA, and WFSM cohorts.  

Meta-analyzed estimates of genome-wide interactions with the weighted AIRg GRS are 

presented in Table 3. No interactions met conventional GWAS thresholds for 

significance. However, seven interactions with the weighted AIRg GRS reached a 

suggestive level of significance (Pinteraction <5x10
-6

; Table 3). In the AIRg GRS interaction 

analysis the most significant association was observed with interacting SNP rs4975846 

(Table 3; Pinteraction =2.03x10
-7

). This is an intergenic SNP upstream of the gene MRPL36, 

which encodes mitochondrial ribosomal protein L36. This same interacting SNP was 

implicated in single variant analyses with AIRg SNP rs10403702 (LGALS16). Other 

notable interacting SNPs included rs11627203 (SAMD4A, Pinteraction=6.57x10
-7

) and 

rs17074194 (UTRN, Pinteraction =1.87x-10
-6

). Top interactions with the AIRg GRS 

remained robust after BMI adjustment.  
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Discussion 

Meta-analyses of five African American T2D studies did not reveal statistically 

significant first-order interactions with insulin secretion SNPs or composite risk scores. 

However, the observed interactions (Pinteraction<510
-6

) suggest that a candidate insulin 

secretion SNP/GRS interaction approach is a valid method for identifying insulin 

sensitivity and T2D risk loci. For example, analyses with the AIRg SNP rs10403702 

(LGALS16) revealed an interaction with rs10746381, an intergenic SNP upstream of the 

LYPLAL1 gene encoding lysophospholipase-like 1. Variants at this locus have previously 

been associated with T2D, fasting insulin, HDL-cholesterol, triglycerides, and measures 

of body fat distribution, a signature common to insulin sensitivity loci 
117–120

. The AIRg 

SNP rs10792837 (EED) showed interaction with rs7796525, an intronic SNP in CHN2. 

Interaction of CHN2 with the insulin receptor gene INSR results in severe insulin 

resistance 
121

.  Additionally the AIRg SNP rs10830963 (MTNR1B) displayed interaction 

with rs4289500, an intergenic SNP upstream of EXOC1, which encodes a component of 

the exocyst complex, required for translocation of glucose transporter type 4 (GLUT4) 

vesicles to the plasma membrane in insulin-stimulated glucose uptake 
122

.  

Several genes related to pancreatic beta-cell function were also identified; suggesting 

interactions are not limited to insulin resistance as in our initial hypothesis. Analyses with 

AIRg SNP rs3827147 (C20orf96) revealed interactions with rs10483995, an intronic SNP 

in KCNK10. A study of pancreatic beta-cell line MIN6 cells has shown that Kcnk10, a 

member of the two-pore domain potassium channels, may regulate depolarization-

induced secretion of insulin in these cells 
123

. The AIRg SNP rs1582418 (PTTG1) 

interaction analyses identified an interaction with an intergenic SNP upstream of CALM1 
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(rs6575130). Inhibition of the product of this gene, calmodulin, with phenothiazines 

inhibits glucose-stimulated insulin secretion in isolated rat islet cells 
124–128

.  Several other 

variants detected in our analyses show interactions with similar biological relationships to 

insulin secretion and T2D. 

Interestingly, we observed interactions discrete for individual loci. For example, analyses 

with rs10830963 (MTNR1B) revealed an interaction with rs2640666, an intronic variant 

downstream of MTRR. MTRR encodes 5-methyltetrahydrofolate-homocysteine 

methyltransferase reductase, implicated in metabolic syndrome 
129

 and epigenetic 

instability 
130

. MTRR is highly expressed in the pineal gland in a circadian pattern 
131

, an 

intriguing result considering that the ligand for melatonin receptor 1B (encoded by 

MTNR1B), melatonin, is secreted from the pineal gland in a circadian pattern. Also 

revealed with rs10830963 was an association with rs4289500, which is ~200 kb upstream 

of CLOCK, a classic circadian clock gene. Further, analyses with other insulin secretion 

SNPs revealed genes involved in epigenetic modification. Analyses with rs3827147 

(C20orf96) revealed an interaction with rs10975898, an intronic SNP in KDM4C which 

encodes a lysine-specific demethylase. We also identified 2 dystrophin-related genes. 

Analyses with rs10403702 (LGALS16) revealed an interaction with rs1655028, an 

intronic SNP upstream of SNTB1. This gene encodes beta 1 syntrophin, a peripheral 

membrane protein that associates with dystrophin and dystrophin-related proteins. 

Evaluations of the AIRg GRS revealed an interaction with rs17074194, an intronic SNP 

in UTRN. This gene encodes utrophin, a cytoskeletal protein which has homology with 

dystrophin and is found at the neuromuscular synapse and myotendinous junctions in 

muscle cells. These observations may reflect different, input-dependent physiological 
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characteristics of interaction results, and may lead to mechanistic insights about the 

underlying causes of T2D and defects in glucose homeostasis in expanded analyses. 

Although results varied widely between interaction analyses, interaction with one locus, 

MRPL36, was replicated in multiple analyses. Functional characteristics of MRPL36 

related to T2D and glucose homeostasis pathophysiology are not evident in the current 

literature. 

Previous GWAS have largely ignored epistatic contributions to T2D risk due to the heavy 

multiple testing burden and computational challenges of exhaustive analytical 

approaches, and when they have considered this contribution, results have not been 

striking. For example, a recent genome-wide scan for two-locus interactions in the 

Wellcome Trust Case Control Consortium T2D GWAS data did not reveal any 

significant epistatic signals at a Bonferroni-corrected p-value threshold of 2.14x10
-11

 after 

adjusting for the main effects of the most strongly associated T2D locus, TCF7L2 
43

.  

Further, Herold et al. estimated that analysis of all pairwise interactions among 550,000 

SNPs in 1,200 samples on a 3 GHz computer would require a running time of 120 days 

42
. The interaction analysis presented here overcomes the issue of a heavy multiple testing 

burden by using a candidate SNP approach. A recent study by Becker et al. demonstrated 

that a multiple test correction of 0.4m, where m is the number of SNP pairs tested, is 

sufficiently conservative for large-scale allelic interaction tests 
132

. Further, Babron et al. 

show that a correction for the effective number of SNP pairs is equally sufficient 
133

. Li et 

al. previously demonstrated that the effective number of SNPs for an imputed dataset is 

~10
6
. These findings suggest that a significance threshold of 1x10

-8
 is appropriate for this 

study. 
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We did not detect interactions even at the conventional GWAS threshold of 5x10
-8

 in the 

current study. In part, this likely reflects the challenge of inherently reduced power of 

interaction models due to the low frequency of compound genotypes 
134

. Computational 

resources required for this study were equivalent to the requirements for running 12 

GWAS (5 candidate insulin secretion SNPs plus a GRS, with and without BMI 

adjustment). This is a significant reduction compared to exhaustive approaches 

examining genome-wide interactions with all available SNP pairs.  

In summary, our findings demonstrate that genome-wide interaction studies with selected 

insulin secretion variants is a powerful approach for the detection of T2D risk, insulin 

secretion, and insulin sensitivity loci. The use of a high-quality measure of first-phase 

insulin secretion, AIRg, to identify candidate interaction SNPs yielded compelling 

associations. These results justify an expansion of the current study and further 

investigation of putative insulin sensitivity loci, namely LYPLAL1, CHN2, and EXOC1. 
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Tables and Figures 

Table 1. Characteristics and single-SNP association results for AIRg SNPs in IRASFS. 

AIRg SNP Chr Position
a 

Gene Effect Allele
b 

Other Allele EAF
c 

Beta SE
d 

P 

rs1582418 5 159882797 PTTG1 C A 0.66 -3.12 0.86 4.00E-04 

rs10792837 11 85905715 EED A G 0.34 -2.92 0.84 4.20E-04 

rs10830963 11 92708710 MTNR1B G C 0.10 -5.80 1.30 1.20E-05 

rs10403702 19 40148584 LGALS16 T C 0.80 -3.54 0.95 2.07E-04 

rs3827147 20 256727 C20orf96 T A 0.30 -3.09 0.88 3.19E-04 

a
NCBI build 37. 

b
AIRg-lowering allele. 

c
Effect allele frequency. 

d
Standard error. 
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Table 2. Top meta-analyzed interactions with AIRg SNPs regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and WFSM. 

AIRg SNP (Gene) Intxn SNP
a
 (Gene) Chr Position

b 
MAF

c 
βintxn

d 
Pintxn

d 
Phet

e 
βintxn_adj_bmi

f 
Pintxn_adj_bmi

f 

 rs10403702 (LGALS16) rs12026223 (DPYD) 1 97866857 0.16 0.53 1.11E-06 0.85 0.53 1.98E-04 

 rs10403702 (LGALS16) rs10746381 (LYPLAL1) 1 219106550 0.46 -0.33 4.43E-06 0.38 -0.32 1.75E-03 

rs10403702 (LGALS16) rs17044602 (DPP10) 2 116273665 0.10 0.54 3.73E-06 0.51 0.54 2.43E-04 

rs10403702 (LGALS16) rs3822387 (ARHGAP26) 5 142488305 0.45 0.35 5.05E-07 0.97 0.33 2.16E-04 

rs10403702 (LGALS16) rs4975846 (MRPL36) 5 1794921 0.32 -0.35 1.63E-06 0.21 -0.36 4.94E-05 

rs10403702 (LGALS16) rs2201886 (NOX3) 6 155999177 0.16 -0.47 1.40E-06 0.95 -0.49 1.66E-04 

rs10403702 (LGALS16) rs1655028 (SNTB1) 8 122048009 0.44 0.34 2.21E-06 0.38 0.36 7.34E-06 

rs10403702 (LGALS16) rs244783 (WFDC1) 16 84360055 0.47 -0.32 3.07E-06 0.96 -0.33 1.11E-04 

rs10792837 (EED) rs7796525 (CHN2) 7 29410867 0.10 -0.71 1.53E-06 0.27 -0.70 5.39E-04 

rs10792837 (EED) rs1342119 (Intergenic) 9 104799619 0.26 0.35 2.91E-06 0.49 0.35 2.12E-03 

rs10792837 (EED) rs4556497 (Intergenic) 11 25663415 0.48 -0.56 4.19E-07 0.80 -0.58 9.73E-06 

rs10792837 (EED) rs1408201 (GJA3) 13 20741094 0.34 0.46 4.14E-06 0.83 0.47 1.53E-04 

rs10792837 (EED) rs12978873 (ZNF761) 19 53928911 0.24 -0.40 3.36E-06 0.46 -0.39 3.84E-04 

rs10830963 (MTNR1B) rs4289500 (EXOC1) 4 56638538 0.44 -0.56 4.60E-06 0.58 -0.38 5.19E-02 

rs10830963 (MTNR1B) rs2640666 (MTRR) 5 7926642 0.38 0.58 3.20E-06 0.66 0.42 2.42E-02 

rs10830963 (MTNR1B) rs7277627 (LCA5L) 21 40813558 0.34 -0.63 1.65E-06 0.98 -0.44 2.25E-02 

rs1582418 (PTTG1) rs2781575 (ARHGAP29) 1 94619077 0.07 0.63 4.02E-06 0.83 0.60 5.67E-03 

rs1582418 (PTTG1) rs7587317 (CYS1) 2 10234179 0.29 -0.31 4.77E-06 0.28 -0.28 2.88E-02 

rs1582418 (PTTG1) rs16924460 (KIAA1217) 10 24561095 0.08 -0.60 1.70E-07 0.55 -0.65 6.84E-04 

rs1582418 (PTTG1) rs6575130 (CALM1) 14 90849847 0.45 0.31 1.88E-06 0.23 0.31 8.63E-03 

rs1582418 (PTTG1) rs7150527 (TCL1B) 14 96125876 0.20 -0.39 3.71E-06 0.33 -0.39 6.71E-03 

rs1582418 (PTTG1) rs12597244 (BC108660) 16 5776269 0.37 -0.35 8.37E-07 0.65 -0.36 2.47E-03 

rs3827147 (C20orf96) rs10975898 (KDM4C) 9 6919984 0.22 -0.37 3.72E-06 0.70 -0.35 6.36E-04 

rs3827147 (C20orf96) rs10483995 (KCNK10) 14 88716607 0.07 0.81 8.75E-07 0.83 0.81 8.47E-05 
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a
SNP interacting with selected AIRg SNP. 

b
NCBI build 37. 

c
Minor allele frequency. 

d
Meta-analyzed effect size and p-value from 

interaction models adjusted for age, gender, and PC1. 
e
Heterogeneity p-values across studies from interaction models adjusted for age, 

gender, and PC1. 
f
Meta-analyzed effect size and p-value from interaction models adjusted for age, gender, PC1, and BMI. 
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Table 3. Top meta-analyzed interactions with weighted AIRg GRS regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and 

WFSM. 

Intxn SNP
a
 (Gene) Chr Position

b
 MAF

c
 βintxn

d
  Pintxn

d
 Phet

e
 βintxn_adj_bmi

f
 Pintxn_adj_bmi

f
 

rs4975846 (MRPL36) 5 1794921 0.32 0.05 2.03E-07 0.86 0.05 1.28E-06 

rs17074194 (UTRN) 6 145107349 0.09 -0.08 1.87E-06 0.71 -0.07 4.02E-05 

rs10274367 (C7orf50) 7 1117436 0.40 -0.05 1.41E-06 0.47 -0.04 9.63E-06 

rs4921630 (Intergenic) 8 16445870 0.06 -0.11 3.98E-06 0.61 -0.12 4.90E-06 

rs11625046 (SRP54) 14 35497011 0.10 -0.07 4.86E-06 0.68 -0.07 4.32E-05 

rs799466 (SRP54) 14 35503326 0.10 -0.07 4.53E-06 0.53 -0.07 3.80E-05 

rs11627203 (SAMD4A) 14 55221543 0.16 -0.07 6.57E-07 0.07 -0.06 1.81E-05 

a
SNP interacting with the weighted AIRg GRS. 

b
NCBI build 37. 

c
Minor allele frequency. 

d
Meta-analyzed effect size and p-value from 

interaction models adjusted for age, gender, and PC1. 
e
Heterogeneity p-values across studies from interaction models adjusted for age, 

gender, and PC1. 
f
Meta-analyzed effect size and p-value from interaction models adjusted for age, gender, PC1, and BMI. 
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Supplementary Material 

Supplementary Methods 

ARIC 

The ARIC study is a prospective population-based study of atherosclerosis and 

cardiovascular disease that included 15792 participants (27% African American) aged 

45-64 years at baseline visit (1987-89, visit 1) from four US communities 
99

.  Participants 

completed follow-up visits in 1990-92 (visit 2), 1993-95 (visit 3), 1996-98 (visit 4), and 

2011-13 (visit 5).  In this study, 955 T2D subjects diagnosed at any of the first four visits 

(visits 1-4) and 414 subjects with normal glucose tolerance (NGT) at visits 1-4 were 

included. All subjects were self-reported African American recruited from two 

communities (Jackson, MS and Forsyth, NC).  

 

CARDIA 

The CARDIA study is a prospective multi-center investigation of the natural 

history and etiology of cardiovascular disease that included 5115 participants (52% 

African American) aged 18-30 years at baseline visit from four US communities 

(Birmingham, AL; Chicago, IL; Minneapolis, MN and Oakland, CA) 
100

. Follow-up 

examinations occurred at years 2, 5, 7, 10, 15 and 20. In this study, 94 T2D subjects 

diagnosed at any visits and 654 subjects with NGT in all visits were included. All 

subjects were self-reported African American.  
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JHS 

JHS is a prospective population-based study to examine the risk factors of 

cardiovascular diseases among 5301 African American from two cohorts of unrelated 

(aged 35-84 years) and nested family-based (aged ≥21 years) subjects in the Jackson, 

Mississippi metropolitan area 
101

. The mean family size was 1.4±1.5 subjects per family. 

In this study, 333 T2D and 1450 NGT subjects at baseline visit who were not enrolled in 

the ARIC study were included. The respective mean family size was 1.3±1.4 subjects per 

family, and 88% of families are singletons. Family relationship was not accounted during 

association analysis due to the low degree of relatedness.  

 

MESA 

MESA is a prospective community-based study of the characteristics of 

subclinical cardiovascular disease and included 6,814 individuals (28% African 

American) free from known cardiovascular disease between 45–84 years old at baseline 

102
. Subjects were recruited from six field centers (Wake Forest School of Medicine, 

Columbia University, Johns Hopkins University, University of Minnesota, Northwestern 

University and University of California - Los Angeles). Data from up to the fifth visit are 

available for analyses (Exam 1 2000-02, Exam 2 2002-04, Exam 3 2004-05, Exam 4 

2005-07, Exam 5 2010-12). In this study, 411 T2D subjects diagnosed in any visit up to 

Exam 4 and 793 subjects with NGT in all visits up to Exam 4 who were self-reported 

African American were included.  
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WFSM 

The WFSM study is a cross-sectional case-control study designed to examine the 

genetics of T2D and end-stage renal disease (ESRD) in African American 
103,104

. In this 

study, the cases included 932 subjects with both T2D and ESRD recruited from dialysis 

facilities. In addition, cases had at least one of the following inclusion criteria: a) T2D 

diagnosed at least 5 years before initiating renal replacement therapy, b) background or 

greater diabetic retinopathy and/or c) ≥100 mg/dl proteinuria on urinalysis in the absence 

of other causes of nephropathy. The controls included 856 African American subjects 

without a current diagnosis of diabetes or renal disease recruited from the community and 

internal medicine clinics. All subjects were recruited in North Carolina, South Carolina, 

Georgia, Tennessee or Virginia. 
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Supplementary Data 

Supplementary Table 1. Descriptive characteristics of IRASFS African Americans. 

Characteristic* Value 

N 492 

Pedigrees 42 

Mean pedigree size 11.7 

Male (%) 42.4 

Age (years) 41.2±13.7 

Acute Insulin Response (µU ml
-1

 min)  1002.2±820.9 

Insulin Sensitivity (x10
-4

 min
-1

 µU
-1

 ml) 1.6±1.2 

Disposition Index 1425.5±1273.7 

BMI (kg/m
2
) 29.1±5.1 

African ancestry proportion 0.75±0.12 

*Data are shown as count, mean, percentage, or mean ± SD or percentage 
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Supplementary Table 2. Descriptive characteristics of African American diabetes case and control subjects. 

Characteristic ARIC CARDIA JHS MESA WFSM 

  case control case control case control case control case control 

N 955 414 94 654 333 1450 411 793 932 856 

Male (%) 35.8 31.2 19.2 38.2 33.9 38.7 47.2 42.4 38.8 43.7 

Age (years) * 61.3±6.0 59.6±6.3 40.5±3.8 38.2±4.4 55.5±10.7 48.6±11.3 67.6±9.2 65.3±10.5 61.6 ±10.5 49.0±11.9 

Age at diagnosis of T2D (years) 50.9±9.2 - 35.0±5.5 - 46.2±11.0 - 54.6±10.9 - 41.6±12.3 - 

BMI (kg/m2) * 32.0±6.7 27.6±5.7 33.8±8.1 29.6±6.8 35.2±7.5 31.4±7.5 31.7±6.2 28.6±5.8 29.7±7.1 30.0±7.1 

African ancestry proportion 0.83±0.10 0.83±0.09 0.83±0.08 0.80±0.11 0.83±0.08 0.82±0.09 0.79±0.14 0.78±0.14 0.80±0.11 0.78±0.11 

Data are shown as count, percentage, or mean ± SD. *Age and BMI are shown for the last available visit for the prospective studies 

including ARIC, CARDIA, and MESA (Exam 4); and the baseline visit for JHS and WFSM. 
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Supplementary Table 3. Association of AIRg GRS with AIRg and DI in IRASFS. 

  AIRg DI 

  Beta P-value Beta P-value 

Unweighted         

Model 1* -0.59 1.74E-01 -0.84 1.50E-01 

Model 2† -0.64 1.36E-01 -0.62 2.74E-01 

Weighted         

Model 1* -0.23 4.96E-02 -0.31 5.11E-02 

Model 2† -0.25 3.34E-02 -0.24 1.27E-01 

*Model 1 is adjusted for age, gender, and pc1 

†Model 2 is adjusted for age, gender, pc1, and BMI 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



67 
 

Supplementary Figure 1. Q-Q plot for meta-analyzed interactions with AIRg SNP 

rs10830963 (MTNR1B) regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and 

WFSM from interaction models adjusted for age, gender, and PC1. 
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Supplementary Figure 2. Q-Q plot for meta-analyzed interactions with weighted AIRg 

GRS regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and WFSM from 

interaction models adjusted for age, gender, and PC1. 
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Abstract 

Context: Type 2 diabetes (T2D) is the result of metabolic defects in insulin secretion and 

insulin sensitivity, yet most T2D loci identified to date influence insulin secretion.  

Objective: We hypothesized that T2D loci, particularly those affecting insulin sensitivity, 

can be identified through interaction with known T2D loci implicated in insulin secretion.  

Design: To test this hypothesis, single nucleotide polymorphisms (SNPs) nominally 

associated with acute insulin response to glucose (AIRg), a dynamic measure of first-

phase insulin secretion, and previously associated with T2D in GWAS studies were 

identified in African Americans from the Insulin Resistance Atherosclerosis Family 

Study (IRASFS; n=492 subjects). These SNPs were tested for interaction, individually 

and jointly as a genetic risk score (GRS), using genome-wide association study (GWAS) 

data from five cohorts (ARIC, CARDIA, JHS, MESA, WFSM; n=2,725 cases, 4,167 

controls) with T2D as the outcome.  

Results: In single variant analyses, suggestively significant (Pinteraction<510
-6

) 

interactions were observed at several loci including DGKB (rs978989), CDK18 

(rs12126276), CXCL12 (rs7921850), HCN1 (rs6895191), FAM98A (rs1900780), and 

MGMT (rs568530). Notable beta-cell GRS interactions included two SNPs at the DGKB 

locus (rs6976381; rs6962498).  

Conclusions: These data support the hypothesis that additional genetic factors 

contributing to T2D risk can be identified by interactions with insulin secretion loci. 
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Introduction  

Although common variants examined in genome-wide association studies 

(GWAS) have identified ~80 loci associated with T2D risk, these variants explain only 

about 15% of T2D heritability 
19,94

. A portion of the missing heritability may be 

explained by epistasis, which occurs when a genetic risk factor is modified by other 

factors in an individual’s genetic background 
95

. Epistasis, or gene-gene interaction, 

analyses may facilitate the detection of novel loci when non-additive effects exist, but 

may also provide novel insights illuminating biological mechanisms underlying complex 

diseases such as T2D 
96

.  

T2D is characterized by impaired insulin secretion arising from pancreatic beta-cell 

dysfunction and insulin resistance in skeletal muscle, hepatic, and other peripheral 

tissues, leading to decreased plasma glucose uptake. However, documented T2D loci 

primarily map to genes influencing insulin secretion or other aspects of beta-cell biology 

19
. Given the underlying bimodal pathophysiology, T2D may be a particularly well-suited 

disease model for hypothesis-driven investigation of epistatic interactions. Genetic insults 

to both insulin secretion and insulin sensitivity may jointly increase an individual’s T2D 

risk in a non-additive manner. Considering the higher prevalence rate of T2D, insulin 

resistance, and obesity, African Americans are optimal for the study of genetic 

interactions that contribute to T2D risk.  

In an effort to identify interactions contributing to T2D and to discover novel insulin 

sensitivity loci, we hypothesized that T2D risk loci, particularly those affecting insulin 

sensitivity, could be identified by interaction analyses with known T2D loci implicated in 

insulin secretion. In cross-sectional meta-analyses of five T2D studies (ARIC, CARDIA, 
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JHS, MESA, and WFSM), we tested whether 5 SNPs from known T2D loci and 

implicated in insulin secretion, or a genetic risk score summarizing these SNPs, modified 

genome-wide SNP associations with T2D risk.    

  

Research Design and Methods 

Subjects 

Two sources of data were analyzed in this study. Primary inferences of 

association with insulin secretion were derived from African American participants 

(n=492 individuals from 42 families) in the Insulin Resistance Atherosclerosis Family 

Study (IRASFS), a metabolically well-characterized cohort 
97

. Glucose homeostasis traits 

were measured by the frequently sampled intravenous glucose tolerance test (FSIGT) 
97

. 

Briefly, a 50% glucose solution (0.3g/kg) and regular human insulin (0.03units/kg) were 

injected intravenously at 0 and 20 minutes, respectively. Blood was collected at −5, 2, 4, 

8, 19, 22, 30, 40, 50, 70, 100, and 180 minutes for measurement of plasma glucose and 

insulin. AIRg was calculated as the increase in insulin at 2–8 minutes above the basal 

(fasting) insulin level after the bolus glucose injection at 0-1 minute. Insulin sensitivity 

(SI) was calculated by mathematical modeling using the MINMOD program (version 3.0 

[1994]) 
98

. Disposition index (DI) was calculated as the product of SI and AIRg.  

Inferences of genome-wide epistatic interaction with insulin secretion loci for T2D 

susceptibility  were derived from African American participants from the Atherosclerosis 

Risk in Communities Study (ARIC; n=955 T2D cases, 414 controls), Coronary Artery 

Risk Development in Young Adults (CARDIA; n=94 T2D cases, 654 controls), Jackson 

Heart Study (JHS; n=333 T2D cases, 1,450 controls), Multi-Ethnic Study of 
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Atherosclerosis (MESA; n=411 T2D cases, 793 controls), and the Wake Forest School of 

Medicine (WFSM; n=932 T2D cases, 856 controls) cohorts for a total of 2,725 T2D 

cases and 4,167 controls 
99–104

. T2D was diagnosed according to the American Diabetes 

Association criteria with at least one of the following: fasting glucose ≥126 mg/dL, 2-h 

oral glucose tolerance test glucose ≥200 mg/dL, random glucose ≥200 mg/dL, use of oral 

hypoglycemic agents and/or insulin, or physician diagnosed diabetes. Subjects diagnosed 

before 25 years of age were excluded. Normal glucose tolerance was defined as fasting 

glucose <100 mg/dL and 2-h oral glucose tolerance test glucose <140 mg/dL (if 

available) without reported use of diabetes medications. Control subjects <25 years of 

age were excluded.  

IRB approval was obtained at all sites and all participants provided written informed 

consent. Descriptions of the T2D study cohorts are summarized in the Supplementary 

Materials. 

 

Genotyping, Imputation, and Quality Control 

For the IRASFS samples, genotyping and quality control were performed at the 

Wake Forest Center for Genomics and Personalized Medicine Research using the 

Illumina Infinium HumanExome BeadChip v1.0 as previously described 
105

. Briefly, the 

exome chip contained 247,870 variants (92% protein coding), In addition, the chip 

included 64 SNPs associated with T2D from previous GWAS in Europeans, many of 

which have been implicated in insulin secretion (exome chip design: 

http://genome.sph.umich.edu/wiki/Exome_Chip_Design). Sample and autosomal SNP 

call rates were ≥99%, and SNPs with poor cluster separation (<0.35) were excluded. 

http://genome.sph.umich.edu/wiki/Exome_Chip_Design
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Mendelian errors were identified using PedCheck 
106

 and resolved by removing 

conflicting genotypes. Hardy–Weinberg Equilibrium (HWE) was assessed in unrelated 

samples (n=39) using PLINK (http://pngu.mgh.harvard.edu/purcell/plink) 
107

 to reduce 

biases introduced by familial allele frequencies. All variants were in accordance with 

HWE (P>1x10
-5

). 

The T2D study samples were genotyped using the Affymetrix Genome-Wide Human 

SNP Array 6.0. For the ARIC, CARDIA, JHS, and MESA cohorts, genotyping and 

quality control were completed by the National Heart, Lung, and Blood Institute’s 

(NHLBI’s) Candidate Gene Association Resource (CARe) at the Broad Institute 
108

. 

Genotyping for the WFSM study was performed at the Center for Inherited Disease 

Research (CIDR).  For all T2D studies, imputation was performed using MACH with the 

function –mle (version 1.0.16, http://www.sph.umich.edu/csg/abecasis/MaCH/) to obtain 

missing genotypes and replace genotypes inconsistent with reference haplotypes as 

previously described 
109

. SNPs with call rate ≥95% and minor allele frequency (MAF) 

≥1% that passed study-specific quality control were used for imputation 
108,110

. A 1:1 

HapMap II (NCBI Build 36) CEU:YRI (European:African) consensus haplotype was 

used as reference. A total of 2,713,329 to 2,907,086 autosomal SNPs from each GWAS 

with call rate ≥95%, MAF ≥1%, and Hardy-Weinberg P-value ≥0.0001 for genotyped 

SNPs and MAF ≥1% and RSQ ≥0.5 for imputed SNPs were included in subsequent data 

analyses. 

 

 

 

http://pngu.mgh.harvard.edu/purcell/plink
http://www.sph.umich.edu/csg/abecasis/MaCH/
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Principal Component Analysis 

For IRASFS, admixture was estimated using principal components (PCs) from 39 

ancestry informative markers (AIMs) and including HapMap CEU and YRI samples for 

comparison 
111

. Only PC1 correlated with HapMap populations, and was thus used as a 

covariate in all analyses. 

For the T2D  studies, PCs were computed for each study using high-quality SNPs as 

previously described 
105,108–110,112

. The first PC was highly correlated (r
2
 >0.87) with 

global African-European ancestry, as measured by ANCESTRYMAP 
113

, STRUCTURE 

114
, or FRAPPE 

115
. The African American T2D study samples had an average of 80% 

African ancestry. By analyzing unrelated samples from all studies using SMARTPCA 
112

, 

only the first PC appeared to account for substantial genetic variation (data not shown), 

whereas the subsequent PCs may reflect sampling noise and/or relatedness in samples 
113

. 

The first PC (PC1) was used as a covariate in all analyses to adjust for population 

substructure. 

 

Analysis of Association with Measures of Glucose Homeostasis in IRASFS 

To approximate a normal distribution, trait values were transformed by square 

root (AIRg, DI) or natural logarithm plus a constant (SI). Measured genotype association 

analyses of exome chip variants with AIRg, SI, and DI were performed under an additive 

model using the variance components method implemented in Sequential Oligogenic 

Linkage Analysis Routines (SOLAR) 
116

 with adjustment for age, gender, body mass 

index (BMI), and PC1.  
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Genetic Risk Score Construction 

We further explored our interaction approach by constructing genetic risk scores 

(GRS), both weighted and unweighted, summarizing the effects of SNPs associated with 

both T2D and insulin secretion (T2D-IS SNPs). The T2D-IS GRS was created using the 

T2D risk alleles for T2D-IS SNPs defined from the literature (Table 1). The unweighted 

risk score was calculated by summation of the number of risk alleles for each individual 

across all selected SNPs. The weighted T2D-IS GRS was calculated as the sum of risk 

alleles at each locus multiplied by the natural log of their T2D odds ratio (OR) defined 

from the literature 
94,118,135–137

. Missing genotypes for a given SNP were imputed as the 

average number of risk alleles across all samples. The association of each GRS with both 

AIRg and DI, a combinatorial measure of first-phase insulin secretion and insulin 

sensitivity, were evaluated in IRASFS using the variance components method 

implemented in SOLAR 
116

 adjusted for age, gender, and ancestry proportions.  

 

Analysis of Interaction for T2D Risk in the African American T2D Case-Control Studies 

A logistic regression test for additive allelic interaction adjusted for age, gender, 

and PC1 was used for all interaction analyses with T2D as the outcome. Additional 

models included adjustment for BMI, and individuals with missing values were excluded 

(n=110). In each study, genome-wide interaction tests were performed in PLINK between 

each SNP in the genome with each candidate SNP (i.e. insulin secretion SNP) and GRS 

(i.e. insulin secretion risk score). Interaction results with extreme values (absolute β or 

SE>10), primarily due to low cell counts, were excluded.  Across interaction analyses 

with all SNPs and risk scores, the number of SNPs excluded as outliers ranged from 0 to 
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17,000. Interaction results were combined by fixed-effect inverse variance weighting for 

each candidate SNP or GRS in METAL (http://www.sph.umich.edu/csg/abecasis/metal/). 

Each meta-analysis contained results for 486,148 to 2,965,304 SNPs. 

 

Results 

Candidate Beta-Cell Function SNP Selection 

The characteristics of IRASFS subjects are shown in Supplementary Table 1. 

Samples included 492 African Americans with mean age 41.2 years and mean BMI 29.1 

kg/m
2
. Average African ancestry proportion was 0.75. FSIGT was performed for all 

subjects without T2D (n=492) to assess measures including insulin secretion (AIRg), 

insulin sensitivity index (SI), and disposition index (DI). 

We identified  5 SNPs (Table 1) from established T2D risk loci from published GWAS 

118,135–137
 in which the T2D risk alleles were trending towards association (P<0.10) with 

AIRg in IRAS-FS (T2D-IS SNPs). Selected SNPs were identical to the published T2D 

GWAS index SNPs with the exception of rs7119 (HMG20A), which is in strong linkage 

disequilibrium with the GWAS index SNP rs7178572 in the current study (r
2
≥0.73 in all 

cohorts) and is suggestively associated with T2D (P=5.24x10
-7

) in individuals from 

Southeast Asia 
138

.   

 

Interaction Analysis 

The selected SNPs were examined for genome-wide first order multiplicative 

interactions with 1) individual insulin secretion SNPs and 2) risk scores summarizing 

these insulin secretion SNPs. To maximize power, these analyses were performed in five 

http://www.sph.umich.edu/csg/abecasis/metal/
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studies (ARIC, CARDIA, JHS, MESA, and WFSM) including 2,725 T2D cases and 

4,167 non-diabetic controls and results were meta-analyzed. Representative meta-analysis 

q-q plots are provided in Supplementary Figures 1 and 2. 

The characteristics of T2D case (n=2,725) and control subjects (n=4,167) for each study 

cohort are shown in Supplementary Table 2. Mean age at examination ranged from 38.2 

(CARDIA) to 67.6 (MESA) years. Mean age at diagnosis for T2D cases ranged from 

35.0 (CARDIA) to 54.6 (MESA) years. In all cohorts except WFSM, BMI was >3 kg/m
2
 

higher in cases compared to controls.  

 

T2D-IS SNP Interactions 

Five T2D-IS SNPs were tested for genome-wide interactions for T2D risk in the 

ARIC, CARDIA, JHS, MESA, and WFSM cohorts. Individual T2D-IS SNP results were 

meta-analyzed across cohorts. While no interactions were observed at a genome-wide 

significance level, a total of 21 SNP-pairs demonstrated suggestive evidence of 

interaction (Pinteraction<5x10
-6

; Table 2). The most significant T2D-IS SNP interaction 

observed was between rs7119 at the HMG20A locus (T2D-IS SNP) and rs6487610 

(interacting SNP; Pinteraction=3.83x10
-7

). This interacting SNP is located at an intron of 

SMCO2, which encodes single-pass membrane protein with coiled-coil domains 2. Top 

interactions with T2D-IS SNPs overall were robust against BMI adjustment (Table 2), 

with similar p-values. Other notable interacting SNPs included rs978989 (DGKB), 

rs12126276 (CDK18), rs7921850 (CXCL12), rs6895191 (HCN1), rs1900780 (FAM98A), 

and rs568530 (MGMT). 
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GRS Validation and Interaction Analysis 

Each GRS was tested for association with AIRg and DI under an additive model 

using the variance components method with adjustment for age, gender, and PC1 in 

IRASFS (Supplementary Table 3). The weighted T2D-IS GRS was not associated with 

AIRg; it was associated with DI with or without BMI adjustment (P=4.43x10
-2

 and 

4.51x10
-2

, respectively). Since the weighted risk score was associated with measures of 

glucose homeostasis, analysis of this risk score was emphasized in the tests for genome-

wide interaction in the ARIC, CARDIA, JHS, MESA, and WFSM cohorts.  

Meta-analyzed estimates of genome-wide interactions with the weighted T2D-IS GRS are 

presented in Table 3. No interactions met conventional GWAS thresholds for 

significance. However, eight interactions with the weighted T2D-IS GRS reached a 

suggestive level of significance (Pinteraction <5x10
-6

; Table 3). The most significant T2D-IS 

GRS interaction was with rs12434405 (Table 3, Pinteraction=9.60x10
-7

). This is an intronic 

SNP in the gene CEP128, which encodes centrosomal protein 128kDa. Further, the T2D-

IS GRS interaction analysis identified two SNPs at the DGKB locus, rs6976381 and 

rs6962498 (r
2
≥0.75 in all cohorts). This locus was identified in single variant interaction 

analyses with T2D-IS SNP rs7119 (HMG20A), though through a different interacting 

SNP (rs978989). Two SNPs at the FAM98A locus, rs6543772 and rs11687252, were also 

identified in this analysis. This locus was implicated in single variant analyses with T2D-

IS SNP rs7119 (HMG20A) through the interacting SNP rs1900780. Top interactions with 

the T2D-IS GRS were also robust against BMI adjustment. 
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Discussion 

Meta-analyses of five African American T2D studies did not reveal genome-wide 

statistically significant (Pinteraction<510
-8

) first-order interactions with insulin secretion 

SNPs or composite risk scores. However, the observed interactions (Pinteraction<510
-6

) 

suggest that a candidate insulin secretion SNP/GRS interaction approach is a valid 

method for identifying insulin sensitivity and T2D risk loci. For example, analyses with 

the T2D-IS SNP rs864745 (JAZF1) revealed an interaction with rs7921850, an intergenic 

SNP downstream of the CXCL12 gene encoding chemokine (C-X-C motif) ligand 12 

(also known as stromal cell-derived factor 1). CXCL12 is an adipocyte-derived 

chemotactic factor that recruits macrophages and is required for the establishment of 

obesity-induced adipose tissue inflammation and systemic insulin resistance in mice 
139

. 

Several genes related to pancreatic beta-cell function were also identified; suggesting 

interactions are not limited to insulin resistance as in our initial hypothesis. Evaluations 

of the T2D-IS SNP rs7119 (HMG20A) and the T2D-IS GRS identified interactions with 

rs978989 and rs6976381, respectively, intergenic SNPs downstream of the DGKB gene. 

Variants at DGKB have been associated with T2D, fasting glucose, and pancreatic islet 

beta-cell function as measured by HOMA-B 
118,140

. Variants near DGKB disrupt islet-

specific enhancer activity 
141

. Several other variants detected in our analyses show 

interactions with similar biological relationships to insulin secretion and T2D. 

Interestingly, we observed interactions discrete for individual loci. For example, analyses 

with rs864745 (JAZF1), a locus involved in transcriptional repression, showed an 

interaction with rs568530, an intergenic SNP upstream of MGMT, which encodes O-6-

Methylguanine-DNA Methyltransferase. These observations may reflect different, input-
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dependent physiological characteristics of interaction results, and may lead to 

mechanistic insights about the underlying causes of T2D and defects in glucose 

homeostasis in expanded analyses. 

Although results varied widely between interaction analyses, interactions with two loci, 

DGKB and FAM98, were replicated in multiple analyses. Functional characteristics of 

FAM98 related to T2D and glucose homeostasis pathophysiology are not evident in the 

current literature. 

Previous GWAS have largely ignored epistatic contributions to T2D risk due to the heavy 

multiple testing burden and computational challenges of exhaustive analytical 

approaches, and when they have considered this contribution, results have not been 

striking. For example, a recent genome-wide scan for two-locus interactions in the 

Wellcome Trust Case Control Consortium T2D GWAS data did not reveal any 

significant epistatic signals at a Bonferroni-corrected p-value threshold of 2.14x10
-11

 after 

adjusting for the main effects of the most strongly associated T2D locus, TCF7L2 
43

.  

Further, Herold et al. estimated that analysis of all pairwise interactions among 550,000 

SNPs in 1,200 samples on a 3 GHz computer would require a running time of 120 days 

42
. The interaction analysis presented here overcomes the issue of a heavy multiple testing 

burden by using a candidate SNP approach. A recent study by Becker et al. demonstrated 

that a multiple test correction of 0.4m, where m is the number of SNP pairs tested, is 

sufficiently conservative for large-scale allelic interaction tests 
132

. Further, Babron et al. 

show that a correction for the effective number of SNP pairs is equally sufficient 
133

. Li et 

al. previously demonstrated that the effective number of SNPs for an imputed dataset is 
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~10
6
. These findings suggest that a significance threshold of 1x10

-8
 is appropriate for this 

study. 

We did not detect interactions even at the conventional GWAS threshold of 5x10
-8

 in the 

current study. In part, this likely reflects the challenge of inherently reduced power of 

interaction models due to the low frequency of compound genotypes 
134

. Computational 

resources required for this study were equivalent to the requirements for running 12 

GWAS (5 candidate insulin secretion SNPs plus a GRS, with and without BMI 

adjustment). This is a significant reduction compared to exhaustive approaches 

examining genome-wide interactions with all available SNP pairs.  

In summary, our findings demonstrate that genome-wide interaction studies with selected 

insulin secretion variants is a powerful approach for the detection of T2D risk, insulin 

secretion, and insulin sensitivity loci. The use of a high-quality measure of first-phase 

insulin secretion, AIRg, to identify candidate interaction SNPs yielded compelling 

associations. These results justify an expansion of the current study and further 

investigation of putative insulin sensitivity loci, namely CXCL12. 
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Tables and Figures 

Table 1. Characteristics and single-SNP AIRg association results for T2D-IS SNPs in published GWAS and IRASFS. 

T2D-IS SNP Chr Position* Gene 
Published GWAS IRASFS AIRg 

T2D Risk Allele Other Allele T2D OR† PMID‡ RAF§ Beta SE|| P 

rs7593730 2 161171454 RBMS1 T C 1.11 20418489 0.39 -1.38 0.86 0.086 

rs864745 7 28180556 JAZF1 T C 1.10 18372903 0.72 -1.52 0.91 0.096 

rs5215 11 17408630 KCNJ11 C T 1.08 24509480 0.15 -2.60 1.18 0.033 

rs1552224 11 72433098 ARAP1 A C 1.14 20581827 0.06 -3.05 1.69 0.077 

rs7119 15 77777632 HMG20A C T 1.24 22885922 0.52 -1.50 0.81 0.059 

*NCBI build 37. †Reported odds ratio. ‡PubMed ID. §Risk allele frequency. ||Standard error. 
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Table 2. Top meta-analyzed interactions with T2D-IS SNPs regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and WFSM. 

T2D-IS SNP (Gene) Intxn SNP* (Gene) Chr Position† MAF‡ βintxn§  Pintxn§ Phet|| βintxn_adj_bmi¶ Pintxn_adj_bmi¶ 

rs5215 (KCNJ11) rs3024370 (F13A1) 6 6250967 0.48 -0.52 3.01E-06 0.71 -0.56 2.32E-06 

rs5215 (KCNJ11) rs7842913 (FUT10) 8 33089041 0.07 -2.77 4.58E-06 1.00 -2.75 4.57E-06 

rs7119 (HMG20A) rs12121207 (ATG4C) 1 63232384 0.44 -0.29 2.68E-06 0.20 -0.28 1.43E-05 

rs7119 (HMG20A) rs1900780 (FAM98A/MYADML) 2 33901094 0.33 0.36 3.46E-06 0.76 0.37 6.92E-06 

rs7119 (HMG20A) rs978989 (DGKB) 7 14954759 0.27 0.33 2.72E-06 0.23 0.33 4.27E-06 

rs7119 (HMG20A) rs6487610 (SMCO2) 12 27628742 0.38 0.32 3.83E-07 0.42 0.32 8.45E-07 

rs7119 (HMG20A) rs7965793 (ANKS1B) 12 100175468 0.31 0.44 1.05E-06 0.76 0.47 7.74E-07 

rs7119 (HMG20A) rs1496811 (Intergenic) 18 38952563 0.49 0.27 4.95E-06 0.98 0.27 1.24E-05 

rs7119 (HMG20A) rs4812424 (Intergenic) 20 38654372 0.35 -0.47 4.68E-07 0.14 -0.46 1.51E-06 

rs7119 (HMG20A) rs6105151 (ESF1) 20 13691752 0.34 0.30 2.08E-06 0.42 0.32 7.23E-07 

rs7593730 (RBMS1) rs6895191 (HCN1) 5 45877674 0.28 0.32 2.80E-06 0.39 0.32 6.91E-06 

rs7593730 (RBMS1) rs4705321 (SH3TC2/ABLIM3) 5 148508860 0.31 0.30 4.13E-06 0.58 0.28 2.91E-05 

rs7593730 (RBMS1) rs16872382 (ZFPM2) 8 106108691 0.03 -0.97 7.34E-07 0.85 -0.99 8.49E-07 

rs7593730 (RBMS1) rs12865410 (Intergenic) 13 104785227 0.35 -0.30 9.69E-07 0.46 -0.32 6.44E-07 

rs7593730 (RBMS1) rs12863474 (Intergenic) 13 104784409 0.37 0.33 1.29E-06 0.89 0.36 4.48E-07 

rs864745 (JAZF1) rs12126276 (CDK18) 1 205494508 0.18 -0.92 1.31E-06 0.68 -0.92 2.98E-06 

rs864745 (JAZF1) rs12343907 (GLT6D1 ) 9 138498904 0.35 -0.34 1.44E-06 0.87 -0.34 2.04E-06 

rs864745 (JAZF1) rs7921850 (CXCL12) 10 44704401 0.37 -0.33 2.52E-06 0.56 -0.31 1.37E-05 

rs864745 (JAZF1) rs568530 (MGMT) 10 131018864 0.41 0.32 3.27E-06 0.30 0.32 1.03E-05 

rs864745 (JAZF1) rs16973790 (WRD72/UNC13C) 15 54188148 0.15 0.55 3.13E-06 0.27 0.51 3.09E-05 

rs864745 (JAZF1) rs12483006 (SLC37A1) 21 43953851 0.07 -0.66 1.95E-06 0.58 -0.64 8.17E-06 

*SNP interacting with selected T2D-IS SNP. †NCBI build 37. ‡Minor allele frequency. §Meta-analyzed effect size and p-value from 

interaction models adjusted for age, gender, and PC1. ||Heterogeneity p-values across studies from interaction models adjusted for age, 

gender, and PC1. ¶ Meta-analyzed effect size and p-value from interaction models adjusted for age, gender, PC1, and BMI. 
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Table 3. Top meta-analyzed interactions with weighted T2D-IS GRS regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and 

WFSM. 

Intxn SNP* (Gene) Chr Position† MAF‡ βintxn§  Pintxn§ Phet|| βintxn_adj_bmi¶ Pintxn_adj_bmi¶ 

rs6543722 (FAM98A) 2 33832523 0.39 -1.20 2.82E-06 0.79 -1.22 3.52E-06 

rs11687252 (FAM98A) 2 33834496 0.38 -1.17 3.27E-06 0.68 -1.19 3.70E-06 

rs6851672 (DKK2) 4 107907908 0.03 3.70 4.79E-06 0.82 3.63 9.62E-06 

rs6976381 (DGKB) 7 15048814 0.18 -1.67 1.21E-06 0.73 -1.66 2.18E-06 

rs6962498 (DGKB) 7 15050305 0.14 -1.77 3.71E-06 0.54 -1.77 6.65E-06 

rs17082105 (PCDH9) 13 67685156 0.18 1.45 3.46E-06 0.86 1.51 2.65E-06 

rs12434405 (CEP128) 14 81044614 0.12 -1.90 9.60E-07 0.12 -1.87 2.49E-06 

rs16951940 (Intergenic) 16 80021664 0.03 3.40 2.29E-06 0.84 3.43 4.58E-06 

*SNP interacting with the weighted T2D-IS GRS. †NCBI build 37. ‡Minor allele frequency. §Meta-analyzed effect size and p-value 

from interaction models adjusted for age, gender, and PC1. ||Heterogeneity p-values across studies from interaction models adjusted 

for age, gender, and PC1. ¶ Meta-analyzed effect size and p-value from interaction models adjusted for age, gender, PC1, and BMI. 
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Supplementary Material 

Supplementary Methods 

ARIC 

The ARIC study is a prospective population-based study of atherosclerosis and 

cardiovascular disease that included 15792 participants (27% African American) aged 

45-64 years at baseline visit (1987-89, visit 1) from four US communities 
99

.  Participants 

completed follow-up visits in 1990-92 (visit 2), 1993-95 (visit 3), 1996-98 (visit 4), and 

2011-13 (visit 5).  In this study, 955 T2D subjects diagnosed at any of the first four visits 

(visits 1-4) and 414 subjects with normal glucose tolerance (NGT) at visits 1-4 were 

included. All subjects were self-reported African American recruited from two 

communities (Jackson, MS and Forsyth, NC).  

 

CARDIA 

The CARDIA study is a prospective multi-center investigation of the natural 

history and etiology of cardiovascular disease that included 5115 participants (52% 

African American) aged 18-30 years at baseline visit from four US communities 

(Birmingham, AL; Chicago, IL; Minneapolis, MN and Oakland, CA) 
100

. Follow-up 

examinations occurred at years 2, 5, 7, 10, 15 and 20. In this study, 94 T2D subjects 

diagnosed at any visits and 654 subjects with NGT in all visits were included. All 

subjects were self-reported African American.  
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JHS 

JHS is a prospective population-based study to examine the risk factors of 

cardiovascular diseases among 5301 African American from two cohorts of unrelated 

(aged 35-84 years) and nested family-based (aged ≥21 years) subjects in the Jackson, 

Mississippi metropolitan area 
101

. The mean family size was 1.4±1.5 subjects per family. 

In this study, 333 T2D and 1450 NGT subjects at baseline visit who were not enrolled in 

the ARIC study were included. The respective mean family size was 1.3±1.4 subjects per 

family, and 88% of families are singletons. Family relationship was not accounted during 

association analysis due to the low degree of relatedness.  

 

MESA 

MESA is a prospective community-based study of the characteristics of 

subclinical cardiovascular disease and included 6,814 individuals (28% African 

American) free from known cardiovascular disease between 45–84 years old at baseline 

102
. Subjects were recruited from six field centers (Wake Forest School of Medicine, 

Columbia University, Johns Hopkins University, University of Minnesota, Northwestern 

University and University of California - Los Angeles). Data from up to the fifth visit are 

available for analyses (Exam 1 2000-02, Exam 2 2002-04, Exam 3 2004-05, Exam 4 

2005-07, Exam 5 2010-12). In this study, 411 T2D subjects diagnosed in any visit up to 

Exam 4 and 793 subjects with NGT in all visits up to Exam 4 who were self-reported 

African American were included.  
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WFSM 

The WFSM study is a cross-sectional case-control study designed to examine the 

genetics of T2D and end-stage renal disease (ESRD) in African American 
103,104

. In this 

study, the cases included 932 subjects with both T2D and ESRD recruited from dialysis 

facilities. In addition, cases had at least one of the following inclusion criteria: a) T2D 

diagnosed at least 5 years before initiating renal replacement therapy, b) background or 

greater diabetic retinopathy and/or c) ≥100 mg/dl proteinuria on urinalysis in the absence 

of other causes of nephropathy. The controls included 856 African American subjects 

without a current diagnosis of diabetes or renal disease recruited from the community and 

internal medicine clinics. All subjects were recruited in North Carolina, South Carolina, 

Georgia, Tennessee or Virginia. 
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Supplementary Data 

Supplementary Table 1. Descriptive characteristics of IRASFS African Americans. 

Characteristic* Value 

N 492 

Pedigrees 42 

Mean pedigree size 11.7 

Male (%) 42.4 

Age (years) 41.2±13.7 

Acute Insulin Response (µU ml
-1

 min)  1002.2±820.9 

Insulin Sensitivity (x10
-4

 min
-1

 µU
-1

 ml) 1.6±1.2 

Disposition Index 1425.5±1273.7 

BMI (kg/m
2
) 29.1±5.1 

African ancestry proportion 0.75±0.12 

*Data are shown as count, mean, percentage, or mean ± SD or percentage 
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Supplementary Table 2. Descriptive characteristics of African American diabetes case and control subjects. 

Characteristic ARIC CARDIA JHS MESA WFSM 

  case control case control case control case control case control 

N 955 414 94 654 333 1450 411 793 932 856 

Male (%) 35.8 31.2 19.2 38.2 33.9 38.7 47.2 42.4 38.8 43.7 

Age (years) * 61.3±6.0 59.6±6.3 40.5±3.8 38.2±4.4 55.5±10.7 48.6±11.3 67.6±9.2 65.3±10.5 61.6 ±10.5 49.0±11.9 

Age at diagnosis of T2D 

(years) 50.9±9.2 - 35.0±5.5 - 46.2±11.0 - 54.6±10.9 - 41.6±12.3 - 

BMI (kg/m2) * 32.0±6.7 27.6±5.7 33.8±8.1 29.6±6.8 35.2±7.5 31.4±7.5 31.7±6.2 28.6±5.8 29.7±7.1 30.0±7.1 

African ancestry proportion 0.83±0.10 0.83±0.09 0.83±0.08 0.80±0.11 0.83±0.08 0.82±0.09 0.79±0.14 0.78±0.14 0.80±0.11 0.78±0.11 

Data are shown as count, percentage, or mean ± SD. *Age and BMI are shown for the last available visit for the prospective studies 

including ARIC, CARDIA, and MESA (Exam 4); and the baseline visit for JHS and WFSM. 

 

 

 

 

 

 



95 
 

Supplementary Table 3. Association of T2D-IS GRS with AIRg and DI in IRASFS. 

  AIRg DI 

  Beta P-value Beta P-value 

Unweighted         

Model 1* -0.16 7.24E-01 0.56 3.56E-01 

Model 2† -0.15 7.30E-01 0.51 3.86E-01 

Weighted         

Model 1* 1.77 5.59E-01 8.26 4.43E-02 

Model 2† 1.89 5.29E-01 8.02 4.51E-02 

*Model 1 is adjusted for age, gender, and pc1 

†Model 2 is adjusted for age, gender, pc1, and BMI 
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Supplementary Figure 1. Q-Q plot for meta-analyzed interactions with T2D-IS SNP 

rs7119 (HMG20A) regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and WFSM 

from interaction models adjusted for age, gender, and PC1. 

 

 

 

 

 

 



97 
 

Supplementary Figure 2. Q-Q plot for meta-analyzed interactions with weighted T2D-IS 

GRS regressed on T2D risk in ARIC, CARDIA, JHS, MESA, and WFSM from 

interaction models adjusted for age, gender, and PC1. 
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CHAPTER 5 

Genome-wide Interaction with the Insulin Secretion Locus MTNR1B Reveals CMIP, a 

Novel Type 2 Diabetes Susceptibility Gene in African Americans 

 

Jacob M. Keaton, Chuan Gao, Meijian Guan, Jacklyn N. Hellwege, Nicholette D. Palmer, 

James S. Pankow, Myriam Fornage, James G. Wilson, Adolfo Correa, Laura J. 

Rasmussen-Torvik, Jerome I. Rotter, Yii-Der I. Chen, Kent D. Taylor, Stephen S. Rich, 

Lynne E. Wagenknecht, Barry I. Freedman, Maggie C. Y. Ng, and Donald W. Bowden 
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Abstract 

Type 2 diabetes (T2D) is the result of metabolic defects in insulin secretion and 

insulin sensitivity, yet most of the T2D loci identified to date are related to insulin 

secretion. We hypothesize that T2D loci, particularly those impacting insulin sensitivity, 

can be identified through interaction with insulin secretion loci. To test this hypothesis, 

an intronic SNP, rs10830963, in MTNR1B associated with acute insulin response to 

glucose (AIRg; P=1.2x10
-5

), a dynamic measure of first-phase insulin secretion, was 

identified in African Americans (AfA) from the Insulin Resistance Atherosclerosis 

Family Study (IRASFS). rs10830963 was tested for interaction and joint (main + 

interaction) effects in AfA from five cohorts (ARIC, CARDIA, JHS, MESA, WFSM) 

comprising 2,452 cases and 3,772 controls. Genome-wide genotype data was derived 

from the Affymetrix HumanGenome 6.0 array imputed to a 1000 Genomes reference 

panel. Logistic regression with T2D as the outcome was modeled including rs10830963 

dosage, age, sex, and principal component covariates. Joint effects were captured using 

the Kraft 2 degree-of-freedom test. Genome-wide significant (P<5x10
-8

) interaction and 

joint effects were detected for the intronic SNP rs17197883 in CMIP (PINTXN=1.43x10
-8

; 

PJOINT=4.70x10
-8

).
 
CMIP variants have previously been nominally associated with T2D, 

fasting glucose, and adiponectin in individuals of East Asian (EAS) ancestry, and with 

waist-to-hip ratio adjusted for body mass index (BMI) in Europeans (EUR). These data 

support the hypothesis that additional genetic factors contributing to T2D risk, including 

insulin sensitivity loci, can be identified by interactions with insulin secretion loci. 
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Introduction 

Type 2 diabetes (T2D), a disease twice as prevalent in African Americans 

compared to Europeans, is characterized by elevated plasma glucose resulting from beta-

cell dysfunction in insulin secretion and impaired insulin sensitivity
1
.  Genome-wide 

association studies (GWAS) have identified >80 T2D loci, but the known biology for 

most of these loci is related to beta-cell dysfunction
19,142

. We hypothesized in our 

previous study that T2D risk loci, particularly those affecting insulin sensitivity, could be 

identified by interaction analyses with insulin secretion loci. To test this hypothesis, 

SNPs associated with acute insulin response to glucose (AIRg), a dynamic measure of 

insulin secretion within minutes of glucose loading, in IRASFS were analyzed for 

genome-wide interactions contributing T2D risk in African American T2D studies. The 

strongest observed AIRg association in IRASFS was with the intronic variant rs10830963 

in MTNR1B (P=1.20x10
-5

). 

In an effort to increase study power, we again examined genome-wide interactions with 

the intronic insulin secretion variant rs10830963 in MTNR1B contributing to T2D risk in 

African Americans with three major modifications compared to our original analysis. 

First, after observing homogeneity in genetic effects across cohorts in our prior study, we 

pooled (as opposed to meta-analyzed) samples from five African American T2D studies. 

Study cohorts included African American participants from the Atherosclerosis Risk in 

Communities Study (ARIC), Coronary Artery Risk Development in Young Adults 

(CARDIA), Jackson Heart Study (JHS), Multi-Ethnic Study of Atherosclerosis (MESA), 

and the Wake Forest School of Medicine (WFSM) cohorts
99–104

. Differences in sample 
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sizes compared to our previous analysis are due to extensive cleaning for duplicate and 

related samples across cohorts.  

Second, the analysis presented herein was conducted using genotype data imputed to a 

1000 Genomes phase 1 reference panel
143

. Compared to the HapMap reference panel 

used for imputation in our previous study, the 1000 Genomes panel provides greater 

coverage of common variation and facilitates overall improvement of imputation 

quality
144

. This expanded genotype data allowed for analysis of 9,085,034 autosomal 

SNPs with a minor allele frequency (MAF) >5% in our study cohorts, as compared to 

2,907,086 autosomal SNPs with a MAF >1% in our previous analysis. The MAF 

threshold was increased in the current study to overcome the inherent power loss and 

potential for false positives for interaction analyses incorporating a low frequency 

exposure
145

.  

Finally, in addition to hypothesis testing of the interaction term in our models, this 

analysis incorporates the Kraft 2 degree-of-freedom test to jointly analyze marginal and 

interaction effects
146

. This joint test allows for the detection of variants with both additive 

and non-additive effects contributing to T2D risk.  

 

Research Design and Methods 

Subjects 

Subjects included African American participants from ARIC (n=820 T2D cases, 

371 controls), CARDIA (n=94 T2D cases, 652 controls), JHS (n=244 T2D cases, 1,089 

controls), MESA (n=404 T2D cases, 773 controls), and WFSM (n=890 T2D cases, 

887controls) cohorts
99–104

. Inclusion and exclusion criteria for T2D cases and controls 



102 
 

have been described extensively in a previous study
147

. Briefly, T2D was diagnosed 

according to the American Diabetes Association criteria with at least one of the 

following: fasting glucose ≥126 mg/dL, 2-h oral glucose tolerance test glucose ≥200 

mg/dL, random glucose ≥200 mg/dL, use of oral hypoglycemic agents and/or insulin, or 

physician diagnosed diabetes. Subjects diagnosed before 25 years of age were excluded. 

Normal glucose tolerance was defined as fasting glucose <100 mg/dL and 2-h oral 

glucose tolerance test glucose <140 mg/dL (if available) without reported use of diabetes 

medications. Control subjects <25 years of age were excluded. 

To account for the effect of population structure on genetic association in these African 

American samples, principal components analysis (PCA) was computed for all samples 

collectively using genotyped SNPs that passed quality control standards after exclusion 

of regions of high linkage disequilibrium (LD) and inversions. The first PC (PC1) was 

used as a covariate in all analyses to adjust for population substructure. 

Additionally, relatedness was assessed in combined analysis of ARIC, CARDIA, JHS, 

MESA, and WFSM using identity-by-descent (IBD) performed in PLINK
148

. A total of 

1,065 duplicates (pi-hat >0.9) and first-degree relatives were removed according to 

sample call rate and phenotype to retain only unique and unrelated subjects for analysis. 

Samples reflecting low call rate, gender mismatch, or population outliers were also 

excluded. After cleaning, a total of 2,452 T2D cases and 3,772 controls remained for 

analysis. 
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SNP Genotyping, Imputation, and Quality Control 

All samples were genotyped on the Affymetrix Genome-Wide Human SNP Array 

6.0. For ARIC, CARDIA, JHS, and MESA, genotyping and quality control were 

completed by the National Heart, Lung, and Blood Institute’s (NHLBI’s) Candidate Gene 

Association Resource (CARe) at the Broad Institute
108

. Genotyping for the WFSM study 

was performed at the Center for Inherited Disease Research (CIDR). In a pooled analysis 

of all studies, pre-phasing was performed using SHAPEIT2 and imputation was 

performed using IMPUTEv2 to obtain missing genotypes and replace genotypes 

inconsistent with reference haplotypes
149,150

. SNPs with call rate ≥95%, MAF ≥1%, and 

Hardy-Weinberg Equilibrium P <1×10
-4

 that passed study-specific quality control were 

used for imputation
108,110

. The 1000 Genomes Project cosmopolitan reference panel 

(Phase I Integrated Release Version 3, March 2012) was used as reference
151

. A total of 

9,085,034 autosomal SNPs with MAF ≥5% and imputation quality (INFO) ≥0.5 were 

included in subsequent data analyses. 

 

Interaction Analysis 

Logistic regression with T2D as the outcome was modeled including genetic main 

and GxG interaction effects as well as rs10830963 dosage, age, sex, and principal 

component covariates for all samples. One additional model was computed to 

additionally adjust for body mass index (BMI). 

𝑌 = 𝛽0 + 𝛽1𝑆 + 𝛽2𝐺 + 𝛽3𝑆 × 𝐺 + 𝛽4𝐶 

Y is the log odds of T2D, S is the dosage for the MTNR1B SNP rs10830963, G is the 

dosage of the imputed variant, and C is the vector of all remaining covariates. Both the 
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rs10830963 and imputed variant dosages were additively coded with values between 0 

and 2. The ProbABEL package from the GenABEL suite of programs 

(http://www.genabel.org/) was used to calculate the genetic main effect 𝛽2, the 

interaction effect 𝛽3, and the corresponding robust standard errors and covariance used to 

construct the 2x2 covariance matrix for the Kraft test
146

. Hypothesis testing included a 

Wald test statistic following a chi-squared distribution with 1 degree-of-freedom under 

the null 𝐻0: 𝛽3 = 0, as well as the Kraft test statistic following a chi-squared distribution 

with 2 degrees-of-freedom under the null 𝐻0: 𝛽2 = 0, 𝛽3 = 0. Test statistics and 

corresponding p-values were calculated in the statistical computing environment R
152

. 

 

Results 

Study Characteristics 

Genome-wide interactions with the intronic insulin secretion SNP rs10830963 in 

MTNR1B resulting in T2D risk were tested in a combined analysis of African American 

subjects from the ARIC, CARDIA, JHS, MESA, and WFSM studies. The characteristics 

of study subjects by cohort are presented in Table 1. Percent male was modestly 

increased (2.6%) among control subjects compared to T2D cases across all studies. 

Percent male was highest (47.0%) among MESA T2D cases and lowest (19.1%) among 

CARDIA T2D cases. On average, T2D cases were 10.2 years older than control subjects 

across studies. MESA T2D cases had the highest mean age (67.6 years) while CARDIA 

controls had the lowest mean age (38.2 years). Average BMI was 1.7 kg/m
2
 higher in 

T2D cases compared to controls across studies. Highest mean BMI (34.5 kg/m
2
) was 

http://www.genabel.org/
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reported in JHS T2D cases and lowest mean BMI (27.6 kg/m
2
) was reported in ARIC 

controls. 

 

MTNR1B Interactions 

Genome-wide interactions with rs10830963 (MTNR1B) were tested by logistic 

regression modeling with T2D as the outcome and including genetic main and GxG 

interaction effects as well as rs10830963 dosage, age, sex, and principal component 

covariates for all samples. An additional model adjusting for all covariates plus BMI was 

also computed. Both interaction and joint effects were analyzed. Top results (PJOINT 

<5x10
-6

) of this analysis are presented in Table 2. The q-q plots for each hypothesis test 

are presented in Figure 1. 

The strongest joint association was with the intronic SNP rs7903146 in TCF7L2 

(PJOINT=5.47x10
-11

). One additional intronic SNP at this locus reached the accepted 

genome-wide significance threshold of P<5x10-8, rs34872471 (PJOINT=3.36x10
-8

). Both 

rs7903146 (PINTXN=0.31) and rs34872471 (PINTXN=0.99) showed no association with the 

interaction effect alone. A novel association was observed with the intronic SNP 

rs17197883 in CMIP (PJOINT=4.70x10
-8

, PINTXN=1.43x10
-8

). In general, observed 

associations were robust to BMI adjustment (Table 2). 

 

Discussion 

Genome-wide analysis of interaction and joint effects with the intronic insulin 

secretion SNP rs10830963 (MTNR1B) resulting in T2D risk revealed significant 

associations at two loci, TCF7L2 and CMIP. The strongest joint association was with the 
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intronic SNP rs7903146 in TCF7L2. Association with rs7903146 has been replicated in 

several African American studies suggesting that it is a key genetic determinant in the 

development of T2D
104,153–157

. Palmer et al. showed that rs7903146 is the causal variant 

leading to T2D susceptibility at the TCF7L2 locus using a resequencing approach
158

. The 

lack of association of SNPs at this locus with the interaction effect in the current study 

suggests that the joint signal is driven by marginal (i.e. additive) genetic effects. 

The strongest novel association was with the intronic SNP rs17197883 in CMIP 

(PJOINT=4.70x10
-8

, PINTXN=1.43x10
-8

). Variants at this locus have previously been 

associated with HDL cholesterol (P=1x10
-19

), adiponectin levels (P=6x10
-48

), and waist-

to-hip ratio adjusted for BMI (P=7x10
-13

) in populations of European descent and 

adiponectin levels (P=2x10
-10

) and T2D (P=3x10
-7

) in populations of East Asian 

descent
159–163

. Interestingly, the frequency of the rs10830963 AIRg-lowering allele (G) is 

much higher in these populations compared to AfA (EAS=42%, EUR=29%, AfA=7%). 

Thus, associations of SNPs at the CMIP locus with T2D and biomarkers related to insulin 

sensitivity in individuals of European and East Asian descent may reflect an underlying 

interaction with rs10830963 that is partially unmasked in these populations.  

This study has limitations. To validate these findings, genome-wide interactions with 

rs10830963 associated with T2D must be replicated in additional studies. Work is 

currently underway to replicate these findings in additional populations and to conduct 

trans-ethnic meta-analysis. Additionally, we did not account for gene-environment 

interactions which may account for T2D risk in this study. Interactions with or stratified 

analysis of sex, age, BMI, and age at diagnosis may be appropriate in follow-up studies. 
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In summary, our findings show that analysis of genome-wide interactions with variants 

strongly associated with insulin secretion is a powerful approach for discovery of novel 

T2D loci and for expanding the knowledgebase of disease etiology. A similar approach 

examining interactions with variants associated with key biomarkers may be of wider 

relevance in other complex human diseases. These results highlight the need for further 

study of genetic variation underlying T2D risk in African Americans as a means to 

improve our overall understanding of this disease. 
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Tables and Figures 

Table 1. Descriptive characteristics of African American type 2 diabetes case and control subjects. 

  ARIC CARDIA JHS MESA WFU Combined 

Characteristica  T2D cases Controls T2D cases Controls T2D cases Controls T2D cases Controls T2D cases Controls T2D cases Controls 

N 820 371 94 652 244 1089 404 773 890 887 2452 3772 

Male (%) 36.0 32.1 19.1 38.3 36.1 40.8 47.0 42.8 38.4 43.9 38.0 40.6 

Age (years)b 61.4±5.9 59.4±6.4 40.5±3.8 38.2±4.4 55.6±10.7 49.1±10.7 67.6±9.3 65.3±10.3 62.2±10.1 47.1±11.7 61.3±10.1 51.1±13.3 

BMI (kg/m2)b 32.1±6.7 27.6±5.8 33.8±8.1 29.6±6.8 34.5±7.3 31.1±7.3 31.7±6.2 28.7±5.8 29.6±7.1 30.1±7.1 31.5±7.0 29.8±6.8 

a
Data are shown as count, percentage, or mean ± SD. 

b
Age and BMI are shown for the last available visit for the prospective studies 

including ARIC, CARDIA, and MESA (Exam 4); and the baseline visit for JHS and WFSM. 
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Table 2. Top interactions with the MTNR1B SNP rs10830963 regressed on T2D risk in pooled analysis of ARIC, CARDIA, JHS, 

MESA, and WFSM African American T2D case and control subjects. 

SNPa (Nearest Gene) Chr Positionb SNP Function MAFc βMAIN (SEMAIN)d βINTXN (SEINTXN)e PINTXN
f PJOINT

f PINTXN_ADJ_BMI
g PJOINT_ADJ_BMI

g 

rs7903146 (TCF7L2) 10 114758349 intronic 0.30 0.29 (0.05) 0.14 (0.14) 3.09E-01 5.47E-11 6.23E-01 1.44E-10 

rs34872471 (TCF7L2) 10 114754071 intronic 0.35 0.25 (0.05) 0.00 (0.13) 9.94E-01 3.36E-08 6.35E-01 3.15E-08 

rs17197883 (CMIP) 16 81523013 intronic 0.11 -0.24 (0.08) 1.12 (0.20) 1.43E-08 4.70E-08 2.53E-07 8.91E-07 

rs35198068 (TCF7L2) 10 114754784 intronic 0.36 0.25 (0.05) 0.00 (0.13) 9.77E-01 5.88E-08 5.99E-01 5.72E-08 

rs2836995 (WRB) 21 40748801 intergenic 0.49 0.00 (0.04) -0.58 (0.11) 3.49E-07 2.97E-07 2.70E-06 8.43E-07 

rs11819613 (TCF7L2) 10 114746717 intronic 0.11 0.36 (0.07) -0.24 (0.20) 2.30E-01 3.28E-07 1.00E-01 8.46E-07 

rs4818031 (WRB) 21 40747523 intergenic 0.37 -0.01 (0.05) -0.60 (0.12) 5.23E-07 3.31E-07 2.83E-06 5.24E-07 

rs4818032 (WRB) 21 40747583 intergenic 0.36 0.00 (0.05) -0.61 (0.12) 3.03E-07 3.52E-07 1.34E-06 5.97E-07 

rs2836994 (WRB) 21 40748006 intergenic 0.48 -0.01 (0.04) -0.58 (0.12) 5.61E-07 3.72E-07 5.64E-06 1.09E-06 

rs4818033 (WRB) 21 40747624 intergenic 0.48 -0.01 (0.04) -0.58 (0.12) 5.61E-07 3.92E-07 5.60E-06 1.15E-06 

rs13230 (WRB) 21 40769290 untranslated-3' 0.45 -0.01 (0.04) 0.60 (0.12) 3.68E-07 5.25E-07 8.07E-07 1.39E-06 

rs56140527 (CMIP) 16 81515361 intronic 0.12 -0.23 (0.07) 0.94 (0.18) 2.64E-07 5.41E-07 1.57E-06 4.01E-06 

rs7069007 (TCF7L2) 10 114756285 intronic 0.11 0.34 (0.07) -0.16 (0.19) 3.99E-01 7.81E-07 1.95E-01 1.84E-06 

rs56155262 (CMIP) 16 81511653 intronic 0.12 -0.25 (0.07) 0.90 (0.18) 6.73E-07 8.29E-07 3.31E-06 5.52E-06 

rs61329995 (TCF7L2) 10 114748105 intronic 0.11 0.35 (0.07) -0.21 (0.20) 2.78E-01 8.61E-07 1.25E-01 2.18E-06 

rs79029870 (---) 2 35998316 intergenic 0.11 0.34 (0.07) 0.10 (0.20) 6.28E-01 1.10E-06 5.43E-01 1.34E-06 

rs116123815 (C2orf65) 2 74873329 intronic 0.05 0.13 (0.10) -1.49 (0.29) 2.05E-07 1.33E-06 2.22E-06 1.23E-05 

rs116472028 (C2orf65) 2 74872566 intronic 0.05 0.13 (0.10) -1.49 (0.29) 2.05E-07 1.33E-06 2.22E-06 1.23E-05 

rs73364034 (WRB) 21 40744651 intergenic 0.36 0.01 (0.05) -0.59 (0.12) 8.20E-07 1.37E-06 2.83E-06 1.89E-06 

rs8131718 (WRB) 21 40766181 intronic 0.45 -0.01 (0.04) 0.59 (0.12) 6.77E-07 1.41E-06 1.61E-06 3.97E-06 

rs73659516 (AK128880) 8 2587387 intergenic 0.14 -0.08 (0.07) -0.90 (0.20) 1.16E-05 1.48E-06 7.05E-06 7.63E-07 

rs10438632 (CMIP) 16 81510920 intronic 0.12 -0.24 (0.07) 0.88 (0.18) 1.20E-06 1.55E-06 5.38E-06 9.35E-06 

rs73659517 (AK128880) 8 2587464 intergenic 0.16 -0.07 (0.07) -0.88 (0.20) 8.99E-06 1.86E-06 7.20E-06 1.20E-06 

rs2924879 (CSMD1) 8 2702216 intergenic 0.39 0.02 (0.05) -0.59 (0.12) 6.73E-07 1.87E-06 4.43E-06 1.33E-05 
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rs6043626 (MACROD2) 20 15916192 intronic 0.45 0.18 (0.04) 0.17 (0.12) 1.42E-01 1.93E-06 3.30E-01 9.55E-06 

rs4319449 (TCF7L2) 10 114769406 intronic 0.09 0.38 (0.08) -0.10 (0.22) 6.31E-01 2.10E-06 3.48E-01 4.13E-06 

rs1369455 (YTHDF3) 8 64082963 intergenic 0.07 -0.37 (0.09) -0.28 (0.22) 2.07E-01 2.17E-06 2.40E-01 2.25E-05 

rs2043525 (YTHDF3) 8 64107847 intergenic 0.07 -0.37 (0.09) -0.26 (0.22) 2.40E-01 2.25E-06 2.72E-01 2.37E-05 

rs10866267 (LOC728175) 4 185239161 near-gene-5' 0.36 -0.12 (0.05) -0.42 (0.13) 9.05E-04 2.27E-06 3.86E-03 6.87E-06 

rs9842579 (NAALADL2) 3 174700592 intronic 0.19 0.29 (0.06) -0.15 (0.17) 3.59E-01 2.33E-06 2.88E-01 5.99E-07 

rs812665 (LOC728175) 4 185245310 intergenic 0.34 -0.11 (0.05) -0.41 (0.12) 7.08E-04 2.39E-06 1.90E-03 6.24E-06 

rs2836997 (WRB) 21 40751811 near-gene-5' 0.49 -0.02 (0.04) -0.55 (0.12) 5.11E-06 2.56E-06 2.34E-05 4.12E-06 

rs1807685 (CRYBB2) 22 25639858 intergenic 0.23 0.28 (0.06) -0.40 (0.15) 9.40E-03 2.81E-06 5.68E-03 1.21E-06 

rs115597883 (SLC19A3) 2 228559189 intronic 0.11 0.35 (0.07) -0.69 (0.20) 7.17E-04 2.93E-06 2.93E-04 1.77E-06 

rs2291268 (MMP19) 12 56236043 intergenic 0.32 -0.22 (0.05) -0.15 (0.13) 2.53E-01 2.96E-06 3.37E-01 1.72E-05 

rs1060180 (WRB) 21 40769017 untranslated-3' 0.46 -0.01 (0.04) 0.57 (0.12) 1.38E-06 3.03E-06 3.95E-06 9.47E-06 

rs1360814 (---) 13 80403917 intergenic 0.18 0.24 (0.06) 0.15 (0.15) 3.13E-01 3.19E-06 4.28E-01 2.85E-06 

rs17017402 (---) 2 36003758 intergenic 0.11 0.31 (0.07) 0.07 (0.19) 7.02E-01 3.35E-06 5.58E-01 3.49E-06 

rs1681087 (DNAJC14) 12 56180764 intronic 0.26 0.21 (0.05) 0.17 (0.13) 1.85E-01 3.47E-06 2.48E-01 1.55E-05 

rs114812021 (SLC19A3) 2 228559188 intronic 0.11 0.35 (0.07) -0.68 (0.20) 8.43E-04 3.53E-06 3.44E-04 2.05E-06 

rs9845886 (NAALADL2) 3 174704267 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.23E-01 3.58E-06 1.55E-01 3.96E-07 

rs58538128 (FCGR3A) 1 161520858 near-gene-5' 0.14 0.35 (0.08) 0.08 (0.20) 7.04E-01 3.59E-06 7.93E-01 3.93E-05 

rs2837021 (LCA5L) 21 40796623 intronic 0.36 -0.02 (0.05) -0.56 (0.12) 5.26E-06 3.60E-06 3.02E-06 2.86E-06 

rs4739079 (YTHDF3) 8 64200821 intergenic 0.09 0.35 (0.08) 0.08 (0.19) 6.62E-01 3.72E-06 8.58E-01 1.27E-05 

rs59246912 (NAALADL2) 3 174704393 intronic 0.26 0.24 (0.05) -0.16 (0.14) 2.27E-01 3.82E-06 1.57E-01 4.14E-07 

rs9862955 (NAALADL2) 3 174703978 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.26E-01 3.88E-06 1.57E-01 4.22E-07 

rs9862818 (NAALADL2) 3 174703904 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.26E-01 3.88E-06 1.57E-01 4.20E-07 

rs16846841 (HECW2) 2 197063250 intergenic 0.20 0.06 (0.06) -0.81 (0.16) 6.80E-07 3.89E-06 2.22E-06 1.09E-05 

rs9862801 (NAALADL2) 3 174703876 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.26E-01 3.90E-06 1.57E-01 4.25E-07 

rs7228666 (SLMO1) 18 12427118 intronic 0.23 -0.17 (0.05) 0.68 (0.14) 1.77E-06 3.93E-06 4.21E-06 8.64E-06 

rs9821147 (NAALADL2) 3 174703737 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.26E-01 3.94E-06 1.57E-01 4.31E-07 
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rs13323013 (NAALADL2) 3 174703232 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.26E-01 4.07E-06 1.57E-01 4.50E-07 

rs1335279 (---) 13 80399950 intergenic 0.21 0.21 (0.05) 0.23 (0.15) 1.21E-01 4.10E-06 1.73E-01 1.04E-05 

rs56864167 (---) 2 35969614 intergenic 0.11 0.31 (0.07) 0.07 (0.19) 7.12E-01 4.10E-06 5.87E-01 4.52E-06 

rs9820271 (NAALADL2) 3 174703026 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.25E-01 4.13E-06 1.56E-01 4.59E-07 

rs10412272 (USP29) 19 57597884 intergenic 0.05 0.45 (0.10) 0.14 (0.27) 5.87E-01 4.34E-06 7.59E-01 6.81E-06 

rs2223028 (LCA5L) 21 40810373 intronic 0.34 0.01 (0.05) -0.60 (0.13) 2.26E-06 4.44E-06 1.01E-06 2.16E-06 

rs7016339 (YTHDF3) 8 64121730 intergenic 0.07 -0.36 (0.09) -0.30 (0.23) 1.91E-01 4.48E-06 2.25E-01 4.53E-05 

rs76240879 (NAALADL2) 3 174704464 intronic 0.26 0.24 (0.05) -0.17 (0.14) 2.25E-01 4.50E-06 1.55E-01 4.49E-07 

rs9810343 (NAALADL2) 3 174701501 intronic 0.26 0.24 (0.05) -0.18 (0.14) 1.94E-01 4.60E-06 1.33E-01 5.23E-07 

rs6735529 (LINC00299) 2 8614384 intergenic 0.05 0.23 (0.10) 0.78 (0.24) 1.41E-03 4.67E-06 5.54E-03 2.97E-05 

rs16870669 (RIMS2) 8 104773461 intronic 0.11 0.22 (0.07) 0.47 (0.19) 1.41E-02 4.98E-06 2.82E-02 1.30E-06 

a
SNP interacting with rs10830963. 

b
NCBI build 37. 

c
Minor allele frequency. 

d
Marginal genetic effect from interaction models adjusted 

for age, gender, and PC1. 
e
Interaction effect from interaction models adjusted for age, gender, and PC1. 

f
Interaction and joint p-values 

from interaction models adjusted for age, gender, and PC1. 
g
Interaction and joint p-values from interaction models adjusted for age, 

gender, PC1, and BMI. 
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Figure 1. Observed versus expected negative logarithm transformed p-values. 

 

(A) Q-Q plot of PJOINT without BMI adjustment (B) Q-Q plot of PINT without BMI 

adjustment (C) Q-Q plot of PJOINT with BMI adjustment (D) Q-Q plot of PINT with BMI 

adjustment 
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Abstract 

Type 2 diabetes (T2D) is the result of metabolic defects in insulin secretion and 

insulin sensitivity, yet most T2D loci identified to date are related to insulin secretion. 

We hypothesize that T2D loci, particularly those impacting insulin sensitivity, can be 

identified through interaction with fasting glucose (FG) loci. To test this hypothesis, the 

most strongly associated African American (AfA) SNPs from 13 reported European FG 

loci in the African American Glucose and Insulin Genetic Epidemiology (AAGILE) 

study were combined into a genetic risk score (GRS) and tested for interaction and joint 

(main + interaction) effects in AfAs from five cohorts (ARIC, CARDIA, JHS, MESA, 

WFSM) comprising 2,452 cases and 3,772 controls. The GRS included rs10830963 

(MTNR1B), rs1799884 (GCK), rs1203907 (FOXA2), rs557074 (RREB1), rs10505311 

(SLC30A8), rs11708067 (ADCY5), rs780094 (GCKR), rs11038651 (CRY2), rs1052373 

(MADD), rs7004769 (PPP1R3B), rs2282387 (PROX1), rs7038936 (IKBKAP), and 

rs7722200 (PCSK1) and was calculated by summing FG-raising allele dosages across 

SNPs for each individual. Logistic regression with T2D as the outcome was modeled 

including GRS, age, sex, and principal component covariates. Joint effects were captured 

using the Kraft 2 degrees-of-freedom test. The strongest joint effect was observed at 

rs7903146 (TCF7L2; Pjoint=6.44x10
-11

; Pinteraction=0.53). Other notable results include 

rs116784785 in C8B (Pjoint=7.68x10
-7

; Pinteraction=1.64 x10
-7

), which flanks the rat fatty 

and mouse diabetes loci, and rs10412272 in MIMT1-USP29 (Pjoint=6.62x10
-7

; 

Pinteraction=7.82 x10
-2

), previously associated with urate levels in lean individuals. These 

results support the hypothesis that additional genetic factors contributing to T2D risk can 

be identified by interactions with insulin secretion loci. 
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Introduction 

Type 2 diabetes (T2D), a disease which affects more than 46% of adults over the 

age of 20 in the United States, is characterized by elevated blood glucose due to impaired 

insulin secretion and defects in insulin action in hepatic, skeletal muscle, and other 

peripheral tissues
15

. The prevalence rate in African Americans (13.2%) is much higher 

compared to European Americans (7.6%)
15

. Genome-wide association studies (GWAS) 

have identified >80 T2D loci, but the known biology for most of these loci is related to 

beta-cell dysfunction
19,142

. Further, previous studies have shown that genetic loci 

associated with fasting glucose levels are strong candidates for or have known roles in the 

pancreatic beta-cell insulin secretion pathway
140,164–166

.  

With these considerations, we endeavored to test the hypothesis that T2D risk loci, 

particularly those affecting insulin sensitivity, could be identified by interaction analyses 

with fasting glucose loci. To begin, we selected the most strongly associated SNP in 

African Americans from European fasting glucose loci that exhibited transferability in 

the African American Glucose and Insulin Genetic Epidemiology (AAGILE) 

Consortium
167

. We selected 13 single nucleotide polymorphisms (SNPs) from 13 loci 

including MTNR1B, GCK, FOXA2, RREB1, SLC30A8, ADCY5, GCKR, CRY2, MADD, 

PPP1R3B, PROX1, IKBKAP, and PCSK1. These SNPs were combined into a genetic risk 

score (GRS) and tested for genome-wide interactions in a pooled analysis of African 

American participants from the Atherosclerosis Risk in Communities Study (ARIC), 

Coronary Artery Risk Development in Young Adults (CARDIA), Jackson Heart Study 

(JHS), Multi-Ethnic Study of Atherosclerosis (MESA), and the Wake Forest School of 

Medicine (WFSM) cohorts
99–104

. In addition to hypothesis testing of the interaction term 
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in our models, this analysis incorporates the Kraft 2 degree-of-freedom test to jointly 

analyze marginal and interaction effects for each SNPxGRS interaction
146

. 

 

Research Design and Methods 

Subjects 

Subjects included African American participants from ARIC (n=820 T2D cases, 

371 controls), CARDIA (n=94 T2D cases, 652 controls), JHS (n=244 T2D cases, 1,089 

controls), MESA (n=404 T2D cases, 773 controls), and WFSM (n=890 T2D cases, 

887controls) cohorts
99–104

. Inclusion and exclusion criteria for T2D cases and controls 

have been described extensively in a previous study
147

. Briefly, T2D was diagnosed 

according to the American Diabetes Association criteria with at least one of the 

following: fasting glucose ≥126 mg/dL, 2-h oral glucose tolerance test glucose ≥200 

mg/dL, random glucose ≥200 mg/dL, use of oral hypoglycemic agents and/or insulin, or 

physician diagnosed diabetes. Subjects diagnosed before 25 years of age were excluded. 

Normal glucose tolerance was defined as fasting glucose <100 mg/dL and 2-h oral 

glucose tolerance test glucose <140 mg/dL (if available) without reported use of diabetes 

medications. Control subjects <25 years of age were excluded. 

To account for the effect of population structure on genetic association in these African 

American samples, principal components analysis (PCA) was computed for all samples 

collectively using genotyped SNPs that passed quality control standards after exclusion 

of regions of high linkage disequilibrium (LD) and inversions. The first PC (PC1) was 

used as a covariate in all analyses to adjust for population substructure. 
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Additionally, relatedness was assessed in combined analysis of WFU, ARIC, CARDIA, 

JHS, and MESA using identity-by-descent (IBD) performed in PLINK
148

. A total of 

1,065 duplicates (pi-hat >0.9) and first-degree relatives were removed according to 

sample call rate and phenotype to retain only unique and unrelated subjects for analysis. 

Samples reflecting low call rate, gender mismatch, or population outliers were also 

excluded. After cleaning, a total of 2,452 T2D cases and 3,772 controls remained for 

analysis. 

 

SNP Genotyping, Imputation, and Quality Control 

All samples were genotyped on the Affymetrix Genome-Wide Human SNP Array 

6.0. For the ARIC, CARDIA, JHS, and MESA cohorts, genotyping and quality control 

were completed by the National Heart, Lung, and Blood Institute’s (NHLBI’s) Candidate 

Gene Association Resource (CARe) at the Broad Institute
108

. Genotyping for the WFSM 

study was performed at the Center for Inherited Disease Research (CIDR). In a pooled 

analysis of all studies, pre-phasing was performed using SHAPEIT2 and imputation was 

performed using IMPUTEv2 to obtain missing genotypes and replace genotypes 

inconsistent with reference haplotypes
149,150

. SNPs with call rate ≥95%, MAF ≥1%, and 

Hardy-Weinberg Equilibrium P<1×10
-4

 that passed study-specific quality control were 

used for imputation
108,110

. The 1000 Genomes Project cosmopolitan reference panel 

(Phase I Integrated Release Version 3, March 2012) was used as reference
151

. A total of 

9,085,034 autosomal SNPs with MAF ≥5% and imputation quality (INFO) ≥0.5 were 

included in subsequent data analyses. 
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Genetic Risk Score Construction 

We selected the most significantly associated SNPs in African Americans from 13 

European fasting glucose that exhibited transferability in AAGILE including MTNR1B 

(rs10830963), GCK (rs1799884), FOXA2 (rs1203907), RREB1 (rs557074), SLC30A8 

(rs10505311), ADCY5 (rs11708067), GCKR (rs780094), CRY2 (rs11038651), MADD 

(rsrs1052373), PPP1R3B (rs7004769), PROX1 (rs2282387), IKBKAP (rs7038936), and 

PCSK1 (rs7722200)
167

. The GRS was calculated by summation of the dosage of the 

fasting glucose-increasing allele for each individual across all selected SNPs. 

 

Interaction Analysis 

Logistic regression with T2D as the outcome was modeled including genetic main 

and GxG interaction effects as well as GRS, age, sex, and principal component covariates 

for all samples. One additional model was computed to additionally adjust for body mass 

index (BMI). 

𝑌 = 𝛽0 + 𝛽1𝑆 + 𝛽2𝐺 + 𝛽3𝑆 × 𝐺 + 𝛽4𝐶 

Y is the log odds of T2D, S is the GRS, G is the dosage of the imputed variant, and C is 

the vector of all remaining covariates. The imputed variant dosages were additively 

coded with values between 0 and 2. The ProbABEL package from the GenABEL suite of 

programs (http://www.genabel.org/) was used to calculate the genetic main effect 𝛽2, the 

interaction effect 𝛽3, and the corresponding robust standard errors and covariance used to 

construct the 2x2 covariance matrix for the Kraft test
146

. Hypothesis testing included a 

Wald test statistic following a chi-squared distribution with 1 degree-of-freedom under 

the null 𝐻0: 𝛽3 = 0, as well as the Kraft test statistic following a chi-squared distribution 

http://www.genabel.org/
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with 2 degrees-of-freedom under the null 𝐻0: 𝛽2 = 0, 𝛽3 = 0. Test statistics and 

corresponding p-values were calculated in the statistical computing environment R
152

. 

 

Results 

Study Characteristics 

Genome-wide interactions with the GRS resulting in T2D risk were tested in a 

combined analysis of African American subjects from the ARIC, CARDIA, JHS, MESA, 

and WFSM studies. The characteristics of study subjects by cohort are presented in Table 

1. Percent male was modestly increased (2.6%) among control subjects compared to T2D 

cases across all studies. Percent male was highest (47.0%) among MESA T2D cases and 

lowest (19.1%) among CARDIA T2D cases. On average, T2D cases were 10.2 years 

older than control subjects across studies. MESA T2D cases had the highest mean age 

(67.6 years) while CARDIA controls had the lowest mean age (38.2 years). Average BMI 

was 1.7 kg/m
2
 higher in T2D cases compared to controls across studies. Highest mean 

BMI (34.5 kg/m
2
) was reported in JHS T2D cases and lowest mean BMI (27.6 kg/m

2
) 

was reported in ARIC controls. 

 

GRS Interactions 

Genome-wide interactions with the GRS were tested by logistic regression 

modeling with T2D as the outcome and including genetic main and GxG interaction 

effects as well as GRS, age, sex, and principal component covariates for all samples. An 

additional model adjusting for all covariates plus BMI was also computed. Both 



120 
 

interaction and joint effects were analyzed. Top results (PJOINT <5x10
-6

) of this analysis 

are presented in Table 2. The q-q plots for each hypothesis test are presented in Figure 1. 

The strongest joint association was with the intronic SNP rs7903146 in TCF7L2 

(PJOINT=6.44x10
-11

). One additional intronic SNP at this locus reached the accepted 

genome-wide significance threshold of P<5x10-8, rs34872471 (PJOINT=3.93x10
-8

). Both 

rs7903146 (PINTXN=0.53) and rs34872471 (PINTXN=0.71) showed no association with the 

interaction effect alone. A notable novel suggestive association (PJOINT <5x10
-6

) was 

observed with the intronic SNP rs116784785 in C8B (PJOINT=7.68x10
-7

, PINTXN=1.64x10
-

7
). In general, observed associations were robust to BMI adjustment (Table 2). 

 

Discussion 

Genome-wide analysis of interaction and joint effects with a fasting glucose risk 

score resulting in T2D risk revealed significant associations at the TCF7L2 locus and 

suggestive associations (PJOINT <5x10
-6

) at several loci including C8b. The strongest joint 

association was with the intronic SNP rs7903146 in TCF7L2. Association with 

rs7903146 has been replicated in several African American studies suggesting that it is a 

key genetic determinant in the development of T2D
104,153–157

. Palmer et al. showed that 

rs7903146 is the causal variant leading to T2D susceptibility at the TCF7L2 locus using a 

resequencing approach
158

. The lack of association of SNPs at this locus with the 

interaction effect in the current study suggests that the joint signal is driven by marginal 

(i.e. additive) genetic effects. 

The most intriguing suggestive association was with the intronic SNP rs116784785 in 

C8B (PJOINT=7.68x10
-7

, PINTXN=1.64x10
-7

). Previous studies have shown that the rat fatty 
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locus lies on rat chromosome 5
168

. Mutations at this locus result in obesity, insulin 

resistance, and diabetes phenotypes
169

. Further, the fatty locus lies in a region on rat 

chromosome 5 between the rat interferon-α gene Ifna and the rat glucose transporter 1 

gene Glut1 which displays perfect synteny-homology with the interval between these 2 

genes on mouse chromosome 4 containing the diabetes (db) locus, suggesting homology 

of this locus with the rat fatty locus
170

. The mouse complement component 8β gene C8b 

and the mouse phosphoglucomutase gene Pgm2 flank the mouse db locus in the interval 

between the mouse interferon-α gene Ifa and the mouse glucose transporter 1 gene 

Glut1
171,172

. Although the interferon-α gene IFNA maps to chromosome 9 in humans, the 

PGM1-C8B-GLUT1 gene order is conserved on chromosome 1
173–176

. These findings 

suggest that genetic variants at the C8B locus in humans may be key genetic determinants 

in the development of T2D and insulin resistance. 

This study has limitations. To validate these findings, genome-wide interactions with the 

fasting glucose GRS associated with T2D must be replicated in additional studies. 

Additionally, we did not account for gene-environment interactions which may account 

for T2D risk in this study. Interactions with or stratified analysis of sex, age, BMI, and 

age at diagnosis may be appropriate in follow-up studies. 

In summary, our findings show that analysis of genome-wide interactions with variants 

strongly associated with fasting glucose is an effective approach for discovery of novel 

T2D loci and for expanding the knowledgebase of disease etiology. A similar approach 

examining interactions with variants associated with key biomarkers may be of wider 

relevance in other complex human diseases. These results highlight the need for further 
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study of genetic variation underlying T2D risk in African Americans as a means to 

improve our overall understanding of this disease. 
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Tables and Figures 

Table 1. Descriptive characteristics of African American type 2 diabetes case and control subjects. 

  ARIC CARDIA JHS MESA WFU Combined 

Characteristica  T2D cases Controls T2D cases Controls T2D cases Controls T2D cases Controls T2D cases Controls T2D cases Controls 

N 820 371 94 652 244 1089 404 773 890 887 2452 3772 

Male (%) 36.0 32.1 19.1 38.3 36.1 40.8 47.0 42.8 38.4 43.9 38.0 40.6 

Age (years)b 61.4±5.9 59.4±6.4 40.5±3.8 38.2±4.4 55.6±10.7 49.1±10.7 67.6±9.3 65.3±10.3 62.2±10.1 47.1±11.7 61.3±10.1 51.1±13.3 

BMI (kg/m2)b 32.1±6.7 27.6±5.8 33.8±8.1 29.6±6.8 34.5±7.3 31.1±7.3 31.7±6.2 28.7±5.8 29.6±7.1 30.1±7.1 31.5±7.0 29.8±6.8 

a
Data are shown as count, percentage, or mean ± SD. 

b
Age and BMI are shown for the last available visit for the prospective studies 

including ARIC, CARDIA, and MESA (Exam 4); and the baseline visit for JHS and WFSM. 
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Table 2. Top interactions with the GRS regressed on T2D risk in pooled analysis of ARIC, CARDIA, JHS, MESA, and WFSM 

African American T2D case and control subjects. 

SNPa (Nearest Gene) Chr Positionb SNP Function MAFc βMAIN (SEMAIN)d βINTXN (SEINTXN)e PINTXN
f PJOINT

f PINTXN_ADJ_BMI
g PJOINT_ADJ_BMI

g 

rs7903146 (TCF7L2) 10 114758349 intronic 0.3 0.12 (0.31) 0.01 (0.02) 5.32E-01 6.44E-11 4.39E-01 1.29E-10 

rs34872471 (TCF7L2) 10 114754071 intronic 0.35 0.15 (0.30) 0.01 (0.02) 7.15E-01 3.93E-08 5.26E-01 3.82E-08 

rs35198068 (TCF7L2) 10 114754784 intronic 0.36 0.13 (0.30) 0.01 (0.02) 6.77E-01 6.41E-08 4.97E-01 6.62E-08 

rs12366681 (LOC389634) 12 8514036 intronic 0.09 2.90 (0.54) -0.20 (0.04) 1.04E-07 6.22E-07 2.42E-07 1.54E-06 

rs10412272 (USP29) 19 57597884 intergenic 0.05 -0.71 (0.68) 0.08 (0.05) 7.82E-02 6.62E-07 2.19E-02 3.66E-07 

rs117332533 (LRIG1) 3 66556433 intergenic 0.07 -3.11 (0.62) 0.22 (0.04) 2.22E-07 7.49E-07 8.98E-07 3.93E-06 

rs116784785 (C8B) 1 57430240 intronic 0.05 3.18 (0.63) -0.23 (0.04) 1.64E-07 7.68E-07 2.84E-07 1.49E-06 

rs11819613 (TCF7L2) 10 114746717 intronic 0.11 0.21 (0.45) 0.01 (0.03) 7.82E-01 1.08E-06 8.91E-01 5.28E-06 

rs10412273 (USP29) 19 57597886 intergenic 0.06 -0.99 (0.67) 0.10 (0.05) 3.22E-02 1.23E-06 8.40E-03 8.23E-07 

rs7069007 (TCF7L2) 10 114756285 intronic 0.11 0.19 (0.44) 0.01 (0.03) 7.66E-01 1.45E-06 8.25E-01 5.49E-06 

rs79029870 (---) 2 35998316 intergenic 0.11 0.31 (0.48) 0.00 (0.03) 9.39E-01 1.47E-06 9.89E-01 1.83E-06 

rs75000477 (C8B) 1 57431375 intronic 0.1 2.50 (0.50) -0.18 (0.03) 2.60E-07 1.52E-06 3.45E-07 2.10E-06 

rs10416164 (USP29) 19 57595069 intergenic 0.05 -0.93 (0.68) 0.09 (0.05) 4.10E-02 1.66E-06 1.12E-02 1.21E-06 

rs2291268 (MMP19) 12 56236043 intergenic 0.32 0.35 (0.32) -0.04 (0.02) 6.63E-02 1.66E-06 7.61E-02 8.37E-06 

rs9842579 (NAALADL2) 3 174700592 intronic 0.19 0.86 (0.38) -0.04 (0.03) 1.21E-01 1.66E-06 2.34E-01 7.22E-07 

rs75162751 (C8B) 1 57433756 intergenic 0.09 2.53 (0.51) -0.18 (0.03) 3.20E-07 1.86E-06 4.41E-07 2.57E-06 

rs7555357 (LOC400752) 1 45776983 intergenic 0.23 -1.86 (0.37) 0.13 (0.02) 3.06E-07 1.98E-06 5.59E-07 3.19E-06 

rs78980940 (---) 21 24954743 intergenic 0.29 1.20 (0.32) -0.07 (0.02) 1.10E-03 2.02E-06 6.52E-04 9.24E-06 

rs61329995 (TCF7L2) 10 114748105 intronic 0.11 0.26 (0.45) 0.00 (0.03) 8.82E-01 2.34E-06 9.71E-01 1.06E-05 

rs77495271 (C8B) 1 57431991 near-gene-5' 0.09 2.57 (0.53) -0.18 (0.04) 4.97E-07 2.48E-06 9.18E-07 4.99E-06 

rs113704275 (USP29) 19 57598938 intergenic 0.05 -1.02 (0.68) 0.10 (0.05) 3.18E-02 2.68E-06 8.56E-03 2.00E-06 

rs4319449 (TCF7L2) 10 114769406 intronic 0.09 0.20 (0.52) 0.01 (0.04) 7.48E-01 2.81E-06 7.78E-01 8.37E-06 
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rs4739079 (YTHDF3) 8 64200821 intergenic 0.09 0.72 (0.46) -0.02 (0.03) 4.27E-01 2.89E-06 2.44E-01 5.72E-06 

rs1360814 (---) 13 80403917 intergenic 0.18 0.72 (0.37) -0.03 (0.03) 2.11E-01 3.36E-06 2.87E-01 2.98E-06 

rs10009959 (GALNT7) 4 174137513 intronic 0.31 -1.51 (0.31) 0.11 (0.02) 6.10E-07 3.56E-06 2.14E-07 1.25E-06 

rs78788216 (---) 21 24956702 intergenic 0.3 1.18 (0.32) -0.07 (0.02) 1.40E-03 3.63E-06 9.65E-04 1.79E-05 

rs6700861 (CROCC) 1 17255231 intronic 0.25 -0.29 (0.43) 0.04 (0.03) 1.71E-01 3.71E-06 1.56E-01 1.00E-06 

rs77798384 (HMP19) 5 173623810 intergenic 0.06 3.00 (0.60) -0.21 (0.04) 5.98E-07 3.84E-06 5.75E-07 2.77E-06 

rs6980731 (LOC100130231) 8 127075291 intergenic 0.07 2.54 (0.57) -0.16 (0.04) 3.68E-05 3.86E-06 6.04E-05 9.86E-06 

rs17017402 (---) 2 36003758 intergenic 0.11 0.19 (0.46) 0.01 (0.03) 7.84E-01 3.87E-06 8.00E-01 4.32E-06 

rs2043525 (YTHDF3) 8 64107847 intergenic 0.07 -0.29 (0.53) -0.01 (0.04) 8.18E-01 3.91E-06 8.60E-01 3.60E-05 

rs73383239 (C15orf54) 15 39506899 intergenic 0.3 0.71 (0.31) -0.06 (0.02) 3.59E-03 4.28E-06 5.45E-03 7.83E-06 

rs9429064 (LOC400752) 1 45771030 ncRNA 0.25 -1.77 (0.36) 0.12 (0.02) 7.44E-07 4.45E-06 1.67E-06 9.66E-06 

rs1369455 (YTHDF3) 8 64082963 intergenic 0.07 -0.34 (0.53) 0.00 (0.04) 8.91E-01 4.46E-06 8.01E-01 3.73E-05 

rs76736412 (---) 21 24956811 intergenic 0.3 1.17 (0.32) -0.07 (0.02) 1.52E-03 4.53E-06 1.02E-03 2.21E-05 

rs7694420 (GALNT7) 4 174149046 intronic 0.31 -1.49 (0.31) 0.10 (0.02) 8.24E-07 4.53E-06 3.00E-07 1.64E-06 

rs2217442 (---) 18 58320716 intergenic 0.27 1.41 (0.32) -0.09 (0.02) 4.76E-05 4.67E-06 1.86E-05 3.45E-06 

rs10868636 (DAPK1) 9 90176398 intronic 0.11 0.09 (0.49) 0.02 (0.03) 5.85E-01 4.77E-06 3.37E-01 9.53E-05 

rs72890555 (LOC400752) 1 45781390 intergenic 0.24 -1.78 (0.36) 0.12 (0.02) 7.71E-07 4.81E-06 1.86E-06 1.00E-05 

rs58538128 (FCGR3A) 1 161520858 near-gene-5' 0.14 0.28 (0.51) 0.01 (0.03) 8.69E-01 4.88E-06 9.85E-01 5.05E-05 

rs7617276 (ARHGEF26) 3 153776826 intronic 0.37 1.21 (0.30) -0.07 (0.02) 3.11E-04 4.96E-06 1.08E-03 1.75E-05 

a
SNP interacting with the GRS. 

b
NCBI build 37. 

c
Minor allele frequency. 

d
Marginal genetic effect from interaction models adjusted 

for age, gender, and PC1. 
e
Interaction effect from interaction models adjusted for age, gender, and PC1. 

f
Interaction and joint p-values 

from interaction models adjusted for age, gender, and PC1. 
g
Interaction and joint p-values from interaction models adjusted for age, 

gender, PC1, and BMI. 
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Figure 1. Observed versus expected negative logarithm transformed p-values. 

 

(A) Q-Q plot of PJOINT without BMI adjustment (B) Q-Q plot of PINT without BMI 

adjustment (C) Q-Q plot of PJOINT with BMI adjustment (D) Q-Q plot of PINT with BMI 

adjustment 
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CHAPTER 7 

DISCUSSION AND CONCLUSIONS 

 

The global health burden of type 2 diabetes (T2D) has reached epic proportions. 

A recent study estimated that by the year 2030, diabetes will affect 366 million 

individuals, will represent the seventh leading cause of death, and will be responsible for 

3% of all deaths worldwide
177

. Developed countries such as the United States will likely 

bear the brunt of this burden as the proportion of total deaths due to diabetes will reach an 

estimated 4.8%, compared to 3.7% in developing nations and 2.1% in undeveloped 

nations, within the next 14 years
177

. Pharmaceutical interventions help moderate 

hyperglycemia and have had some effect on incidence of major complications such as 

diabetes related cardiovascular disease
178

. These successes are incremental however: even 

with better control of traditional risk factors, fully 50% of people with T2D succumb 

from CVD events
178

. Discouragingly, stringent control of glucose and weight loss 

interventions have been unsuccessful in preventing CVD events and mortality
179,180

. Most 

prominently medical interventions in diabetes are almost comprehensively unable to 

return affected individuals to normal metabolic health. New approaches and insights to 

prevent and treat diabetes are urgently needed to halt this global pandemic. 

Ethnic disparities in T2D prevalence are well-documented, with one of the largest 

observable differences occurring between individuals of European and African descent. 

The most recent data indicates that T2D prevalence among African Americans (13.2 %) 

is much higher than among European Americans (7.6%)
15

. Several studies have shown 

that the higher risk in African Americans persists even after adjustment for known 
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environmental and socioeconomic risk factors such as body mass index (BMI), physical 

activity, education level, and income
16–18

. Genetic risk factors that may underlie the 

disparity in diabetes prevalence are not well-understood. 

T2D is a chronic metabolic disease characterized by two metabolic defects, impaired 

insulin secretion and insulin resistance. Impaired insulin secretion arises from pancreatic 

beta-cell dysfunction, which leads to a decrease in circulating insulin. Insulin resistance 

in hepatic, skeletal muscle, and other peripheral tissues leads to decreased plasma glucose 

uptake. Together, the combination of beta-cell dysfunction and insulin resistance results 

in increased plasma glucose, which leads to the myriad complications and comorbidities 

associated with T2D. T2D is widely recognized as a classic multifactorial disease 

resulting from combinations of, and interactions between, environmental, lifestyle, and, 

most importantly for this work, genetic factors. 

Over the past several decades, T2D has been at the forefront of complex human diseases 

and traits studied by innovative genetic investigation techniques. Linkage analysis, 

candidate gene approaches, large-scale association studies such as GWAS have led to the 

identification of >80 genetic loci contributing to T2D risk, many of them initially 

identified in populations of European descent
19,142

. However, these variants explain only 

a small proportion of disease heritability with estimates ranging from 10-30%
28,29

.  

With these considerations, it has become increasingly evident that new approaches and 

techniques must be developed to expand our knowledge of disease etiology and to 

progress towards therapeutic targets that can help stem the global pandemic of T2D, 

especially in overburdened populations such as African Americans. To this end, the work 

presented in this dissertation addresses two hypotheses.  
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First, the hypothesis that differences in T2D disease architecture exist between African 

American and European American populations is explored through a comparison of risk 

allele burden. To investigate the relationship between risk allele burden and T2D risk, 46 

T2D single nucleotide polymorphisms (SNPs) in 43 loci from GWAS in European-, 

Asian-, and African-derived populations were genotyped in 1,990 African Americans (n 

= 963 T2D cases, 1,027controls) and 1,644 European Americans (n = 719 T2D cases, 

925 controls) ascertained and recruited using a common protocol in the southeastern 

United States. A genetic risk score (GRS) was constructed from the cumulative risk 

alleles for each individual. This GRS was tested for association in each population and 

tested for differences in means between the two populations. Combined, these two 

analyses reflect differences in T2D architecture between African Americans and 

European Americans, and offer insight regarding the disparity in T2D prevalence. 

Second, several chapters in this dissertation examine the hypothesis that a proportion of 

T2D risk is the result of genetic interactions. These projects utilize genetic data from five 

African American T2D case/control studies including the Atherosclerosis Risk in 

Communities Study (ARIC; n = 955 T2D cases, 414 controls), Coronary Artery Risk 

Development in Young Adults (CARDIA; n = 94 T2D cases, 654 controls), Jackson 

Heart Study (JHS; n = 333 T2D cases, 1,450 controls), Multi-Ethnic Study of 

Atherosclerosis (MESA; n = 411 T2D cases, 793 controls), and the Wake Forest School 

of Medicine (WFSM; n = 932 T2D cases, 856 controls) cohorts for a total of 2,725 T2D 

cases and 4,167 controls.. This data was analyzed for genome-wide gene-gene interaction 

with SNPs associated with various measures of insulin secretion, both as single SNPs and 

combined into GRSs. Together these analyses demonstrate that additional genetic factors 
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contributing to T2D risk, including insulin sensitivity loci, can be identified by 

interactions with insulin secretion loci and further provide evidence for interaction with 

other genomic loci that (apparently) are not directly associated with insulin sensitivity. 

 

Differences in disease architecture between African Americans and European Americans 

In chapter 2, an analysis evaluating risk allele burden for 46 T2D risk SNPs from 

43 loci identified in populations of European, Asian, or African descent is presented. 

Results show that the majority of these SNPs exhibit a consistent direction of effect in 

both African American and European American populations from the southeastern 

United States as ascertained from Wake Forest. A significant proportion of these SNPs 

were nominally associated with T2D in European Americans, but to a much more limited 

extent in African Americans. A comparison of risk allele load distributions shows that 

African Americans carry a greater load of T2D risk alleles. However, modeling of 

cumulative risk scores suggests that per allele effect estimates are relatively smaller 

compared to European Americans, and that association between the cumulative risk score 

and T2D is stronger in European Americans. Given these results, it is unclear whether the 

common risk variants examined in this study account for a portion of the observed 

disparity in T2D prevalence between these populations. Subsequent analyses including 

the major non-genetic influences of age, gender, and BMI do not support the relationship 

between genetic risk factors and ethnic disparities in T2D prevalence. Importantly these 

analyses highlighted challenges to gaining insight into genetic disparities for T2D risk. 

Several studies have examined the use of GRSs to predict risk of T2D. In the 2008 study 

by Meigs et al., a GRS incorporating 18 common T2D risk variants was modestly but 
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significantly associated (OR=1.12 per risk allele [95% CI 1.07-1.17]; p=0.01) with risk of 

diabetes in individuals of European descent, and this association was robust against 

adjustment for non-genetic risk factors
90

. In the Diabetes Prevention Program (DPP), a 

GRS integrating 34 T2D risk variants was more modestly associated (hazard ratio 

[HR]=1.02 per risk allele [95% CI 1.00-1.05]; p=0.03) with risk of progression to 

diabetes in a prospective, multi-ethnic cohort in an analysis adjusted for ancestry, 

lifestyle, and environmental risk factors
91

. In the Cooke et al. study of African 

Americans, a modest association (OR=1.06 [1.03–1.10], p=8.10x10
-5

) was observed 

between a GRS including 17 T2D risk variants and risk of diabetes, but the association 

was lost when the analysis was adjusted for the genotypic effects of the TCF7L2 risk 

variant rs7903146
61

. Considering the increased haplotype diversity and different linkage 

disequilibrium structure in African-derived populations, common variants identified in 

primarily European studies are likely not the best predictors of diabetes risk in African 

Americans
92

. The identification of causal variants in T2D risk loci will be required to 

provide a clear picture of differences in risk allele load between African American and 

European American populations. Moreover, large longitudinal studies examining the 

discriminatory power of cumulative genetic risk factors for predicting disease risk as well 

as phenotypic associations of biochemical and anthropometric traits correlated with 

disease may be necessary to demonstrate a causal link between cumulative genetic risk 

and ethnic-specific differences in T2D prevalence. 

A recent trans-ethnic T2D GWAS meta-analysis showed that 34 of 52 previously 

reported T2D SNPs (65.4%) showed the same direction of effect across European, East 

Asian, South Asian, and Mexican American populations
93

. In our study, 21 of 46 tested 



132 
 

SNPs (45.7%) were directionally consistent with published GWAS results and between 

African Americans and European Americans (Table 2). This result suggests that 

differences in the genetic architecture of T2D are greater between African Americans and 

European Americans than among other ethnic groups. However, it should be noted that 

our study focused on genetic burden, not transferability, and thus previously reported 

GWAS signals were not fine-mapped in either of our study populations to truly examine 

trans-ethnic directional consistency.  

A limited number of studies have examined ethnic-specific differences in genetic risk of 

diabetes. In the study by Waters et al., a GRS incorporating 18 common T2D risk 

variants was associated with risk of diabetes in both African Americans (n=1,077 cases, 

1,469 controls, OR=1.09 per risk allele [95% CI 1.05-1.12]; p=3.0x10
-6

) and European 

Americans (n=533 cases, 1,006 controls, OR=1.11 per risk allele [95% CI 1.06-1.17]; 

p=1.2x10
-5

) in an analysis adjusted for gender and quartiles of age and BMI, but no 

significant difference in risk allele load was observed between the two groups
52

. In the 

study by Haiman et al., a significant association between established T2D risk variants at 

five loci (WFS1, HHEX, CDNK2A/B, THADA, and KCNQ1) and risk of diabetes was 

detected in European Americans, but not in African Americans even though the study 

power was high (≥ 94% for all variants)
53

. This result suggests that heterogeneity in risk 

allele frequencies, effect size, and linkage disequilibrium between the established risk 

variant and the causal allele exists in some fraction of T2D risk loci. 

This study had limitations. First, the 46 SNPs included in our analysis explain only a 

small proportion of T2D heritability. We did not account for exposure to epigenetic 

factors, structural variants, rare variants, gene-gene interactions, or gene-environment 
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interactions, all of which may modify genetic risk and explain a proportion of the missing 

heritability. Additionally, we adjusted our analyses only for major phenotypic risk 

factors. Behavioral risk factors may modify an individual’s susceptibility to genetic risk 

of disease and to some degree explain the disparity in T2D prevalence between African 

Americans and European Americans. Finally, significant associations of individual SNPs 

with risk of T2D were scarce, but this result was expected considering the relatively 

small number of cases and controls used for this study as compared to the initial 

discovery populations. 

 

Genetic interactions with insulin secretion variants leading to increased T2D risk 

In chapters 3 and 4, an examination of genetic interactions contributing to T2D 

risk in meta-analysis of several African American T2D case/control studies is presented. 

These analyses did not reveal conventionally accepted evidence of significant first-order 

interactions (e.g. 5 X 10-8) with insulin secretion SNPs or composite risk scores. 

However, the observed interactions (Pinteraction<510
-6

) suggest that a candidate insulin 

secretion SNP/GRS interaction approach is a valid method for identifying insulin 

sensitivity and T2D risk loci. For example, analyses with the AIRg SNP rs10403702 

(LGALS16) revealed an interaction with rs10746381, an intergenic SNP upstream of the 

LYPLAL1 gene encoding lysophospholipase-like 1. Variants at this locus have previously 

been associated with T2D, fasting insulin, HDL-cholesterol, triglycerides, and measures 

of body fat distribution, a signature common to insulin sensitivity loci
117–120

. The AIRg 

SNP rs10792837 (EED) showed interaction with rs7796525, an intronic SNP in CHN2. 

Interaction of CHN2 with the insulin receptor gene INSR results in severe insulin 
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resistance
121

.  Additionally the AIRg SNP rs10830963 (MTNR1B) displayed interaction 

with rs4289500, an intergenic SNP upstream of EXOC1, which encodes a component of 

the exocyst complex, required for translocation of glucose transporter type 4 (GLUT4) 

vesicles to the plasma membrane in insulin-stimulated glucose uptake
122

.  

Several genes related to pancreatic beta-cell function were also identified; suggesting 

interactions are not limited to insulin resistance as in our initial hypothesis. Evaluations 

of the T2D-IS SNP rs7119 (HMG20A) and the T2D-IS GRS identified interactions with 

rs978989 and rs6976381, respectively, intergenic SNPs downstream of the DGKB gene. 

Variants at DGKB have been associated with T2D, fasting glucose, and pancreatic islet 

beta-cell function as measured by HOMA-B
118,140

. Variants near DGKB disrupt islet-

specific enhancer activity
141

. Analyses with AIRg SNP rs3827147 (C20orf96) revealed 

interactions with rs10483995, an intronic SNP in KCNK10. A study of pancreatic beta-

cell line MIN6 cells has shown that Kcnk10, a member of the two-pore domain 

potassium channels, may regulate depolarization-induced secretion of insulin in these 

cells
123

. The AIRg SNP rs1582418 (PTTG1) interaction analyses identified an interaction 

with an intergenic SNP upstream of CALM1 (rs6575130). Inhibition of the product of this 

gene, calmodulin, with phenothiazines inhibits glucose-stimulated insulin secretion in 

isolated rat islet cells
124–128

.  Several other variants detected in our analyses show 

interactions with similar biological relationships to insulin secretion and T2D. 

Interestingly, we observed interactions discrete for individual loci. For example, analyses 

with rs10830963 (MTNR1B) revealed an interaction with rs2640666, an intronic variant 

downstream of MTRR. MTRR encodes 5-methyltetrahydrofolate-homocysteine 

methyltransferase reductase, implicated in metabolic syndrome and epigenetic 
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instability
129,130

. MTRR is highly expressed in the pineal gland in a circadian pattern
131

, an 

intriguing result considering that the ligand for melatonin receptor 1B (encoded by 

MTNR1B), melatonin, is secreted from the pineal gland in a circadian pattern. Also 

revealed with rs10830963 was an association with rs4289500, which is ~200 kb upstream 

of CLOCK, a classic circadian clock gene. Further, analyses with other insulin secretion 

SNPs revealed genes involved in epigenetic modification. Analyses with rs3827147 

(C20orf96) revealed an interaction with rs10975898, an intronic SNP in KDM4C which 

encodes a lysine-specific demethylase. Analyses with rs864745 (JAZF1) showed an 

interaction with rs568530, an intergenic SNP upstream of MGMT. This gene encodes O-

6-Methylguanine-DNA Methyltransferase. We also picked up 2 dystrophin-related genes. 

Analyses with rs10403702 (LGALS16) revealed an interaction with rs1655028, an 

intronic SNP upstream of SNTB1. This gene encodes beta 1 syntrophin, a peripheral 

membrane protein that associates with dystrophin and dystrophin-related proteins. 

Evaluations of the AIRg GRS revealed an interaction with rs17074194, an intronic SNP 

in UTRN. This gene encodes utrophin, a cytoskeletal protein which has homology with 

dystrophin and is found at the neuromuscular synapse and myotendinous junctions in 

muscle cells. These observations may reflect different, input-dependent physiological 

characteristics of interaction results, and may lead to mechanistic insights about the 

underlying causes of T2D and defects in glucose homeostasis in expanded analyses. 

Although results varied widely between interaction analyses, interactions with three loci, 

DGKB, MRPL36, and FAM98, were replicated in multiple analyses. Functional 

characteristics of MRPL36 and FAM98 related to T2D and glucose homeostasis 

pathophysiology are not evident in the current literature. 
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Previous GWAS have largely ignored epistatic contributions to T2D risk due to the heavy 

multiple testing burden and computational challenges of exhaustive analytical 

approaches, and when they have considered this contribution, results have not been 

striking. For example, a recent genome-wide scan for two-locus interactions in the 

Wellcome Trust Case Control Consortium T2D GWAS data did not reveal any 

significant epistatic signals at a Bonferroni-corrected p-value threshold of 2.14x10
-11

 after 

adjusting for the main effects of the most strongly associated T2D locus, TCF7L2
43

.  

Further, Herold et al. estimated that analysis of all pairwise interactions among 550,000 

SNPs in 1,200 samples on a 3 GHz computer would require a running time of 120 days
42

. 

The interaction analysis presented here overcomes the issue of a heavy multiple testing 

burden by using a candidate SNP approach. A recent study by Becker et al. demonstrated 

that a multiple test correction of 0.4m, where m is the number of SNP pairs tested, is 

sufficiently conservative for large-scale allelic interaction tests
132

. Further, Babron et al. 

show that a correction for the effective number of SNP pairs is equally sufficient
133

. Li et 

al. previously demonstrated that the effective number of SNPs for an imputed dataset is 

~10
6
. These findings suggest that a significance threshold of 5x10

-9
 is appropriate for this 

study. 

We did not detect interactions even at the conventional GWAS threshold of 5x10
-8

 in the 

projects presented in chapters 3 and 4. In part, this likely reflects the challenge of 

inherently reduced power of interaction models due to the low frequency of compound 

genotypes
134

. Computational resources required for this study were equivalent to the 

requirements for running 24 GWAS (10 candidate insulin secretion SNPs plus 2 GRS, 
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with and without BMI adjustment). This is a significant reduction compared to 

exhaustive approaches examining genome-wide interactions with all available SNP pairs.  

In chapters 5 and 6, an examination of genetic interactions contributing to T2D risk in 

pooled analysis of several African American T2D case/control studies is presented. 

Genome-wide analysis of interaction and joint effects with both the intronic insulin 

secretion SNP rs10830963 (MTNR1B) and the fasting glucose GRS resulting in T2D risk 

revealed significant associations at the TCF7L2 locus. The strongest joint association was 

with the intronic SNP rs7903146 in TCF7L2. Association with rs7903146 has been 

replicated in several African American studies suggesting that it is a key genetic 

determinant in the development of T2D
104,153–157

. Palmer et al. showed that rs7903146 is 

the causal variant leading to T2D susceptibility at the TCF7L2 locus using a resequencing 

approach
158

. The lack of association of SNPs at this locus with the interaction effect in 

the current study suggests that the joint signal is driven by marginal (i.e. additive) genetic 

effects. 

The strongest novel association in the MTNR1B interaction analysis was with the intronic 

SNP rs17197883 in CMIP (PJOINT=4.70x10
-8

, PINTXN=1.43x10
-8

). Variants at this locus 

have previously been associated with HDL cholesterol (P=1x10
-19

), adiponectin levels 

(P=6x10
-48

), and waist-to-hip ratio adjusted for BMI (P=7x10
-13

) in populations of 

European descent and adiponectin levels (P=2x10
-10

) and T2D (P=3x10
-7

) in populations 

of East Asian descent
159–163

. Interestingly, the frequency of the rs10830963 AIRg-

lowering allele (G) is much higher in these populations compared to African Americans 

(East Asian=42%, European=29%, African Americans=7%). Thus, associations of SNPs 

at the CMIP locus with T2D and biomarkers related to insulin sensitivity in individuals of 
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European and East Asian descent may reflect an underlying interaction with rs10830963 

that is partially unmasked in these populations. 

The most intriguing suggestive association in the fasting glucose interaction analysis was 

with the intronic SNP rs116784785 in C8B (PJOINT=7.68x10
-7

, PINTXN=1.64x10
-7

). 

Previous studies have shown that the rat fatty locus lies on rat chromosome 5
168

. 

Mutations at this locus result in obesity, insulin resistance, and diabetes phenotypes
169

. 

Further, the fatty locus lies in a region on rat chromosome 5 between the rat interferon-α 

gene Ifna and the rat glucose transporter 1 gene Glut1 which displays perfect synteny-

homology with the interval between these 2 genes on mouse chromosome 4 containing 

the diabetes (db) locus, suggesting homology of this locus with the rat fatty locus
170

. The 

mouse complement component 8β gene C8b and the mouse phosphoglucomutase gene 

Pgm2 flank the mouse db locus in the interval between the mouse interferon-α gene Ifa 

and the mouse glucose transporter 1 gene Glut1
171,172

. Although the interferon-α gene 

IFNA maps to chromosome 9 in humans, the PGM1-C8B-GLUT1 gene order is 

conserved on chromosome 1
173–176

. These findings suggest that genetic variants at the 

C8B locus in humans may be key genetic determinants in the development of T2D and 

insulin resistance. 

These studies have limitations. To validate these findings, genome-wide interactions with 

insulin secretion or fasting glucose variants associated with T2D must be replicated in 

additional studies. Work is currently underway to replicate these findings in additional 

populations and to conduct trans-ethnic meta-analysis. Additionally, we did not account 

for gene-environment interactions which may account for T2D risk in this study. 
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Interactions with or stratified analysis of sex, age, BMI, and age at diagnosis may be 

appropriate in follow-up studies. 

 

Conclusions 

In summary, African Americans carry a greater number of risk alleles at 46 

established T2D risk loci than European Americans. Cumulatively, these variants are 

strong predictors of diabetes risk in European Americans, but poor predictors in African 

Americans. Differences in genetic variation between ethnicities create a complex pattern 

which complicates drawing clear conclusions regarding the relationship between genetic 

risk factors and ethnic disparities in T2D prevalence. These results emphasize the need 

for further study of genetic variation underlying T2D in African Americans as a means to 

improve the overall quality of genetic research of this disease. 

Further, the findings presented here demonstrate that genome-wide interaction studies 

with selected insulin secretion or fasting glucose variants are a potentially powerful 

approach for the detection of T2D risk, insulin secretion, and insulin sensitivity loci. The 

use of a high-quality measure of first-phase insulin secretion, AIRg, to identify candidate 

interaction SNPs yielded compelling associations. A similar approach examining 

interactions with variants associated with key biomarkers may be of wider relevance in 

other complex human diseases. These results justify further investigation of putative 

insulin sensitivity loci, namely LYPLAL1, CHN2, CMIP, C8B, and EXOC1. This 

dissertation highlights the need for further study of genetic variation underlying T2D risk 

in African Americans as a means to improve our understanding of this disease as we seek 
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therapeutic targets with translational impact for both disease prediction and drug 

development. 
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APPENDICES 

Appendix 1 

Evaluation of MEDIA candidate gene coding variants from the Exome Sequencing 

Project database in African American Type 2 Diabetes Cases and Population-based 

controls 

 

Jacob M. Keaton, Pamela J. Hicks, Nicholette D. Palmer, and Donald W. Bowden 
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Introduction 

 Genome-wide association studies (GWAS) have successfully identified >80 T2D 

loci
19,142

. However, the majority of common variants at these loci exert a modest 

effect on T2D risk (OR = 1.05-1.39) and are located in non-coding regions of the 

genome
20,21,58,181–184

. Further, these variants explain only 10-30% of T2D heritability
28,29

. 

A portion of the missing heritability in T2D may lie in rare variants. 

Recent evidence suggests that rare variants may play a significant role in complex disease 

etiology and may have larger genetic effects than common variants
185

. These variants are 

more likely to have functional consequences compared to common variants and are more 

frequently located protein coding regions of the genome
186

. 

Prior T2D genetic studies have been conducted primarily in populations of European 

descent, though there are clearly benefits to extending these studies to African-derived 

populations. For example, Palmer et al. showed that rs7903146 is the causal variant 

leading to T2D susceptibility at the TCF7L2 locus using a resequencing approach in 

African Americans
158

.  

With these considerations, we hypothesized that an investigation of common and rare 

coding variants at African American T2D GWAS loci may identify putative causal 

variants. Candidate genes associated with T2D (P<1x10
-7

) were previously identified in 

the Meta-analysis of Type 2 Diabetes Genome-Wide Association Studies in African 

Americans (MEDIA) Consortium. Rare and common coding single nucleotide 

polymorphisms (SNPs) in these genes were identified in the NHLBI Exome Sequencing 

Project database. These  Our investigation examined 59 SNPs from 21 loci including 



143 
 

ULK4, HRG, MCTP1, LAMA2, EYA4, HECW1, PSD3, CPA6, TRUB2, TCF7L2, INS-

IGF2, KCNQ1, HCK, ATG7, TMEM175, USP49, AUTS2, SLC25A25, OR5A2, KCTD10, 

and EXOSC5. 

 

Methods 

Samples 

Recruitment and sample collection procedures were approved by the Institutional 

Review Board at Wake Forest School of Medicine and written informed consent was 

obtained from all study participants. Case subjects consisted of unrelated individuals 

either without (T2D-only cases) or with end-stage renal disease (T2D-ESRD cases). A 

total of 1,990 African Americans (n=963 T2D-ESRD cases, n=1,027 controls) were 

assessed. T2D was diagnosed in case subjects who reported developing T2D after the age 

of 25 years and who did not receive only insulin therapy since diagnosis. In addition, 

T2D-ESRD cases had to have at least one of the following three criteria for inclusion: (i) 

T2D diagnosed at least 5 years before initiating renal replacement therapy, (ii) 

background or greater diabetic retinopathy and/or (iii) ≥100 mg/dl proteinuria on 

urinalysis in the absence of other causes of nephropathy. Control subjects included 

unrelated individuals without a current diagnosis of diabetes or renal disease. All subjects 

were recruited from the southeastern United States. Detailed ascertainment and 

recruitment criteria have been previously described 
55–60

. African American subjects 

selected for this study are a subset of individuals from previous studies with available 

GWAS data 
61,62

. 
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SNP Selection, genotyping, and quality control 

Candidate genes associated with T2D (P<1x10
-7

) were previously identified in the 

Meta-analysis of Type 2 Diabetes Genome-Wide Association Studies in African 

Americans (MEDIA) Consortium
86

.  We examined 59 SNPs from 21 loci including 

ULK4, HRG, MCTP1, LAMA2, EYA4, HECW1, PSD3, CPA6, TRUB2, TCF7L2, INS-

IGF2, KCNQ1, HCK, ATG7, TMEM175, USP49, AUTS2, SLC25A25, OR5A2, KCTD10, 

and EXOSC5. SNPs from the NHLBI Exome Sequencing Project database 

(http://snp.gs.washington.edu/EVS) were included for genotyping (Table 1). SNPs were 

genotyped using the Sequenom iPlex Mass Array system (Sequenom; San Diego, CA)
187

.  

Blind duplicates (n=80) were genotyped for quality control purposes and had a 

concordance rate of 100%. No SNPs failed this call rate. Five SNPs including 

rs144415880 (ATG7), rs4973986 (ULK4), rs35263917 (ULK4), rs9885412 (MCTP1), and 

EYA4_X130Y (EYA4) were monomorphic in our data (Table 2). Four SNPs were out of 

Hardy-Weinberg equilibrium (HWE P<1E-4) including rs61744385 (ULK4), rs2228243 

(HRG), rs1042445 (HRG), and rs3816665 (LAMA2) (Table 2). 

 

Principal Components Analysis  

Principal components (PC) was computed as previously described 
58

. The first PC 

(PC1) was highly correlated (r
2
=0.87) with global African-European ancestry as 

measured by FRAPPE
89

, was the only PC that accounted for substantial genetic variation 

at 22%, and was used as a covariate in single-SNP association and GRS analyses to 

adjust for African American population substructure. 
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Association analysis 

The association of genotyped SNPs with T2D was evaluated under additive, 

recessive, and dominant models adjusted for age, gender, and PC1. Hardy-Weinberg 

equilibrium p-values, and association tests performed using logistic regression (Table 3) 

were calculated in SNPGWA 

(http://www.phs.wfubmc.edu/public_bios/sec_gene/downloads.cfm)
188

.  

 

Results 

A total of 59 rare and common coding SNPs in 21 loci from the MEDIA T2D 

GWAS meta-analysis were investigated for association with T2D. The strongest 

association with T2D was with rs114505022 (HCK) under both the dominant and 

additive model (P=0.05).  No SNPs were nominally associated with T2D (P<0.05). 

 

Discussion 

Our investigation of 59 rare and common coding SNPs in 21 loci from the 

MEDIA T2D GWAS meta-analysis were nominally associated (P<0.05) with T2D. The 

strongest association was with rs114505022 (HCK) under both the dominant and additive 

model (P=0.05). HCK encodes hemopoetic cell kinase, a non-receptor tyrosine-protein 

kinase found in hematopoietic cells that transmits signals from cell surface receptors and 

plays an important role in the regulation of innate immune responses, including 

neutrophil, monocyte, macrophage and mast cell functions, phagocytosis, cell survival 

http://www.phs.wfubmc.edu/public_bios/sec_gene/downloads.cfm
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and proliferation, cell adhesion and migration
189

. One variant at this locus (rs6142618) 

has been previously associated with inflammatory bowel disease (P=6x10
-10

)
190

. 

These results suggest that rare and common coding variants at African American T2D 

GWAS loci do not account for T2D genetic risk. Future analyses may concentrate on 

European T2D loci that demonstrate transferability in African Americans or exploit 

whole exome sequencing data in an exome-wide approach. 
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Tables and Figures 

Table 1. SNP characteristics. 

SNP Chromosome b37 Position
a 

Gene Alleles Amino Acid Change PolyPhen Prediction 

rs144415880 3 11382205 ATG7 C/A GLN,LYS benign 

rs36117895 3 11400019 ATG7 C/T ALA,VAL possibly-damaging 

rs73828047 3 41504679 ULK4 C/T GLU,LYS possibly-damaging 

rs61744388 3 41756965 ULK4 T/C ILE,VAL benign 

rs61744385 3 41756986 ULK4 T/A MET,LEU benign 

rs4973986 3 41841716 ULK4 C/A ALA,SER benign 

rs17063572 3 41860955 ULK4 G/A SER,LEU benign 

rs3774372 3 41877414 ULK4 C/T ARG,LYS possibly-damaging 

rs35263917 3 41952852 ULK4 C/T GLY,SER possibly-damaging 

rs143066517 3 41953134 ULK4 T/C TYR,CYS benign 

rs114054207 3 186383956 HRG C/T HIS,TYR probably-damaging 

rs10770 3 186389559 HRG C/T THR,ILE possibly-damaging 

rs116004251 3 186390615 HRG T/G LEU,VAL probably-damaging 

rs111439697 3 186392939 HRG T/C LEU,PRO probably-damaging 

rs113195010 3 186395056 HRG T/C LEU,PRO possibly-damaging 

rs2228243 3 186395113 HRG G/A ARG,HIS benign 

rs115242562 3 186395145 HRG A/C THR,PRO possibly-damaging 

rs1042445 3 186395436 HRG T/C CYS,ARG benign 

rs1042464 3 186395572 HRG T/A ILE,ASN benign 

rs34884217 4 944210 TMEM175 C/A PRO,GLN benign 

rs9885412 5 94230358 MCTP1 T/C LYS,ARG benign 
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rs111948785 6 41774340 USP49 T/G MET,LEU benign 

rs111695726 6 129498947 LAMA2 G/C GLY,ALA benign 

rs3816665 6 129571330 LAMA2 A/G HIS,ARG benign 

rs35277491 6 129612765 LAMA2 T/G LEU,ARG benign 

rs35065563 6 129634127 LAMA2 G/A SER,ASN benign 

rs35889149 6 129636678 LAMA2 G/A ALA,THR benign 

rs73775407 6 129762042 LAMA2 A/C LYS,THR benign 

rs56209257 6 129777560 LAMA2 T/C MET,THR unknown 

rs6569605 6 129807629 LAMA2 T/C VAL,ALA unknown 

rs2244008 6 129813053 LAMA2 G/A ALA,THR unknown 

rs77113162 6 129828704 LAMA2 T/C LEU,PRO unknown 

EYA4_X130Y 6 133782271 EYA4 A/C stop,TYR unknown 

rs9493627 6 133789728 EYA4 A/G SER,GLY probably-damaging 

rs75133151 6 133789804 EYA4 A/G ASP,GLY probably-damaging 

rs73689977 7 43351410 HECW1 G/T ALA,SER possibly-damaging 

rs61756574 7 43483981 HECW1 C/G ARG,GLY benign 

rs2293507 7 70228020 AUTS2 T/G SER,ALA benign 

rs10094973 8 18432774 PSD3 T/C THR,ALA benign 

rs62636654 8 18725224 PSD3 G/T LEU,ILE benign 

rs114838869 8 18729227 PSD3 A/G CYS,ARG benign 

rs78452893 8 18729529 PSD3 G/C ALA,GLY benign 

rs7003060 8 18729818 PSD3 G/T PRO,THR benign 

rs142597675 8 68334816 CPA6 A/G PHE,LEU probably-damaging 

rs114402678 8 68396032 CPA6 A/G VAL,ALA probably-damaging 

rs17343819 8 68396915 CPA6 C/T SER,ASN benign 

rs17853192 8 68421768 CPA6 C/G CYS,SER probably-damaging 

rs10957393 8 68536470 CPA6 G/A LEU,PHE benign 
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rs115942384 9 130854231 SLC25A25 A/G LYS,GLU unknown 

rs116646005 9 131076150 TRUB2 A/G PHE,LEU probably-damaging 

rs2231630 9 131083883 TRUB2 A/G LEU,PRO probably-damaging 

TCF7L2_P471S 10 114920400 TCF7L2 C/T PRO,SER unknown 

rs77673441 10 114925406 TCF7L2 G/C none unknown 

rs10770125 11 2169014 IGF2,INS-IGF2 G/A PRO,LEU benign 

rs28730756 11 2608893 KCNQ1 G/C ALA,PRO possibly-damaging 

rs1453547 11 59189912 OR5A2 A/G LEU,PRO probably-damaging 

rs139199141 12 109907478 KCTD10 T/C HIS,ARG benign 

rs10853751 19 41903220 EXOSC5 A/G MET,THR benign 

rs114505022 20 30681681 HCK A/G THR,ALA possibly-damaging 

a
NCBI build 37 position 
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Table 2. Quality control measures calculated in SNPGWA. 

  HWE p-value
a 

Minor Allele Frequency 

SNP Cases Controls Cases Controls  Overall ESP AfA
b 

rs144415880 1.00E+00 1.00E+00 0.02 0.01 0.01 0.01 

rs36117895 1.17E-03 8.74E-04 0.13 0.12 0.13 0.05 

rs73828047 1.00E+00 1.00E+00 0.01 0.02 0.01 0.02 

rs61744388 --- --- 0.00 0.00 0.00 0.46 

rs61744385 2.33E-08 3.61E-04 0.46 0.45 0.46 0.46 

rs4973986 --- --- 0.00 0.00 0.00 0.03 

rs17063572 6.66E-02 2.32E-04 0.25 0.26 0.26 0.22 

rs3774372 2.23E-01 1.30E-03 0.18 0.17 0.17 0.20 

rs35263917 --- --- 0.00 0.00 0.00 0.08 

rs143066517 1.00E+00 1.00E+00 0.02 0.01 0.01 0.02 

rs114054207 1.93E-01 1.51E-02 0.03 0.03 0.03 0.03 

rs10770 7.26E-02 3.48E-01 0.23 0.24 0.24 0.21 

rs116004251 1.00E+00 9.45E-02 0.03 0.04 0.04 0.03 

rs111439697 1.82E-01 6.68E-01 0.05 0.04 0.05 0.06 

rs113195010 2.80E-01 3.22E-01 0.06 0.05 0.06 0.06 

rs2228243 2.57E-01 8.17E-05 0.05 0.04 0.04 0.07 

rs115242562 5.73E-01 6.37E-01 0.03 0.04 0.03 0.03 

rs1042445 4.16E-03 5.88E-07 0.30 0.31 0.31 0.25 

rs1042464 4.11E-01 7.70E-01 0.31 0.31 0.31 0.32 

rs34884217 1.00E+00 3.26E-01 0.01 0.02 0.02 0.02 

rs9885412 --- --- 0.00 0.00 0.00 0.10 

rs111948785 2.01E-01 5.70E-01 0.04 0.03 0.03 0.05 

rs111695726 1.00E+00 3.25E-01 0.02 0.02 0.02 0.02 
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rs3816665 1.58E-04 2.29E-05 0.46 0.47 0.46 0.48 

rs35277491 2.71E-01 8.96E-01 0.13 0.14 0.14 0.13 

rs35065563 2.60E-01 1.00E+00 0.02 0.02 0.02 0.02 

rs35889149 6.45E-01 3.49E-02 0.04 0.04 0.04 0.04 

rs73775407 1.00E+00 6.74E-01 0.08 0.08 0.08 0.09 

rs56209257 3.27E-02 1.00E+00 0.01 0.01 0.01 0.01 

rs6569605 8.99E-02 3.40E-01 0.46 0.44 0.45 0.47 

rs2244008 5.26E-02 2.38E-02 0.07 0.08 0.08 0.11 

rs77113162 1.64E-01 1.35E-01 0.01 0.01 0.01 0.02 

EYA4_X130Y --- --- 0.00 0.00 0.00 0.03 

rs9493627 2.62E-02 3.06E-01 0.47 0.47 0.47 0.48 

rs75133151 1.01E-01 4.12E-01 0.02 0.02 0.02 0.03 

rs73689977 1.00E+00 1.00E+00 0.00 0.00 0.00 0.04 

rs61756574 3.71E-01 3.77E-02 0.02 0.03 0.02 0.03 

rs2293507 6.73E-01 1.47E-02 0.13 0.13 0.13 0.14 

rs10094973 3.15E-04 1.00E+00 0.01 0.01 0.01 0.01 

rs62636654 1.00E+00 1.00E+00 0.00 0.01 0.01 0.01 

rs114838869 5.73E-03 1.00E+00 0.03 0.03 0.03 0.02 

rs78452893 5.55E-01 7.55E-01 0.12 0.11 0.12 0.09 

rs7003060 9.35E-02 1.19E-03 0.15 0.15 0.15 0.38 

rs142597675 1.00E+00 1.00E+00 0.01 0.01 0.01 0.01 

rs114402678 1.00E+00 1.00E+00 0.01 0.01 0.01 0.01 

rs17343819 7.66E-01 7.86E-01 0.06 0.06 0.06 0.06 

rs17853192 2.70E-02 1.00E+00 0.02 0.01 0.01 0.02 

rs10957393 8.81E-01 3.87E-01 0.32 0.32 0.32 0.32 

rs115942384 1.00E+00 1.00E+00 0.01 0.01 0.01 0.02 

rs116646005 1.99E-01 1.00E+00 0.02 0.01 0.01 0.02 
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rs2231630 1.67E-01 1.00E+00 0.01 0.02 0.02 0.01 

TCF7L2_P471S 1.00E+00 1.00E+00 0.00 0.00 0.00 0.00 

rs77673441 1.00E+00 1.42E-01 0.01 0.02 0.01 0.00 

rs10770125 4.22E-01 5.73E-03 0.17 0.16 0.16 0.17 

rs28730756 1.00E+00 1.47E-01 0.02 0.01 0.01 0.01 

rs1453547 1.00E+00 2.88E-04 0.04 0.04 0.04 0.06 

rs139199141 1.00E+00 1.00E+00 0.01 0.01 0.01 0.01 

rs10853751 4.83E-01 1.00E+00 0.14 0.15 0.14 0.20 

rs114505022 1.00E+00 1.00E+00 0.02 0.03 0.02 0.02 

Models that did not converge are represented with ‘---‘. 
a
Hardy-Weinberg equilibrium p-value. 

b
Minor allele frequency from the 

NHLBI Exome Sequencing Project database African American subjects. 
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Table 3. T2D association results. 

  Dominant Model Additive Model Recessive Model 

SNP P-value
 

OR
a 

LCI
b 

UCI
c 

P-value OR
a 

LCI
b 

UCI
c 

P-value OR
a 

LCI
b 

UCI
c 

rs144415880 0.05 2.92 1.00 8.50 0.05 2.92 1.00 8.50 --- --- --- --- 

rs36117895 0.28 1.12 0.91 1.37 0.25 1.12 0.92 1.37 0.46 1.62 0.45 5.77 

rs73828047 0.21 0.70 0.41 1.22 0.21 0.70 0.41 1.22 --- --- --- --- 

rs61744388 --- --- --- --- --- --- --- --- --- --- --- --- 

rs61744385 0.22 1.14 0.93 1.40 0.67 1.03 0.90 1.18 0.49 0.92 0.72 1.17 

rs4973986 --- --- --- --- --- --- --- --- --- --- --- --- 

rs17063572 0.05 0.84 0.70 1.00 0.13 0.89 0.76 1.03 0.76 1.07 0.70 1.62 

rs3774372 0.08 1.19 0.98 1.44 0.18 1.12 0.95 1.31 0.73 0.92 0.59 1.46 

rs35263917 --- --- --- --- --- --- --- --- --- --- --- --- 

rs143066517 0.67 1.35 0.33 5.54 0.67 1.35 0.33 5.54 --- --- --- --- 

rs114054207 0.73 0.94 0.64 1.37 0.63 0.92 0.65 1.30 0.45 0.52 0.09 2.84 

rs10770 0.46 0.93 0.78 1.12 0.59 0.96 0.83 1.11 0.89 1.02 0.72 1.47 

rs116004251 0.18 0.79 0.56 1.12 0.14 0.78 0.56 1.08 0.25 0.28 0.03 2.49 

rs111439697 0.11 1.30 0.95 1.77 0.08 1.31 0.97 1.76 0.25 2.64 0.51 13.71 

rs113195010 0.13 1.25 0.94 1.65 0.12 1.24 0.95 1.61 0.52 1.52 0.43 5.41 

rs2228243 0.18 1.24 0.90 1.70 0.52 1.10 0.82 1.48 --- --- --- --- 

rs115242562 0.24 0.81 0.57 1.15 0.28 0.82 0.58 1.17 --- --- --- --- 

rs1042445 0.30 0.91 0.76 1.09 0.57 0.96 0.83 1.11 0.50 1.13 0.79 1.61 

rs1042464 0.89 1.01 0.85 1.21 0.60 1.04 0.91 1.18 0.36 1.15 0.85 1.55 

rs34884217 0.18 0.70 0.42 1.18 0.15 0.69 0.41 1.15 --- --- --- --- 

rs9885412 --- --- --- --- --- --- --- --- --- --- --- --- 

rs111948785 0.07 1.40 0.98 2.00 0.06 1.40 0.99 1.97 0.38 2.76 0.29 26.64 

rs111695726 0.75 1.08 0.69 1.69 0.85 1.04 0.67 1.62 --- --- --- --- 

rs3816665 0.62 0.95 0.77 1.16 0.77 0.98 0.85 1.12 0.96 1.01 0.80 1.27 
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rs35277491 0.39 0.91 0.75 1.12 0.50 0.94 0.79 1.13 0.76 1.10 0.59 2.03 

rs35065563 0.91 1.03 0.63 1.68 0.82 1.06 0.65 1.70 --- --- --- --- 

rs35889149 0.60 1.10 0.78 1.55 0.72 1.06 0.77 1.47 0.50 0.56 0.10 3.08 

rs73775407 0.85 0.98 0.77 1.24 0.90 0.99 0.78 1.24 0.77 1.20 0.36 3.95 

rs56209257 0.60 0.81 0.36 1.79 0.77 0.90 0.42 1.90 --- --- --- --- 

rs6569605 0.53 1.06 0.88 1.29 0.26 1.07 0.95 1.22 0.20 1.15 0.93 1.43 

rs2244008 0.79 0.97 0.75 1.25 0.80 0.97 0.75 1.24 0.95 1.08 0.07 17.46 

rs77113162 0.67 1.13 0.64 1.98 0.69 1.11 0.65 1.90 1.00 1.00 0.06 15.97 

EYA4_X130Y --- --- --- --- --- --- --- --- --- --- --- --- 

rs9493627 0.93 0.99 0.81 1.21 0.67 1.03 0.91 1.16 0.40 1.10 0.89 1.36 

rs75133151 0.98 1.01 0.66 1.54 0.89 1.03 0.69 1.54 0.55 2.10 0.19 23.21 

rs73689977 --- --- --- --- 1.00 9999.00 0.00 9999.00 --- --- --- --- 

rs61756574 0.66 0.91 0.60 1.38 0.56 0.89 0.60 1.32 0.40 0.37 0.04 3.65 

rs2293507 0.95 0.99 0.81 1.22 0.62 0.96 0.80 1.14 0.15 0.65 0.35 1.18 

rs10094973 0.54 1.21 0.65 2.26 0.33 1.33 0.75 2.35 --- --- --- --- 

rs62636654 0.10 0.51 0.23 1.15 0.10 0.51 0.23 1.15 --- --- --- --- 

rs114838869 0.11 0.74 0.51 1.07 0.23 0.80 0.57 1.14 0.19 4.37 0.49 39.22 

rs78452893 0.34 1.11 0.90 1.37 0.29 1.11 0.92 1.34 0.46 1.31 0.64 2.68 

rs7003060 0.88 0.98 0.81 1.20 0.89 1.01 0.84 1.22 0.22 1.67 0.73 3.80 

rs142597675 0.37 1.40 0.67 2.90 0.37 1.40 0.67 2.90 --- --- --- --- 

rs114402678 0.75 0.90 0.47 1.73 0.75 0.90 0.47 1.73 --- --- --- --- 

rs17343819 0.95 0.99 0.75 1.30 0.86 0.98 0.75 1.27 0.50 0.55 0.10 3.05 

rs17853192 0.10 1.59 0.92 2.75 0.06 1.66 0.98 2.80 --- --- --- --- 

rs10957393 0.61 0.95 0.80 1.14 0.72 0.98 0.85 1.12 0.93 1.01 0.75 1.37 

rs115942384 0.31 0.71 0.36 1.39 0.31 0.71 0.36 1.39 --- --- --- --- 

rs116646005 0.76 1.09 0.64 1.84 0.65 1.13 0.67 1.89 --- --- --- --- 

rs2231630 0.33 0.77 0.46 1.30 0.42 0.81 0.49 1.35 --- --- --- --- 
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TCF7L2_P471S 0.24 0.27 0.03 2.45 0.24 0.27 0.03 2.45 --- --- --- --- 

rs77673441 0.06 0.43 0.18 1.03 0.05 0.43 0.18 1.02 --- --- --- --- 

rs10770125 0.05 1.22 1.00 1.48 0.11 1.15 0.97 1.36 0.89 0.97 0.59 1.58 

rs28730756 0.39 1.27 0.74 2.18 0.46 1.22 0.72 2.06 --- --- --- --- 

rs1453547 0.11 1.32 0.94 1.85 0.29 1.19 0.87 1.62 0.10 0.17 0.02 1.37 

rs139199141 0.54 1.21 0.66 2.23 0.54 1.21 0.66 2.23 --- --- --- --- 

rs10853751 0.52 0.93 0.76 1.15 0.61 0.95 0.79 1.15 0.86 1.06 0.56 1.99 

rs114505022 0.15 0.74 0.49 1.11 0.15 0.74 0.49 1.11 --- --- --- --- 

Models that did not converge are represented with ‘---‘. 
a
Odds ratio. 

b
Upper limit of the 95% confidence interval. 

c
Lower limit of the 

95% confidence interval. 
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Appendix 2 

Assessment of Common and Rare Variants at Established Type 2 Diabetes and Glucose 

Homeostasis Loci for Type 2 Diabetes Risk in African Americans 

 

Jacob M. Keaton, Poorva Mudgal, Barry I. Freedman, Donald W. Bowden, and Maggie 

C.Y. Ng 
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Abstract 

Type 2 diabetes (T2D) is a metabolic disease characterized by both insulin 

resistance and impaired insulin secretion. African Americans (AfAs) have higher disease 

prevalence of T2D (12.6%) compared to European Americans (7.1%). Although GWAS 

of primarily European populations have identified ∼70 loci associated with T2D, these 

loci are usually represented by a common index variant spanning a large region of 

linkage disequilibrium (LD). GWAS in a single population may not have sufficient 

resolution to identify causal SNPs, address the impact of rare variants, or assess genetic 

architecture underlying ethnic disparities in disease prevalence. With these 

considerations, we examined SNP- and locus-wide association of 44 T2D loci reported in 

Europeans (P≤5x10-8, odds ratio [OR] 1.07-1.39) for association in an AfA cohort 

consisting of 1617 T2D cases and 676 healthy controls. Considering the pathophysiology 

of T2D, we also examined 29 reported European glucose homeostasis (GH) loci 

(P≤5x10-8). Individuals were genotyped using an Affymetrix BioBank array customized 

for fine-mapping of T2D and GH candidate genes/loci. Our results show that 16 T2D 

index SNPs, or their proxies (r2≥0.5 in EAs), at the THADA, GRB14, IRS1, WFS1, 

ANKRD55, JAZF1, CDKN2A/B, TCF7L2, KCNQ1, MTNR1B, KLHDC5, HMGA2, 

TSPAN8/LGR5, FTO, MC4R, and CILP2 loci were significantly associated with T2D 

(P<0.05, OR 1.17-1.55) in AfAs. Additionally, 6 GH index SNPs or proxies at the 

DGKB/TMEM195, GLIS3, ADRA2A, MADD, FADS1, and VPS13C/C2CD4A/B loci were 

significantly associated with T2D (P<0.05, OR 1.19-1.35). The strongest association was 

TCF7L2 rs7903146 (P=2.22x10-5, OR=1.35), consistent with current literature. Of the 22 

associated loci, the most strongly associated SNP in AfAs was identical to or in LD 
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(r2≥0.5) with the European index SNP at 10 loci: GRB14, IRS1, ANKRD55, JAZF1, 

KCNQ1, FTO, TCF7L2, MADD, FADS1, and VPS13C/C2CD4A/B. Gene-based analysis 

including both common and rare coding variants in SKAT revealed significant 

association at the IRS1 (P=0.025) and TSPAN8 (P=0.020) loci, but these associations 

were lost when only SNPs with predicted functional consequences were included in the 

model. These findings suggest that loci discovered in European GWAS influence T2D 

risk in AfAs with similar effect sizes, that the lesser degree of LD in AfAs may facilitate 

identification of the causal variants, and that rare coding variants at established T2D loci 

do not significantly contribute to T2D risk in AfAs. 
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Introduction 

Type 2 diabetes (T2D) is a metabolic disease characterized by both insulin 

resistance and impaired insulin secretion. Ethnic disparities in T2D prevalence are well 

documented, with one of the largest observable differences occurring between individuals 

of European and African descent. The most recent data indicates that T2D prevalence 

among African Americans (AfA; 13.2 %) is much higher than among European 

Americans (EA; 7.6%)
15

.  Although GWAS of primarily European populations have 

identified ∼80 loci associated with T2D, these loci are usually represented by a common 

index variant spanning a large region of linkage disequilibrium (LD) 
19,142

. GWAS in a 

single population may not have sufficient resolution to identify causal SNPs, address the 

impact of rare variants, or assess genetic architecture underlying ethnic disparities in 

disease prevalence. With these considerations, we examined SNP and locus-wide 

association of 43 T2D loci reported in Europeans for association in AfA T2D cases and 

healthy controls. Considering the pathophysiology of T2D, we also examined 15 reported 

European glucose homeostasis (GH) loci. 

 

Methods 

• To evaluate the effects of both common and rare variants at European T2D loci, 

3362 AfA T2D cases and 1372 AfA controls were genotyped using an Affymetrix 

Biobank custom array (Table 1). 

• Index SNPs from 43 European T2D loci reported in the DIAbetes Genetics 

Replication And Meta-analysis (DIAGRAM)
20

 study (P≤5x10
-8

, odds ratio [OR] 
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1.07-1.39) and from an additional 15 European GH loci reported in the Meta-

Analyses of Glucose and Insulin-related traits Consortium (MAGIC)
166

 study 

(P≤5x10
-8

) were selected for single SNP-association analysis.  

• Additionally, LD proxies (r
2
≥0.5 in 1000 Genomes CEU) for each index SNP 

were selected using SNAP.  

• The association of SNPs with T2D in AfAs was evaluated under a linear mixed 

model adjusted for fixed effects of age and gender using MMM.  

• Locus-wide association was evaluated with coding SNPs (N=440) at all 

DIAGRAM and MAGIC loci under 2 models using SKAT/SKAT-O.  

• Model 1 gave equal weighting to common and rare SNPs (beta 1,1).  

• Model 2 gave more weight to rare SNPs (beta 1,25).  

• Both models were adjusted for age, gender, and population substructure. 

 

Results 

• Our results show that 15 T2D index SNPs, or their proxies (r
2
≥0.5 in CEU), at the 

TCF7L2, JAZF1, FTO, TSPAN8/LGR5, PCR1, IGF2BP2, GRB14, THADA, 

PROX1, MC4R, HHEX/IDE, KCNQ1, BCAR1, MTNR1B, and IRS1 loci were 

significantly associated with T2D (P<0.05, OR 1.11-1.49) in AfAs (Table 2).  
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• Additionally, 4 GH index SNPs or proxies at the DGKB/TMEM195, GIPR, 

SPTA1, and FADS1 loci were significantly associated with T2D (P<0.05, OR 

1.11-1.35) (Table 3). 

• The strongest association was TCF7L2 rs7903146 (P=2.17x10
-7

, OR=1.30), 

consistent with current literature. 

• Of the 19 associated loci, the most strongly associated SNP in AfAs was identical 

to or in LD (r
2
≥0.5 in AfA) with the European index SNP at 7 loci: TCF7L2, 

JAZF1, GRB14, PROX1, KCNQ1, IRS1, and GIPR. 

• Gene-based analysis with equal weighting for common and rare coding variants 

with SKAT revealed significant association at the PPARG (P=0.02) , CDKAL1 

(P=0.02), SLC30A8 (P=0.02), and PRC1 (P=0.01) loci (Table 4). 

• Gene-based analysis with heavier weighting for rare coding variants with SKAT-

O revealed significant association again at the SLC30A8 (P=0.04) and PRC1 

(P=0.02) loci, as well as at two additional loci: HK1 (P=0.03) and THADA 

(P=0.04) (Table 4). 

 

Conclusions 

• By combining both rare and common variant genotype data, we have examined 

the transferability of established European T2D loci in an African American 

population and interrogated the contribution of both common and rare coding 

variants at each of these loci. 
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• Our findings suggest that loci discovered in European GWAS influence T2D risk 

in AfAs with similar effect sizes, that differences in LD structure in AfAs may 

facilitate identification of the causal variants, and that both common and rare 

coding variants at established T2D loci may significantly contribute to T2D risk 

in AfAs. 
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Tables and Figures 

Table 1. Demographic summary of the African American study cohort. 

Characteristic T2D Cases Controls 

N 3362 1372 

Male (%) 42.6 46.1 

Age (yrs ± SD) 56.5 ± 19.4 39.3 ± 24.5 

BMI (kg/m
2
 ± SD) 30.1 ± 10.0 23.2 ± 15.9 
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Table 2. Association of reported T2D index or proxy SNPs in AfAs. 

Gene EA SNP EA OR
 

AfA SNP AfA OR
 

AfA P r
2
 CEU r

2
 AfA 

TCF7L2 rs7903146 1.39 rs7903146 1.30 2.17E-07 1.00 1.00 

JAZF1 rs849135 1.11 rs849134 1.22 2.91E-04 1.00 1.00 

FTO rs9936385 1.13 rs9931494 1.23 1.11E-03 0.81 0.04 

TSPAN8 rs7955901 1.07 rs60903622 1.20 2.88E-03 0.69 0.06 

PRC1 rs12899811 1.08 rs2301826 1.15 6.50E-03 0.53 0.18 

IGF2BP2 rs4402960 1.13 rs16860216 1.14 6.90E-03 0.84 0.19 

GRB14 rs13389219 1.07 rs13389219 1.15 8.94E-03 1.00 1.00 

THADA rs10203174 1.14 rs76215753 1.49 1.26E-02 0.90 0.05 

PROX1 rs2075423 1.07 rs2075423 1.12 1.48E-02 1.00 1.00 

MC4R rs12970134 1.08 rs1539952 1.15 1.59E-02 0.60 0.18 

HHEX/IDE rs1111875 1.11 rs10882102 1.12 1.64E-02 1.00 0.24 

KCNQ1 rs231361 1.09 rs231361 1.12 1.87E-02 1.00 1.00 

BCAR1 rs7202877 1.12 rs7202083 1.20 2.45E-02 0.56 0.00 

MTNR1B rs1387153 1.09 rs12792753 1.11 2.49E-02 0.56 0.26 

IRS1 rs2943640 1.10 rs2943640 1.19 4.46E-02 1.00 1.00 
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Table 3. Association of reported GH index SNPs with T2D in AfAs. 

Gene GH Trait EA SNP AfA SNP AfA OR AfA P r2 EA r2 AA 

DGKB Fasting Glucose rs10228456 rs80005921 1.35 1.10E-03 0.61 0.06 

GIPR 2-hour Glucose rs11672660 rs11672660 1.17 3.37E-02 1 1 

SPTA1 HbA1C rs2246434 rs863327 1.23 4.42E-02 0.96 0.24 

FADS1 Fasting Glucose rs174576 rs102275 1.11 4.79E-02 0.97 0.17 
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Table 4. Locus-wide association of GH and T2D loci w/ T2D in AfAs. 

    Model 1 Model 2 

Gene EA trait P cMAF
a
 (%) N (SNPs) P cMAF

a
 (%) N (SNPs) 

HK1 HbA1C 0.16 0.49 3 0.03 0.49 3 

THADA T2D 0.11 2.43 27 0.04 2.43 27 

PPARG T2D 0.02 0.07 3 0.08 0.07 3 

CDKAL1 T2D 0.02 0.34 5 0.49 0.34 5 

SLC30A8 T2D 0.02 0.13 9 0.04 0.13 9 

PRC1 T2D 0.01 0.31 5 0.02 0.31 5 

a
cumulative minor allele frequency 

 

 

 

 

 

 

 



167 
 

Appendix 3 

Observation of Excess Homozygosity in African American Samples 

 

Jacob M. Keaton, Meijian Guan, Poorva Mudgal, Donald W. Bowden, and Maggie C.Y. 

Ng 

 

 

 

 

 

 

 

 

 

 

 

 

 



168 
 

Introduction 

 The observation described here was made during quality control (QC) analysis of 

genotype data generated from the Affymetrix Axiom custom genotyping array for Wake 

Forest African American samples. Markers assayed by this array include exome variants, 

loss-of-function variants, pharmacological variants, expression quantitative trait loci 

(eQTLs), common variants for use in genome-wide association analysis (GWAS) 

providing approximately 80% coverage of the African American genome, and custom-

designed content including variants to fine-map selected type 2 diabetes (T2D), glucose 

homeostasis, body mass index (BMI), and end-stage renal disease (ESRD) loci. Samples 

genotyped on this array include 970 T2D cases, 2,468 T2D-ESRD cases, and 1394 

controls for a total of 4,830 African American samples. 

As part of standard QC procedure for genotype data from a microarray, or chip, 

heterozygosity checking is performed for samples assayed on the array. This procedure 

compares the number of observed heterozygous genotype calls for each sample to the 

expected number of calls under the Hardy Weinberg theorem of equilibrium. The Hardy 

Weinberg theorem states that allele and genotype frequencies will remain constant in a 

population from one generation to the next in the absence of evolutionary forces
191

. 

Therefore, deviation from the expected number of heterozygous calls in a given sample 

or collection of samples may be due to an unknown source of error or, more interestingly, 

an unknown evolutionary influence such as mate choice, mutation, selection, genetic 

drift, gene flow, or meiotic drive.  
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Heterozygosity is described by the coefficient of inbreeding F. Across microarray 

samples, the distribution of F-values typically has a mean of about zero, and samples that 

meet quality control tolerance thresholds are within three standard deviations of this 

mean. F-values that are greater than three standard deviations below the mean correspond 

to samples with more heterozygous calls than expected. This negative skew is a hallmark 

of sample contamination arising when two or more samples are mixed during sample 

preparation, thus yielding an excess of heterozygous genotype calls. Conversely, F-

values that are greater than three standard deviations above the mean correspond to 

samples with more homozygous calls than expected. Excess homozygosity may be an 

artifact arising from mishandling of data or may be the result of processes such as 

consanguinity, population size reduction, and natural selection. Spurious homozygosity 

would likely have an observable pattern, either spread throughout the genome or confined 

to regions that are problematic for genotyping, whereas excess homozygosity due to 

evolutionary forces would collect into runs of homozygosity (ROHs). ROHs are long 

stretches of consecutive homozygous genotypes likely reflecting segments shared 

identically by descent. 

In the Wake Forest Axiom data, we observed 49 samples with F-values greater than three 

standard deviations above the mean. All samples were further analyzed to determine the 

source of the observed excess homozygosity and ROHs were investigated as a source of 

biological insights. 
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Methods  

Runs of homozygosity were analyzed to determine frequency, size, location, and 

consensus overlaps and tested for association in PLINK 

(http://pngu.mgh.harvard.edu/purcell/plink). Association with T2D was performed under 

an additive logistic regression model adjusted for age, sex, BMI, and PC1. ROHs were 

defined as at least 500 kb in length, containing at least 100 common (minor allele 

frequency >5%) SNPs, at least one SNP every 50 kb on average, consecutive SNPs no 

more than 100 kb apart, and a scanning window of 50 SNPs cannot have more than 1 

heterozygous call and 5 missing calls. 

 

Results 

In the Wake Forest Axiom data, we observed 49 samples (n=9 T2D cases, 29 

T2D-ESRD cases, 11 controls) with F-values greater than three standard deviations 

above the mean (Figure 1). For these samples, heterozygosity checking of chromosome X 

yielded F-values of ranging from 0.0 to 0.2 for female samples and 0.8 to 1.0 for male 

samples. Comparison with phenotyped sex did not reveal any discordance. Pi-hat values 

from IBD checking did not suggest cryptic relatedness. Principal component eigenvalues 

were consistent with an African American population. Sample call rates exceeded 97%. 

Characterization of ROHs was performed in PLINK. Across all 4,830 samples, the 

number of ROHs per sample ranged from 11 to 113 with a mean of 30.6. The average 

ROH length per sample ranged from 651.5 kb to 8,286.8 kb with a mean of 946.6 kb. The 

ROHs were aligned across samples to find consensus overlaps that were at least 100 bp 

http://pngu.mgh.harvard.edu/purcell/plink
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long, contained at least 2 SNPs, and had >5% frequency in all samples. Out of 847 

consensus overlaps found to meet these conditions, the 10 largest were tested for 

association with T2D. One 84 kb segment on chromosome 2 containing 38 genotyped 

SNPs was associated with T2D (P=0.019, OR=1.57[1.08-2.30]). This segment overlaps 

the GALM gene. 

 

Discussion 

In the Wake Forest Axiom data, we observed 49 samples (n=9 T2D cases, 29 

T2D-ESRD cases, 11 controls) with F-values greater than three standard deviations 

above the mean (Figure 1). Examination of these samples did not reveal evidence of 

sample contamination, gender mismatch, cryptic relatedness, population outliers, low call 

rate, or any other QC issue. The homozygosity check was performed using common 

(minor allele frequency >5%) genotyped SNPs pruned for linkage disequilibrium pruning 

(r
2
<0.3). We could find no other evidence that the observation of excess homozygosity 

was spurious. 

The observed ROHs were longer and more frequent in African American individuals with 

higher F-values (Figure 2). Analysis of ROHs showed that excess homozygosity (i.e. the 

coefficient of inbreeding F) was positively correlated with ROH frequency in African 

Americans (Figure 3). Additionally, excess homozygosity was positively correlated with 

mean ROH length in African Americans (Figure 4). Stratified analysis of phenotype 

groups (T2D-only, T2D-ESRD, and controls) showed no difference in F-values (Figure 

5), ROH frequency (Figure 6), or ROH length (Figure 7) across groups.  
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Logistic regression modeling of African American subjects (n=970 T2D cases, 1,394 

controls) revealed association of one 84 kb segment on chromosome 2 containing 38 

genotyped SNPs with T2D (P=0.019, OR=1.57[1.08-2.30]). This consensus overlap 

region begins with the genotyped SNP AX-83035123 at position 39042678 (NCBI build 

37) and ends with the SNP AX-11208745 at position 39127020. This overlap was present 

in 324 (13.7%) of samples tested for association. This segment overlaps the gene GALM 

encoding galactose mutarotase (an aldose 1-epimerase). This enzyme catalyzes the 

epimerization of hexose sugars such as glucose and galactose, is expressed in the 

cytoplasm, has a preference for galactose, and may be required for normal galactose 

metabolism by maintaining the equilibrium of alpha and beta anomers of galactose. A 

prior GWAS showed association of a variant at this locus (rs6741892, P=5x10
-6

) with 5-

HTT brain serotonin transporter levels in a very small multi-ethnic cohort (n=55), and 

that the transporter-increasing allele was most frequent in African Americans
192

. Brain 

serotonin systems have been strongly implicated in the neural regulation of appetite
193

.  
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Tables and Figures 

Figure 1. Sample call rate vs. heterozygosity F-value in Axiom African American 

samples. 
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Figure 2. Runs of homozygosity are longer and more frequent in African American 

individuals with high F-values. 
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Figure 3. F-value is positively correlated with ROH frequency in African Americans. 
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Figure 4. F-value is positively correlated with mean ROH length in African Americans. 
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Figure 5. Comparison of F-values between control, T2D-ESRD, and T2D-only samples. 

 

 

 

 

 

 

 

 

 



178 
 

Figure 6. Comparison of ROH frequency between control, T2D-ESRD, and T2D-only 

samples. 
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Figure 7. Comparison of mean ROH length between control, T2D-ESRD, and T2D-only 

samples. 
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Appendix 4 

Type 2 Diabetes Gene-Gene Interaction Analysis Plan 

 

Jacob M. Keaton, Meijian Guan, Latchezar Dimitrov, Poorva Mudgal, Donald W. 

Bowden, and Maggie C.Y. Ng 
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Introduction 

 This analysis plan is the culmination of an investigation of statistical analysis 

software packages to test association of gene-gene interactions with type 2 diabetes 

(T2D) in multiple studies for the purpose of meta-analysis. These packages include but 

are not limited to PLINK, ProbABEL, GenABEL, RAREMETAL, 

RAREMETALWORKER, SAS, MMAP, MMM, GWAF, and GMMAT. The goal of this 

investigation was to identify software capable of analyzing genome-wide interaction 

effects of single nucleotide polymorphisms (SNPs) using a logistic regression model 

framework, analyzing joint (main + interaction) effects for these SNPs, incorporating 

genotype information in the form of imputed dosages, adjusting for cryptic relatedness in 

unrelated samples by incorporating a the random effect of a genetic relationship matrix in 

the model, and adjusting for known pedigree structure in analyses of related samples.  

 

Background 

Type 2 diabetes (T2D) is the result of metabolic defects in insulin secretion and 

insulin sensitivity, yet most T2D loci identified to date influence insulin secretion. We 

hypothesize that T2D loci, particularly those affecting insulin sensitivity, can be 

identified through interaction with insulin secretion loci. To test this hypothesis, we 

propose a pilot genome-wide interaction study meta-analysis with the MTNR1B variant 

rs10830963 (risk allele G), a SNP previously associated with fasting glucose (FG), acute 

insulin response to glucose (AIRg), and T2D across ethnicities. Table 1 describes the 

characteristics of this SNP across several studies.  
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Table 1. MTNR1B SNP rs10830963 characteristics.  

Study Ethnicity Trait n Effect/Other Allele Frequency Beta/OR SE P-value 

IRASFS African American AIR 484 G/C 0.08 -5.80 1.301 1.20E-05 

GUARDIAN Hispanic AIR 2548 G/C 0.20 -2.20 - 9.46E-12 

MAGIC European FG 122744 G/C 0.30 0.07 0.003 6.00E-175 

MEDIA African American T2D 

14345 cases, 21026 

controls G/C 0.08 1.13 0.049 1.39E-02 

DIAGRAM European T2D 

8130 cases, 38987 

controls G/C 0.30 1.13 0.050 1.01E-06 

 

Analysis plan overview 

 Conduct genome-wide logistic regression tests for additive allelic interactions 

with a selected insulin secretion SNP. T2D is the outcome for this model. We 

recommend running ProbABEL or a similar statistical package that preferably 

outputs covariance between betas of SNP main effect and SNPxSNP interaction 

effect. 

o ProbABEL accepts MACH and filevector (aka databel) formats as input. 

The GenABEL R package offers functions for converting your data to 

these formats (impute2mach, impute2databel, mach2databel). 

 Restrict your analysis to unrelated individuals if you use ProbABEL (It does not 

handle family data properly). 

 Analyze African Americans and individuals of European descent separately.  
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 Based on your own study, use correct principal components to correct for 

population stratification and include principal components as indicated in the 

analysis models below.  

1) Disease definitions  

 T2D Cases: (fasting plasma glucose ≥ 126 mg/dl (7.0 mmol/L) OR 2 hr GTT ≥ 

200 mg/dl (11.1 mmol/L) OR random glucose ≥ 200 mg/dL OR treatment OR 

physician diagnosis) AND age at diagnosis ≥ 25 years (age ≥ 25 years if age at 

diagnosis not available) 

o For cohort studies, an individual is defined as a case if the individual 

meets the defining criteria at any of the visits. 

 

 Controls: (fasting plasma glucose < 100 mg/dl (5.6 mmol/L) AND 2 hr OGTT < 

140 mg/dL (7.8 mmol/L) if available) AND no treatment AND age ≥ 25 years  

o For cohort studies, an individual is defined as a control if the individual 

meets the defining criteria at all of the visits. 

 

** Exclude population outliers as identified from principal component analysis using 

HapMap or 1000G reference populations 

** If alternative definitions were used, please specify this in 

README.Inclusion/Exclusion Criteria 
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2) Covariates 

 Sex, age, bmi, study sites, study-specific principal components, selected insulin 

secretion SNP 

o Extract imputed dosage for the risk allele of selected insulin secretion 

SNPs for inclusion as a covariate in the interaction model 

o The SNP covariate should be coded as a continuous value (between zero 

and 2) of risk (effect) allele dosage (e.g. MTNR1B rs10830963, risk 

allele=G, non-risk allele=C, then GG=2, GC=1, CC=0) 

 For cross-sectional studies, use current age and BMI as covariates.  

 For cohort study, use the age and BMI from each person’s last visit. 

3) QC inclusion criteria 

 Samples: call rate (e.g. ≥0.95) 

 Imputed SNPs: MAC (≥50), information score ≥0.5 

** MAC = 2*min(EAF, 1-EAF)*N 

4) Interaction analysis 

 Model 1 (Baseline): T2D = SNP1 + SNP2 + SNP1xSNP2 + age + sex + study 

center (if relevant) + PCs 

 Model 2 (BMI adjusted): T2D = SNP1 + SNP2 + SNP1xSNP2 + age + sex + 

study center (if relevant) + PCs + BMI 
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**SNP1 is the “covariate” calculated as the dosage of selected insulin secretion SNP, 

rs10830963 (risk allele G) with value range from 0 to 2. 

**We will run JMA (Genet Epidemiol 2011, 35:11-18) to investigate the joint SNP2 

main effect and SNP1xSNP2 interaction effect, which will increase study power when 

SNP2 main effects exist. JMA requires calculation of the covariance between betas for 

SNP2 and SNP1xSNP2 to obtain robust SE using the Huber sandwich method. We 

recommend running ProbABEL or a similar statistical package that outputs covariance 

between betas of SNP main effect and SNPxSNP interaction effect. 

 

**ProbABEL website: http://www.genabel.org/packages/ProbABEL  

** The dose/probability file may be supplied in filevector format in which case 

ProbABEL will operate much faster, and in low-RAM mode (approx. 128 MB). See the 

R library GenABEL on how to convert MaCH and IMPUTE2 files to filevector format 

(functions: mach2databel() and impute2databel(). 

**DO NOT conduct hypothesis testing. This will be handled by the meta-analysts in a 

consistent manner 

Output format 

1) Interaction results 

Report results in tab‐delimited txt-format AND always use the prescribed variable 

names! 

http://www.genabel.org/packages/ProbABEL
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 For imputed SNPs, only report SNP results that pass specified imputation 

quality and MAC. 

 All numeric data can be specified in either scientific or decimal notation and 

should be specified to 4 or 6 decimal places, as indicated below. P‐values 

should be specified to 4 significant digits, in scientific notation if needed. 

 Integer data should be supplied as a single integer number with no decimal 

point. 

 Code missing values in any column as a single period character (".") 

 No quotes should be used around any data cells or headers. 

 No row indices column or any other extra columns should be provided. 

 Remove monomorphic SNPs and SNPs for which no association data is 

available. 

 The results should NOT be corrected for genomic control. This correction will 

be implemented during meta-analysis. 

Please, always compress files before uploading! (preferably use gzip) 
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Table 2: Column naming scheme. 

chr Chromosome (GRCh 37) as in the IMPUTE/MACH reference map  

pos Position (GRCh 37) as in the IMPUTE/MACH reference map 

strand Strand (+/-) according Human Reference Genome Build 37 (GRCh37) 

imputation_type 1 = MINIMAC r2_hat (from MINIMAC) 

2 = IMPUTE info (from IMPUTE) 

3 =PLINK  info (from PLINK) 

4 = others (please specify in README) 

name Please use the markername exactly as it is represented in the imputation output. A reference map 

“1kgp_mach_impute_AAAGC.map” will be provided. Report IMPUTE marker names if using 

IMPUTE, MACH marker names if using MACH. 



188 
 

A1 Name of the effect/coded/predictor allele 

A2 Name of the non-effect allele 

Freq1 Frequency of the effect allele in ALL samples (preferred) 

MAF Frequency of the minor allele in ALL samples (optional) 

Quality the average maximum posterior probability for the most likely genotype, from imputation output 

Rsq Estimate of the squared correlation between imputed and true genotypes, from imputation output 

n Total number of individuals used in the analyses for whom complete phenotypic information was 

available (may vary somewhat across SNPs) 

Mean_predictor_allele the estimated frequency of the predictor allele (A1) in subjects with complete phenotypic data 

(optional) 

beta_SNP_add Per allele effect size on the outcome (SNP2 beta), specified to 4 decimals, scientific notation if needed 

to avoid zero value 
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sebeta_SNP_add Standard  error for the effect size (SNP2 SE), specified to 6 decimals, scientific notation if needed to 

avoid zero value 

beta_SNP_SNP1 beta for SNP1xSNP2 interaction, specified to 4 decimals, scientific notation if needed to avoid zero 

value 

sebeta_SNP_SNP1 standard error for SNP1xSNP2 interaction, specified to 6 decimals, scientific notation if needed to 

avoid zero value 

cov_SNP_int_SNP_SNP1 covariance for SNP2 marginal effect estimate and SNP1xSNP2 interaction effect estimate, specified to 

6 decimals, scientific notation if needed to avoid zero value (optional) Note: We can estimate this 

covariance during meta-analysis if your program does not calculate 

chi2_SNP The chi-square test value for the SNP2 effect estimate based on the likelihood ratio test (optional) 
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2. File naming 

Use the following file naming scheme: 

"GWIS1000G.date1000Gmap.study.trait.ethnicity.model.method.dateanalysis.analyst.file

type" 

(e.g. GWIS1000G.MAR12.WFU.T2D.AA.I1.LOGISTIC.17OCT13.MNG.txt.gz)   

         Table 3: File naming scheme. 

GWIS1000G Use ‘GWIS1000G’ for GWIS studies 

Date of 1000G 

map 

Month and year (MMMYY) of the 1000 Genomes map (e.g. 

MAR12, SEP13) 

study Name of your study population 

trait ‘T2D’ 

Ethnicity/Race ‘AA’ for African Americans 

Interaction model I1= MTNR1B baseline interaction model 

I2= MTNR1B interaction model, BMI adjusted 

method LOGISTIC = logistic regression (e.g. if you use ProbABEL –

palogist) 

GEE = generalized estimating equation 

date of analysis DDMMMYY (e.g. 17OCT13) 
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analyst Initials of analyst (e.g. MNG) 

filetype tab-delimited txt 

 

3. README File 

When uploading files to the shared ftp site, please include a brief readme file with some 

basic information about the uploaded data. Name the file 

"Study.dateanalysis.analyst.README.txt". Please include the following: 

 Principle Investigator name(s) and contact information (email and phone) 

 Data analyst(s) and contact information (email and phone) 

 Genotyping platform(s), any overlapping samples, strategy to deal with overlap, 

etc. 

 Any distinguishing characteristics of the study (family‐based or related 

individuals, population-based or case-control based (which disease), single center 

or multiple centers, cross sectional or longitudinal) 

 No. of cases, no. of controls in each model 

 Reference map used for imputation (provide link & file name) 

e.g. http://mathgen.stats.ox.ac.uk/impute/data_download_1000G_phase1_integrated.html 

 ALL_1000G_phase1integrated_v3_impute_macGT1.tgz 
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 QC criteria for samples, SNPs, and imputation 

 Covariates used such as age, sex, bmi, principle components and study site 

 Listing of analysis platforms (MaCH, IMPUTE2, minimac, etc for imputation; 

PLINK, GEE, ProbABEL, R etc. for interaction modeling) 

4. Upload of files 

TBD 

 

**If you have any problems about the analysis, please contact our Senior 

Analyst/Programmer, Latchezar (Lucho) Dimitrov (ldimitro@wakehealth.edu) and 

Maggie Ng (mng@wakehealth.edu). 

 

Future Directions 

 Future iterations of this analysis plan will include alternate strategies for 

performing the analysis with selected R packages as well as methods for analyzing 

related samples using logistic regression with the generalized estimating equation GEE 

with adjustment for known pedigree structures.  

mailto:ldimitro@wakehealth.edu
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Appendix 1: ProbABEL Quick Start Guide 

 

1) 1. Prepare input files 

a. info file – a list of SNPs w/ attributes in MLINFO format 

b. dosage file – dosages for each SNP in filevector or MLDOSE format 

i. example command to convert MACH dosage file to filevector 

format using GenABEL R package: 

mach2databel(imputedgenofile, mlinfofile, outfile, isprobfile = FALSE, dataOutType = 

"FLOAT") 

 

ii. example command to convert IMPUTE-imputed files to filevector 

format using GenABEL R package: 

impute2databel(genofile, samplefile, outfile,    makeprob=TRUE, old=FALSE) 

 

iii. example command to convert IMPUTE to MACH format using 

GenABEL R package: 

impute2mach (genofile, infofile, samplefile, machbasename, maketextdosefile=TRUE, 

...) 
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c. phenotype file – basic table of phenotypes where column 1 is IID, column 

2 is outcome phenotype (control =0, T2D case =1), column 3 is the dosage 

value for the risk allele of the interacting SNP (rs10830963, risk allele G), 

and  columns 4 through n are covariates. This file will contain headers and 

the first 3 headers will always be “IID”, “T2D”, and “SNP1” denoting 

study-specific individual ID, T2D case/control status, and rs10830963 risk 

allele dosage, respectively (see Appendix 2 example phenotype file). 

 

2) Run ProbABEL to perform logistic regression interaction model 

a. Example command line using filevector format dosage file 

i. palogist --pheno file.txt --info file.mlinfo --dose file.fvi --

interaction 1 --robust --out outfile.txt 

b. Example command line using MACH format dosage file 

i. palogist --pheno file.txt --info file.mlinfo --dose file.mldose --

interaction 1 --robust --out outfile.txt 

c. Note: Because the interaction covariate will ALWAYS be the 3
rd

 column 

in your phenotype, the --interaction parameter in your command line will 

always have a value of 1 
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Apppendix 2: Example input and output files 

 

1) Example .mlinfo input file 

 

SNP Al1 Al2 Freq1 MAF Quality Rsq 

rs7247199 G A 0.5847 0.415 0.9299 0.8666 

rs8102643 C T 0.5847 0.415 0.9308 0.8685 

rs8102615 T A 0.5006 0.4702 0.9375 0.8932 

rs8105536 G A 0.5783 0.4213 0.9353 0.8832 

rs2312724 T C 0.9122 0.0877 0.9841 0.9232 
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2) Example .mldose input file 

 

1->id636728 MLDOSE 0.974 0.974 0.968 0.971 2 

2->id890314 MLDOSE 0.947 0.947 0.113 0.944 1.094 

3->id102874 MLDOSE 1.005 1.004 NaN 1.002 2 

4->id200949 MLDOSE 1.968 1.969 1.973 1.977 2 

5->id336491 MLDOSE 1.007 1.006 1.001 1.004 2 

6->id988766 MLDOSE 1.006 1.006 1 1.003 2 

7->id21999 MLDOSE 1.968 1.969 1.973 1.977 2 

8->id433893 MLDOSE 1.006 1.006 1.001 1.004 2 

9->id688932 MLDOSE 1.006 1.006 1.001 1.004 2 

10->id394203 MLDOSE 1.967 1.968 1.972 1.976 1.999 
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3) Example phenotype input file 

 

IID T2D SNP1 SEX AGE PC1 

id636728 0 0 0 56.56649 -0.61665 

id890314 0 1 0 74.8312 0.695316 

id102874 1 1 1 45.24781 -0.91919 

id200949 0 2 0 46.73627 -0.62321 

id336491 0 2 1 61.27433 -0.08357 

id988766 0 1 1 43.97949 -0.36042 

id21999 1 1 0 64.84209 -0.18094 

id433893 0 0 1 49.25264 0.126375 

id688932 0 1 0 50.39544 1.064376 

id394203 1 2 1 71.64985 -1.18226 
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4) Example ProbABEL output file (Table split to facilitate reading) 

 

name A1 A2 Freq1 MAF Quality Rsq n Mean_predictor_allele 

rs7247199 G A 0.5847 0.415 0.9299 0.8666 10 0.6427 

rs8102643 C T 0.5847 0.415 0.9308 0.8685 10 0.64275 

rs8102615 T A 0.5006 0.4702 0.9375 0.8932 9 0.611222 

rs8105536 G A 0.5783 0.4213 0.9353 0.8832 10 0.6431 

rs2312724 T C 0.9122 0.0877 0.9841 0.9232 10 -NaN 

 

 

…beta_SNP_add sebeta_SNP_add beta_SNP_SNP1 sebeta_SNP_SNP1 cov_SNP_int_SNP_SNP1 chi2_SNP 

139.41 3.49917 -87.093 2.94997 -9.06464 -NaN 

139.355 3.49847 -87.0744 2.94629 -9.05603 -NaN 

37.7194 1.89971 -1.68647 1.66715 -2.68932 -NaN 

137.788 3.45811 -86.0629 2.91441 -8.85102 -NaN 

-NaN -NaN -NaN -NaN -NaN -NaN 
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Appendix 5 

Analysis Plan: CHARGE Family Studies Joint Linkage and Association (JLA) Pilot 

Analysis 

 

Jacob M. Keaton, Meijian Guan, Latchezar Dimitrov, Poorva Mudgal, Nicholette D. 

Palmer, Maggie C.Y. Ng, and Donald W. Bowden 
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A. Background 

The use of family-based studies has dwindled in recent years, due in part to Genome-

Wide Association Study (GWAS) technology, as well as the lack of success of family-

based methods in complex disease genetics. The recent interest in rare and low-frequency 

variants, however, has led to a resurgence of family-based studies. Two-point linkage 

analysis considers each variant independently, unlike multipoint analysis which integrates 

the information from multiple variants simultaneously. Therefore, two-point linkage does 

not have the same issues with inflation due to linkage disequilibrium between markers 

and can be used to test putatively impactful variants for linkage directly. Combining two-

point linkage analysis and association testing facilitates identification of variants which 

have a large impact. The method proposed herein allows for simultaneous calculation of 

linkage and association, provides a novel “joint” test for these two approaches, and gives 

results for linkage conditioned on association as well as association conditioned on 

linkage. 

 

B. Reference 

Voruganti VS, Kent JW, Debnath S, Cole SA, Haack K, Göring HHH, et al. Genome-

wide association analysis confirms and extends the association of SLC2A9 with serum 

uric acid levels to Mexican Americans. Front Genet. 2013;4:279. 
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C. Analysis plan overview 

 This draft is designed for the pilot analysis project for Exome Chip data and traits 

to be determined (tentatively lipid traits). It is written as a basis for discussion and 

further modification. 

 This analysis focuses on the calculation of summary statistics for 5 tests using the 

JLA procedure in SOLAR.  

 Analyses should be performed separately by ancestry  

o Exclude population outliers as identified from principal component 

analysis using HapMap or 1000G reference populations 

 

D. Participants 

 Family studies with exome chip data and with lipids/CRP data 

 

E. Phenotypes and Covariate Adjustment 

 Transform traits (i.e. outcome variables) such that their distributions best 

approximate normality 

 All models will be adjusted for covariates on a trait-by-trait basis 

 Studies ascertained for disease related to diabetes and cardiovascular diseases will 

adjust for disease status 
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 Studies with multiple ethnicities will perform separate transformation for each 

ancestry and analyzed separately 

 

Models 

Trait 1. Total cholesterol  

TC (mg/dl) = age + age
2
 + sex + PCs + study site (if any) + disease status (if any)  

Trait 2. LDL cholesterol 

LDL (mg/dl) = age + age
2
 + sex + PCs + study site (if any) + disease status (if any)  

Trait 3. HDL cholesterol 

HDL (mg/dl) = age + age
2
 + sex + PCs + study site (if any) + disease status (if any)  

Trait 4. Triglyceride 

TG (mg/dl) = age + age
2
 + sex + PCs + study site (if any) + disease status (if any)  

Trait 5. C-reactive protein 

CRP (mg/L) = age + sex + PCs + study site (if any) + disease status (if any)  

 

F. Quality Control 

 Standard sample QC (call rate < 0.90, gender discordance, misspecified 

relationship) should be applied prior to analysis 
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 Standard SNP QC (call rate > 0.95, HWE P< 1E-6) should be applied prior to 

analysis 

 

G. Procedure 

1. Make SOLAR format files from PLINK files 

a. Use PLINK to cut genotype files by chromosome and recode as 12 

genotype coding 

i. Example PLINK command line (run this for each chromosome) 

plink --noweb --file data --chr 1 --recode12 --tab --keep qced_samples --extract 

qced_snps --out solar_marker.01 

b. Format for SOLAR 

i. Example: use unix to output marker genotypes in SOLAR format 

(cat solar_marker.01.map |cut -f2|awk '{for (i=1;i<=NF;i++ ) printf $i " " } 

END{print""}'|sed 's/\s/,/g;s/,$//;s/^/famid,id,/';  

cat solar_marker.01.ped |cut -f1,2,7-|sed 's/\t/,/g') >solar_marker.01 

c. Cut marker file to appropriate size (max 3000 markers) using unix  

i. Example: Use unix to cut the file to the appropriate size (check 

number of markers per chromosome in the plink .map file created 

in part a). 
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cut  -d”,” -f1-3002 solar_marker.01 > solar_marker.01_1 

cut -d”,” -f1-2,3003-6002 solar_marker.01 > solar_marker.01_2 

cut -d”,” -f1-2,6003-9002 solar_marker.01  > solar_marker.01_3 

... 

d. Note: The exome chip PLINK files need not have complete pedigree 

information as only family and individual IDs are included in the SOLAR 

formatted file. I recommend placing each cut marker file in its own 

directory. This directory structure will facilitate the JLA procedure. The 

cut marker directory will be referred to as the “working directory” 

henceforth. 

2. Create additive coding file for each working directory in SOLAR 

a. SOLAR (Am J Hum Genet. 1998 62:1198.; http://solar-eclipse-

genetics.org/downloads.html) 

i. Load pedigree and one marker file 

load pedigree <pedfile>  

a. pedfile has the standard 5 columns with headers: 

famid,id,fa,mo,sex 

b. Note: Throughout the protocol I have included 

example commands with placeholders for study-

specific variables (<pedfile> in the above 

command). Please replace these, including the <> 
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brackets, with your variable (i.e. file name, 

covariate, etc.) 

load snp solar_marker.01_1 

ii. Create the additive coding file 

snp covar –nohaplos  

a. this will create the snp.genocov file; this step also 

creates a directory for each SNP in the working 

directory which will be removed in the following 

step 

iii. Unload markers 

marker unload -nosave 

3. IBD Generation in SOLAR 

a. Export static variables for the desired working directory 

export wd=<working_dir> \ 

       pedigree=<pedfile> 

export marker=${wd}/<markerfile> 

i. Note: “working_dir” is the full name of the working directory 

including path. “pedfile” is the full name of the pedigree file 

including path. “markerfile” is the name of the SOLAR-formatted 
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cut marker file (e.g. solar_marker.01_1); path is not necessary as 

this file is located in the working directory by design 

b. Make the script file named “jla.ibdgen” executable: 

chmod a+x jla.ibdgen 

c. Execute jla.ibdgen 

./jla.ibdgen 

d. Note: This script creates a directory called “IBD” in the desired working 

directory, creates temporary directories for each marker that will be 

removed when the script is finished, computes maximum likelihood 

estimates of allele frequencies, and calculates IBD. Looping through 

several marker files does not always work well in a single script, this 

should be avoided. However, running different marker files to different 

IBD directories can be performed simultaneously if your server/cluster has 

the capabilities for this. IBD generation is time consuming, but does not 

draw extensively on resources, other than memory. A map file for each 

marker file is not required (either centimorgan or base-pair positions), as 

each marker is considered independently of the others. In two-point 

linkage in SOLAR, markers are run in alphabetical order from the IBD 

directory, so all positional information is superfluous. 

 

4. Create the snpfile for each working directory 
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a. Note: The snpfile adds flexibility to the analysis as this file can be 

changed in subsequent runs to analyze subsets of SNPs from each 

snp.genocov file 

b. The format of this file is 5 columns, space delimited, no headers. The 

columns are as follows: 

marker name 

chromosome 

physical position in bp 

genomic position in cM 

complete file name for the snp.genocov file (including path) 

c. Note: Again, as we are conducting twopoint linkage as part of this 

analysis, no mapping information is required. Columns 2, 3, and 4 are 

dummy columns in the snpfile and may have the value “0” for each line. If 

mapping information is provided, it will NOT be redirected to the output. 

d. Example code to create the snpfile in unix 

i. Start by creating a file with the correct format 

cat snp.genocov |awk -F"," 'NR==1 

{for(i=4;i<=NF;++i)print$i,0,0,0,"'`pwd`'/snp.genocov"}' |sed 's/^snp_//' >presnpfile.txt 

ii. Make a list of markers in the corresponding IBD directory 
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    ls <ibddir>|sed 's/^ibd.//;s/.gz$//' >inibd 

iii. Extract lines from the “presnpfile” that are in agreement with the 

IBD directory (Note: This step will exclude SNPs from the final 

analysis for which IBD failed. If this is a large number of SNPs 

across all IBD directories, you may need to re-evaluate the IBD 

generation procedure) 

egrep -f inibd presnpfile.txt >snpfile.txt 

 

5. Joint linkage and association (JLA) analysis in SOLAR 

a. Copy jointla_nonimputed_twopt.tcl to the “lib” subdirectory in your home 

directory. If this directory doesn’t exist, create it using the command: 

mkdir ~/lib 

b. Export static variables for the desired working directory 

export snpfile=snpfile.txt \ 

       ibddir=IBD          \ 

       pedigree=<pedfile>  \ 

       pheno=<phenfile> 

i. Note: “phenfile” is the complete name of the phenotype file 

including path. This is a comma-delimited file with headers. The 
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first column of this file is individual IDs with the header “id”. 

Subsequent columns should contain all necessary transformed trait 

and covariate measurements with user-defined headers. Missing 

values should be coded as blank. 

c. Export analysis-specific variables 

export trait=<trait>             \ 

       adj='<covar1> <covar2> …' \ 

       wd=<working_dir> 

d. Make the script file named “jla.run” executable: 

chmod a+x jla.run 

e. Execute jla.run 

./jla.run 

i. Note: This script creates an analysis-specfic subdirectory in the 

specified working directory with the format trait.cov (e.g. 

hdl.age_age2_sex_pc1). This subdirectory will contain a “temp” 

directory with files giving information about the JLA models, a 

result file (jointla.dat), and a log file (log.txt). 

f. Create a header.csv file with the following line 
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i. trt,sampn,snpcov,lods,pnmg,pcmg,pjla,condlod,loddiff,bnmg,bcmg

,nullike,lchi,nmgchi,cmgchi,jlachi,sdnull,lh2q,nmgvarexp,cmgvare

xp,jlavarexp,condh2q,h2qdiff 

g. Combine all result files for a single trait 

cat header.csv Chr1.01/trait.cov/jointla.dat Chr1.02/trait.cov/jointla.dat 

Chr1.03/trait.cov/jointla.dat Chr2.01/trait.cov/jointla.dat … >trait.cov.csv 

6. For meta-analysis of JLA results, please archive and compress ??? 

7. Please also send a SNP QC file containing the following information: SNP, 

Chromosome, Position (basepairs), sample size, MAF (all samples), HWE (all 

samples). 

 

H. Phenotype File Format 

a. Comma-delimited file with a header row 

b. Must contain the field “ID” (and “FAMID” if IDs are not unique) and 

fields for all outcome traits and covariates  

c. IDs listed in the genotype file (see above) must be a subset of IDs in the 

phenotype file 

d. SOLAR allows for any number of phenotypes in this file (i.e. file can 

contain more phenotypes than are required for analysis) 
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e. Sex and pedigree are determined by the pedigree file and corresponding 

fields in the phenotype file will be ignored 

f. Missing values should be assigned no value in the phenotype file. 

Individual 1 is missing the value for cov1 in the example below 

g. Example format (first 2 lines of the file): 

id,trait,cov1,cov2,cov3 

1,5,,0.00065,1.31 
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