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Abstract 

Type 2 diabetes is a major contributor to mortality and morbidity in the United 

States.  The etiology of this disease is complex and our knowledge of it is incomplete.  

These analyses sought to increase our understanding of the etiology of type 2 diabetes 

and to distinguish newly identified risk factors that could someday be useful in clinical 

risk prediction models.   

The first paper examined the contributions of novel risk factors to the prediction 

of type 2 diabetes in the Atherosclerosis Risk in Communities (ARIC) study.   There was 

only modest reclassification of risk with the addition of forced expiratory volume in 1 

second (FEV1) to the risk model and a small improvement in the integrated 

discrimination index (IDI) with the addition of white blood cell count, activated partial 

thromboplastin time (aPTT), albumin, factor VIII, magnesium, hip circumference, heart 

rate, and a genetic risk score in the total cohort.  In the case-cohort analysis there was no 

significant reclassification of risk, but the addition of adiponectin, leptin, gamma-

glutamyl transpeptidase (GGT), ferritin, inter-cellular adhesion molecule 1 (ICAM-1), 

and complement C3 to models modestly improved the IDI.  A second paper examined the 

association between sets of genome-wide association (GWA) derived type 2 diabetes 

score alleles with both incident type 2 diabetes and prostate cancer in the ARIC cohort.  

We found that these score sets derived from men were not significantly associated with 

type 2 diabetes in an independent target dataset of women, nor were they associated with 

prostate cancer in men.  Secondarily, we conducted a pathway analysis of our GWA 

analyses of type 2 diabetes and prostate cancer.  We failed to identify pathways 
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significantly associated with both diseases; however, we did identify a pathway 

statistically significantly associated with type 2 diabetes, the growth hormone signaling 

pathway.  A third paper looked for associations between genetic variants in the Wnt 

pathway and hemoglobin A1C (HbA1c) levels in the Epidemiology of Hearing Loss 

(EHLS) and Beaver Dam Offspring Study (BOSS) studies.  No Wnt variants were 

significantly associated with HbA1c.  Nor were we able to replicate the associations 

between three SNPS and HbA1c recently identified in a meta-analysis.  This dissertation 

contributes to our understanding of type 2 diabetes risk prediction by showing that few 

novel risk factors contribute meaningfully to existing risk prediction and expands our 

understanding of the etiology of type 2 diabetes by identifying a genetic pathway 

significantly associated with this disease and its related quantitative traits.  
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A Introduction 

 This dissertation includes three studies designed to investigate risk factors for 

type 2 diabetes.  Specifically, it evaluates whether newly identified type 2 diabetes risk 

factors contribute to better risk prediction, whether pathways and/or genetic variants are 

shared between type 2 diabetes and prostate cancer, and whether genes found in the Wnt 

signaling pathway are significantly associated with hemoglobin A1C (HbA1c), a marker 

used for the diagnosis and management of type 2 diabetes.  The purpose of these analyses 

is to identify risk factors that could better our ability to predict risk and further our 

understanding of the etiology of this disease.   

 The dissertation begins with a lengthy background on the epidemiology and 

etiopathogenesis of type 2 diabetes; in addition, it provides literature reviews of the 

epidemiology and pathophysiology of both common and novel type 2 diabetes risk 

factors considered in this dissertation.  Details of the study populations and analytic 

methods are also included in the background.  Paper 1 examines the potential 

contribution of novel risk factors to an existing type 2 diabetes risk prediction model in 

the ARIC cohort.  Paper 2 examines the association of a genetic risk score with both type 

2 diabetes and prostate cancer in the ARIC cohort, and looks for genetic pathways shared 

between these two diseases.  Paper 3 examines the associations between genetic variants 

in the Wnt pathway and three recently identified genetic variants with HbA1c in the 

Epidemiology of Hearing Loss (EHLS) and Beaver Dam Offspring Study (BOSS) 

cohorts.  Finally, a final chapter reiterates the conclusions of each paper and draws 

additional conclusions from the thesis as a whole.   
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B Background 

 

B1. Introduction to epidemiology of type 2 diabetes 

 The prevalence of type 2 diabetes has skyrocketed over the last few decades and 

the latest health statistics from the National Health and Nutrition Examination Survey 

(NHANES) that took place from 2003-2006 estimated that 7.8% of the residents of the 

United States have prevalent diabetes (Cheung et al. 2009).  The number of individuals 

with diabetes in the United States is projected to increase from 23.7 to 44.1 million 

between 2009 and 2034 (Huang et al. 2009).  Diabetes is a major contributor to mortality 

and morbidity statistics in this country.  The most recent mortality data collected by the 

Centers for Disease Control and Prevention (CDC) indicate that diabetes is the seventh 

leading cause of death (Heron 2011).   The estimated economic cost of diabetes in 

medical expenditures and lost productivity was $174 billion in the U.S. in 2007 (Cowie et 

al. 2008).   

 Identifying individuals who are at risk of diabetes is an important first step 

towards designing effective healthcare interventions that can prevent the onset of this 

disease.  A number of new biomarkers and genes have recently been identified that are 

associated with diabetes and its quantitative traits; however, how these risk factors affect 

diabetes and whether they would add to existing prediction models remains unclear.  

Furthermore, some of the newly identified genes that are associated with type 2 diabetes 

are also associated with common cancers.  Thus, additional studies are warranted to 

better understand the etiology of diabetes and how newly identified risk factors contribute 

to the disease process, if these risk factors can improve existing risk prediction models, 
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and further identification of genetic regions that overlap between diabetes and cancer 

outcomes.   

This proposal outlines three studies to identify (1) important risk predictors in 

type 2 diabetes risk prediction models (2) shared genes and genetic pathways between 

diabetes and common cancers and (3) genes that may be associated with the diabetes 

quantitative trait hemoglobin A1c.  The goal of these studies is to further the 

understanding of the etiology of type 2 diabetes and to distinguish newly identified risk 

factors that could someday be useful in clinical risk prediction models.  These analyses 

will be conducted using data collected from the Atherosclerosis Risk in Communities 

Study (ARIC) and the Epidemiology of Hearing Loss (EHLS)/Beaver Dam Offspring 

Study (BOSS) studies.   

 

B1.1 Defining and diagnosing type 2 diabetes 

 Diabetes mellitus is a collection of metabolic diseases that are defined by 

hyperglycemia brought about by defects in insulin secretion, insulin action, or a 

combination of both (American Diabetes Association 2009).  The American Diabetes 

Association (ADA) classifies diabetes into four clinical cases including: type 1 diabetes, 

type 2 diabetes, specific types of diabetes due to other causes (e.g. genetic defects in 

insulin action, diseases of the exocrine pancreas, and drug or chemically induced 

diabetes), and gestational diabetes (American Diabetes Association 2011).  

Approximately 90-95% of all North American cases of diabetes are type 2 diabetes and 

the majority of the remaining 5-10% of cases are type 1 diabetes (Waugh et al. 2007).   



 

4 

 

 The current criteria for a diagnosis of diabetes in non-pregnant adults include one 

of the following:  (a) a fasting plasma glucose (FPG) ≥ 126 mg/ dl (7.0 mmol/l) or (b) 

symptoms of hyperglycemia and a casual (random) plasma glucose ≥200 mg/dl (11.1 

mmol/l) or (c) a 2 hour plasma glucose ≥ 200 mg/dl (11.1 mmol/l) during an oral glucose 

tolerance test (OGTT).  The ADA has also recognized the existence of an intermediate 

group of individuals who do not meet the glucose criteria for diabetes, but still have 

values too high to be considered normal.  These individuals are considered to be pre-

diabetic, which is defined by either having impaired fasting glucose (IFG) or impaired 

glucose tolerance (IGT); in other words, a fasting plasma glucose reading of 100-125 

mg/dl (5.6-6.9 mmol/l) or a 2-hour value in the oral glucose tolerance test (OGTT) of 

140-199 mg/dl (7.8-11.0 mmol/l), respectively (American Diabetes Association 2011).  

Both IFG and IGT are risk factors for the development of diabetes.   

 The ADA currently recommends that diabetes testing be conducted for all adults 

who are overweight (BMI ≥25 kg/m
2
) and who have one or more of the following 

additional risk factors:  family history of diabetes, race/ethnicity (Alaska Native, 

American Indian, African American, Hispanic/Latino, Asian American, or Pacific 

Islander), blood pressure ≥140/90 mm Hg or the individual has been told they have high 

blood pressure, HDL cholesterol below 35 mg/dL and/or triglyceride level ≥250 mg/dL, 

physical inactivity, women with polycystic ovary syndrome, women who delivered a 

baby weighing >9 pounds or were diagnosed with gestational diabetes mellitus, HbA1c 

≥5.7%, IFG or IGT, other clinical conditions associated with insulin resistance (e.g., 

severe obesity, acanthosis nigricans) history of cardiovascular disease, and 

overweight/obesity (American Diabetes Association 2011).   Screening for prediabetes 
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and diabetes should begin at the age of 45 in the absence of the aforementioned criteria.  

If the results of the screening are normal, testing should be repeated at minimum at three 

year intervals.   

 

B1.2 Hemoglobin A1C 

Hemoglobin A1C (HbA1c) is a chemically modified form of hemoglobin that is 

increased in patients with diabetes.   HbA1c has a covalent attachment of glucose to the 

amino terminus of the β-globin chain, a process known as glycation.  The concentration 

of glycated hemoglobin in the blood depends on the concentration of glucose that reacts 

with the hemoglobin.  Because the lifespan of red blood cells is around 100 days, HbA1c 

levels reflect a 2-3 month average of blood glucose concentrations (Berg and Sacks 

2008).   

The use of a glycated hemoglobin (HbA1c) was initially suggested as a screening 

test for type 2 diabetes, because (a) patients do not need to fast; (b) only a small sample 

of blood is required; and (c) it is quicker and more convenient test than the OGTT 

(Bennett et al. 2007).  Compared with the measurement of glucose, the HbA1c assay is at 

least as good at defining the level of hyperglycemia at which retinopathy prevalence 

increases; has appreciably superior technical attributes, including less pre-analytic 

instability and less biologic variability; and is more clinically convenient.  HbA1c is a 

more stable biological index than FPG, as would be expected with a measure of chronic 

glycemia levels compared with glucose concentrations that are known to fluctuate within 

and between days.  The HbA1c test is comparable to the FPG, with a slightly lower 

sensitivity and higher specificity than the FPG in the detection of diabetes; however, 
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neither test was effective in detecting IGT (Bennett et al. 2007).  Thus, an OGTT test will 

continue to be required to confirm IGT.   

Unlike fasting glucose, the HbA1c test demonstrates low intra-individual variation 

and the test is a good predictor for both micro- and macrovascular complications of 

diabetes (Bennett et al. 2007).  However, conditions that affect erythrocyte turnover such 

as hemolysis and blood loss and hemoglobin variants can affect the outcome of the test 

and HbA1c does not provide a measure of glycemic variability or hypoglycemia 

(American Diabetes Association 2009).  As of 2010, the ADA now recommends that 

HbA1c be used to diagnose diabetes with a threshold ≥6.5% (American Diabetes 

Association 2010).  The ADA also notes that measurements of HbA1c can vary by 

race/ethnicity (American Diabetes Association 2011). 

 

B1.3 Epidemiology of type 2 diabetes 

From 1980 through 2007, the number of adults aged 18–79 years with newly 

diagnosed diabetes almost tripled from 493,000 in 1980 to more than 1.5 million in 2007 

in the United States.  The number of new cases of diabetes has increased sharply since 

the early 1990s across all age groups.  During the 2000‘s the incidence continued to 

increase in the 18-44 year old age range but appears to have slowed in older ages.  The 

incidence of diabetes from 1997 to 2007 remained the same for African Americans but 

increased in non-Hispanic whites and Hispanics (Centers for Disease Control and 

Prevention 2011).  The incidence of diabetes in the United States grew 1.3% during the 

period of 1999-2006 and researchers project that the number of individuals with diabetes 

in the United States will increase from 23.7 to 44.1 million between 2009 and 2034 
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(Cheung et al. 2009; Huang et al. 2009).  National estimates indicate that 23.6 million 

people or 7.8% of the United States population had diabetes in 2007 (Cheung et al. 2009).  

Globally, the prevalence of diabetes for all age groups is estimated to be 6.4% worldwide 

in 2010 and is projected to increase to 7.7% in the year 2030 (285 and 439 million 

individuals, respectively) (Shaw et al. 2010).   

Diabetes is a major contributor to mortality and morbidity in this country.  The 

most recent mortality data collected by the CDC indicate that diabetes is the seventh 

leading cause of death (Centers for Disease Control and Prevention 2011).   In terms of 

morbidity, diabetes is associated with long-term damage, dysfunction, and failure of 

various organs, including the eyes, kidneys, nerves, heart, and blood vessels (Ryerson et 

al. 2003; American Diabetes Association 2009).  The National Health Interview Survey 

found that individuals with diabetes have about twice the prevalence of physical 

disability as persons without diabetes (66% and 29%, respectively).  The estimated cost 

of diabetes-related morbidity, including medical expenditures and loss in productivity, in 

the United States was $174 billion in 2007 and the annual spending related to diabetes is 

expected to increase from $113 to $336 billion from 2009-2036 (Huang et al. 2009).   

Minority groups are disproportionately affected by diabetes.  After adjusting for 

population age differences, national survey data found that the prevalence of diabetes in 

adults 20 years of age and older is 7.1% in non-Hispanic whites, 8.4% in Asian 

Americans, 11.8% in Hispanics/Latinos, and 12.6% in non-Hispanic blacks (Centers for 

Disease Control and Prevention 2011).  In American Indian and Alaska Native 

populations, 16.1% of the total adult population served by the Indian Health Service had 

diagnosed diabetes (Centers for Disease Control and Prevention 2011).  A recent analysis 
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of NHANES data from 2005-2006 found that the age and sex standardized prevalence of 

diagnosed diabetes was almost twice as high in non-Hispanic blacks and Mexican 

Americans compared to non-Hispanic whites (Cowie et al. 2009).   

 It is important to note that of the estimated 25.8% of individuals in the United 

States with diabetes, 7 million people remain undiagnosed (Centers for Disease Control 

and Prevention 2011).  NHANES data from the 2005-2006 survey concluded that the 

crude prevalence of total diabetes in persons aged 20 years of age or older was 12.9%, of 

which approximately 40% was undiagnosed.  Furthermore, the prevalence of IFG was 

25.7% and IGT was 13.8% with almost 30% of the population having either of these 

clinical conditions.  Over 40% of the individuals surveyed by NHANES had either 

diabetes or pre-diabetes (Cowie 2009).   

The incidence of type 2 diabetes has skyrocketed in the United States over the last 

20 years, leading the CDC to publicly acknowledge that we are in the midst of a diabetes 

epidemic (Centers for Disease Control and Prevention 2011).  The epidemic continues 

unabated in our rapidly aging population,
 
with a staggering toll in acute and chronic 

complications, disability,
 
and death, and disproportionately affecting specific ethnic and 

racial groups (Steinbrook 2006).
   

The overall costs related to diabetes will be influenced 

not only by the aging of the United States population but also by the growth of the United 

States population.  Overweight and obesity have increased dramatically over the last 20 

years and obesity is a primary risk factor for type 2 diabetes (Huang et al. 2009).  Thus, 

the epidemic will likely continue unabated in the forthcoming decades.  
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B1.4 Etiopathogenesis of type 2 diabetes   

Type 2 diabetes is diagnosed clinically by the presence of elevated plasma 

glucose levels; however, it is defined pathophysiologically by insulin secretion that is 

inadequate for an individual‘s level of insulin sensitivity (Ferrannini 1998).
 
 The human 

body will attempt to maintain fasting plasma glucose concentrations in a narrow range 

between 70 and 90 mg/dl (Abdul-Ghani et al. 2006).  The pancreatic β-cells constantly 

synthesize insulin, which is stored in vacuoles and released when there is an elevation of 

blood glucose levels, as insulin is the principal hormone that regulates the uptake of 

glucose from the blood into cells.  Insulin also signals the conversion of glucose to 

glycogen for storage in the liver and skeletal muscle cells.  A drop in blood glucose levels 

results in a decrease of insulin release and an increase in the release of glucagon from the 

α cells, stimulating the conversion of glycogen to glucose (Lin and Sun 2010).  Thus, 

glucose and insulin are involved in a dual regulatory cycle.   

The pancreatic β-cells secrete insulin to maintain glucose homeostasis.  If an 

individual becomes less sensitive to insulin-mediated glucose disposal the pancreas will 

secrete greater amounts of insulin.  Chronic hyperglycemia leads to the loss of insulin 

sensitivity, while the compensatory hyperinsulinemia will diminish insulin action and 

secretion, leading to the development of IFT and IGT (Felber and Golay 2002).   Both 

insulin resistance and decreased insulin secretion are independent risk factors for the 

development of type 2 diabetes (Haffner 1995).   

 

 

 



 

10 

 

B2. Traditional risk factors for type 2 diabetes 

 The ADA recognizes the following risk factors for type 2 diabetes:  age, family 

history of diabetes, race/ethnicity (Alaska Native, American Indian, African American, 

Hispanic/Latino, Asian American, or Pacific Islander), blood pressure ≥140/90 mm Hg or 

the individual has been told they have high blood pressure, HDL cholesterol below 35 

mg/dL and/or triglyceride level ≥250 mg/dL, physical inactivity, women with polycystic 

ovary syndrome, women who delivered a baby weighing >9 pounds or were diagnosed 

with gestational diabetes mellitus, HbA1c ≥5.7%, IFG or IGT, other clinical conditions 

associated with insulin resistance (e.g., severe obesity, acanthosis nigricans) history of 

cardiovascular disease, and overweight/obesity (American Diabetes Association 2011).   

 

B2.1 Non-modifiable risk factors summary statement 

 Health behavior modifications to deter the onset or progression of type 2 diabetes 

focus on behavioral risk factors, such as diet and exercise, which can be altered resulting 

in decreased risk of morbidity and mortality.  Alternatively, non-modifiable risk factors 

are of course unalterable realities, as no one can successfully reverse the aging process, 

change their race/ethnicity, or their family history of this disease.     

Screening recommendations for pre-diabetes and diabetes begin at the age of 45 

in individuals without accompanying risk factors.  Individuals at increased risk due to the 

non-modifiable risk factors race/ethnicity and a family history of type 2 diabetes are only 

targeted for screening if they are overweight (BMI ≥25 kg/m
2
) (American Diabetes 

Association 2011).   At this time, the ADA does not advocate population screening for 

diabetes in high-risk populations.   However, the ADA has stated that individuals at high-
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risk can be identified and diabetes delayed, if not prevented, using lifestyle modifications 

and medications.  While the cost-effectiveness of intervention strategies is unclear at this 

time, the burden of complications associated with diabetes suggests that the effort to 

prevent diabetes is a worthwhile strategy (American Diabetes Association 2003).  Thus, 

while the individual cannot alter these risk factors, they can be targeted by the healthcare 

community for behavioral and pharmacological interventions that will lower their risk 

(American Diabetes Association 2011).   

 

B2.1.2 Epidemiology and pathophysiology of age as a risk factor   

 Diabetes mellitus is most often a disease found in the older segments of the 

population.  More than half of individuals diagnosed with diabetes in the United States 

are over 60 years of age and the prevalence of diabetes peaks in individuals 65-74 years 

of age (Morley 2008).   NHANES data from 2006 found that 23.1% of all individuals 

who are ≥60 years of age have diabetes (Morley 2008).    

 The primary reason for the increased prevalence of diabetes in the aged is the 

progressive decline of glucose tolerance.  Specifically, there is an age-related impairment 

of insulin-mediated glucose uptake.  There are four major causes of age-related insulin 

resistance including: anthropometric changes, environmental causes, neuro-hormonal 

variations, and oxidative stress (Barbieri et al. 2001).  As an individual ages, there is a 

relative increase in body fat combined with a decline in fat free mass, which is influenced 

by the person‘s diet and physical activity levels.  Also, during the aging process there is a 

rise in oxidative stress and declines in the neuro-hormones dehydroepandrogesterone 

(DHEA) and insulin-like growth factor-1 (IGF-1), all of which influence insulin action 
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(Barbieri et al. 2001).  Thus, individually or in concert, these factors lead to insulin 

resistance and the impairment of glucose uptake. 

 There is also evidence that in addition to insulin resistance, insulin secretory 

dysfunction is also associated with aging.  While the bulk of the evidence suggests that 

insulin secretion defects are associated with insulin resistance whereby the 

hyperinsulinemia functions to maintain glucose metabolism, some studies have found 

that even after controlling for insulin sensitivity, insulin secretory defects are 

independently associated with diabetes in older individuals.  A possible explanation is the 

age associated loss of β-cell sensitivity to incretin hormones, which are released to 

stimulate insulin secretion.  Thus, both impaired β-cell compensation and insulin 

resistance result in older individuals developing type 2 diabetes (Chang and Halter 2003).  

 

B2.1.3 Epidemiology and pathophysiology of race/ethnicity as a risk factor 

The NHANES data from 2005-6 indicated that the age and sex standardized 

prevalence of diagnosed diabetes for non-Hispanic whites was 6.4% in both men and 

women, for non-Hispanic blacks it was 12.8% in men and 13.0% in women and for 

Mexican Americans it was11.8% in men and 13.1% in women.  Thus, the age/sex 

standardized prevalence of diagnosed diabetes was about twice as high in non-Hispanic 

blacks and Mexican Americans compared to non-Hispanic whites (Cowie et al. 2009).  

NHANES does not report the prevalence of type 2 diabetes in other ethnic groups; 

however the CDC acknowledges that African Americans, Hispanics, Asian Americans, 

and Native Americans are at increased risk.  Golden et al. surveyed the existing literature 

and found the recent prevalence of type 2 diabetes in Native Americans was 16-18.3% 
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and in Japanese-Americans it was 19.2-34.1% (Golden et al. 2009).  Prevalence data 

regarding Native Americans, Hispanics, and Asian-Americans is limited. 

The etiology of insulin resistance includes both lifestyle and genetic factors 

(Reimann et al. 2007).  In terms of lifestyle, African Americans have a prevalence of 

diabetes that is 12 times higher than that observed in native Africans, and Pima Indians 

living in Arizona have a much higher prevalence than their relatives living in Northern 

Mexico, indicating the impact of environmental factors on the etiology of diabetes 

(Carulli et al. 2005).  For many ethnic/racial groups the process of acculturation in the 

United States includes a diet higher in calories and fat and lower in fiber than their 

traditional diets.  The dietary changes are often coupled with a reduced level of physical 

activity resulting in increased incidence of obesity, which is linearly and inversely related 

to insulin resistance (Abate and Chandalia 2003).   

 While generalized adiposity contributes to the risk of type 2 diabetes, the 

distribution of the fat is also an important risk factor.  Specifically, when fat is distributed 

preferentially in the abdominal area, insulin mediated glucose is reduced independent of 

the overall degree of adiposity.  Certain ethnic groups are more prone to abdominal 

obesity and insulin resistance than others, e.g. Hispanics, Native Americans, and Asians 

as opposed to African Americans or non-Hispanic whites, who are more likely to have 

generalized adiposity (Abate and Chandalia 2003).  However, it is important to note that 

the presence of obesity and/or fat distribution patterns does not wholly explain the 

elevated prevalence of diabetes in certain ethnic groups.  Asian Indians have 

extraordinary levels of insulin resistance and type 2 diabetes that is neither explained by 
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obesity nor abdominal fat deposition, leading many researchers to conclude that there are 

genetic factors causing the metabolic defects (Abate and Chandalia 2003). 

Researchers believe that in the absence of or in addition to environmental 

contributions, genetic factors contribute to the development of diabetes (Abate et al. 

2003).  Specific ethnic/racial groups with low population admixture, such as Pima 

Indians, Pacific Islanders, Australian Aborigines, and Mexican Americans have a very 

high prevalence of type 2 diabetes that is not entirely explained by environmental risk 

factors indicating the possible contribution of genes.   

 

 

B2.1.4 Epidemiology and pathophysiology of family history as a risk factor 

Twin studies have also demonstrated a higher concordance rate in the diagnosis of 

type 2 diabetes between monozygotic compared with dizygotic twins (70%, 10% 

respectively) (Staiger et al. 2009).  Type 2 diabetes clusters within families and the 

lifetime risk of developing type 2 diabetes is 40% in offspring if one parent has type 2 

diabetes and 70% if both parents have type 2 diabetes (Ridderstrale et al. 2009).  The 

relative risk to a first degree relative of a patient with type 2 diabetes is increased 3-fold 

(Ridderstale et al. 2009).         

Aside from type 2 diabetes, the quantitative traits that define type 2 diabetes, 

insulin secretion and sensitivity, also exhibit marked heritability.  Lindsten et al. 

measured insulin concentrations from samples collected during glucose infusion in 

healthy twins and found the heritability (h
2
) for insulin secretion was between 39 and 

50% (Lindsten et al. 1976).   Likewise, Narkiewicz that fasting plasma insulin had a h
2
 of 
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54% and relative insulin resistance had a h
2
 of 66% (Narkiewicz et al. 1997).  Lehtovirta 

et al. calculated heritability estimates of the IVGTT and the OGTT to assess first-phase 

(readily releasable insulin [RRI]) and second-phase (sigma) secretion (IVGTT), and a 

global index of beta cell performance (OGTT beta index) finding a  h
2
 of 76% (95% CI: 

53–88%) for RRI, 28% (34–80%) for sigma and 53% (26–72%) for OGTT beta index 

(Lehtovirta et al. 2004).  Simonis Bik et al. found the heritability of insulin levels in 

response to glucose was 52% and 77% for the first and second phase, respectively, 53% 

in response to glucose + GLP-1 and 80% in response to an additional arginine bolus 

(Simonis-Bik et al. 2009).  Poulsen et al. estimated the h
2
 of the disposition index varied 

between 0.75 and 0.84 in a population consisting of young and old monozygotic and 

dizygotic twins (Poulson et al. 2005).  Finally, the heritability of some measures seem to 

differ by sex, as in women and men the h
2 

for fasting glucose was 12 and 38%, for 120-

min glucose it was 38 and 43%, for fasting insulin it was 54 and 37%, and for 30-min 

insulin it was 57 and 47%, respectively (Schousboe et al. 2003).  

 Traditionally, the identification of genes associated with a disease is conducted 

via family linkage and association studies.  Family linkage studies have been inefficient 

at identifying type 2 diabetes genes because (a) type 2 diabetes has a non-Mendelian 

mode of inheritance and (b) the size of the chromosomal areas identified have hundreds 

of genes that could be associated with the disease; however, it is important to note that 

several genes were identified via linkage analyses (Staiger et al. 2009).   

A more successful approach to identifying genes associated with type 2 diabetes 

has been genetic association studies.  Recent genome-wide association (GWA) studies 

have identified at least 39 gene loci that contribute to the genetic risk of type 2 diabetes 
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(Ahlqvist et al. 2011).  GWA studies have also identified genes associated with type 2 

diabetes quantitative traits such as insulin secretion and insulin sensitivity measures 

(Staiger et al. 2009). 

 

B2.2 Modifiable risk factors summary statement 

Health behavior modifications to deter the onset or progression of type 2 diabetes 

focus on behavioral risk factors, such as diet and exercise, which can be altered resulting 

in decreased risk of morbidity and mortality.  Diet, exercise, and weight loss have been 

shown in repeated epidemiologic studies to be effective in preventing the incidence of 

type 2 diabetes and in controlling diabetes associated complications. 

The most important modifiable risk factor for diabetes is obesity.  The relative 

risks for developing diabetes in overweight and obese individuals are 3.22 and 9.06 

compared to normal weight individuals, and even a modest weight gain is associated with 

an increased risk of diabetes (Schulze and Hu 2005).   Weight loss interventions in 

individuals with diabetes have shown that a moderate weight loss improves glycemic 

control, lowers blood pressure, reduces fasting insulin, increases insulin sensitivity, 

reduces upper body obesity, reduces serum markers of inflammation, and is accompanied 

by a less atherogenic blood lipid profile (Schulze and Hu 2005; Magkos et al. 2009).   

Likewise, exercise and a prudent diet can prevent the incidence of diabetes.  

Three meta-analyses have found that there is ~50% lower risk of developing type 2 

diabetes for those receiving a diet-plus-exercise intervention compared with a control 

treatment (Magkos et al. 2009).  Exercise training facilitates weight loss, increases insulin 

sensitivity, improves glucose tolerance, and reduces glycated hemoglobin and dietary 
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changes improve glyecemic control and facilitate weight loss (Magkos et al. 2009).  

Thus, individuals at high risk of developing diabetes should have healthcare interventions 

that focus on weight loss, dietary modifications, and exercise.   

 

B2.2.1 Epidemiology and pathophysiology of obesity as a risk factor 

The United States is in the midst of an obesity epidemic, with the prevalence of 

obesity among adults doubling since 1980 (Centers for Disease Control and Prevention 

2011).  National health survey data from 2005-2006 indicate that 32.9% of adults 20-74 

years old were obese and 67% were overweight (Ogden et al. 2007).  The prevalence of 

diabetes has been steadily been increasing in concordance with rates of obesity.  In 1976-

8, the prevalence of diabetes among United States adults 20-74 years of age was 5.08%; 

however, by 1999-2004 this number had increased to 8.83% (Gregg et al. 2007).  

Researchers found the prevalence was three times as high among those with class I 

obesity, 4-5 times higher in those with class II obesity, and 6-10 times higher in those 

with class III obesity compared to individuals of normal weight (Gregg et al. 2007). 

Research studies confirm that the lifetime risk of developing diabetes is 

dramatically increased if one is overweight or obese.  According to an analysis of the 

Nurse‘s Health Study, the 10-year risk of developing diabetes was 3 times higher for 

overweight women and 20 times higher for obese women compared to normal weight 

individuals (Field et al. 2001).  The Health Professionals study found similar results for 

men.  The age-adjusted relative risks (RRs) across
 
quintiles of waist circumference were 

1.0, 2.0, 2.7, 5.0, and 12.0; those of
 
waist-to-hip ratio were 1.0, 2.1, 2.7, 3.6, and 6.9; and 

those of BMI were
 
1.0, 1.1, 1.8, 2.9, and 7.9 (P for trend < 0.0001 for all) (Wang et al. 
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2005).  NHANES data from 1999-2004 found an increased risk of diabetes for 

overweight or obese men and women (2.4% for normal weight to 14.2% for obesity class 

3); in addition, the odds ratio was 4.8 for diabetes (95% confidence interval 3.7-7.0) for 

class three obesity using normal weight individuals as a reference (Nguyen et al. 2008).   

In addition to individuals who are diagnosed with type 2 diabetes, there is a large 

proportion of the United States population that has the disease but is undiagnosed.  

NHANES data from 1999-2004 found that of the 9.8% of individuals who had diabetes, 

28.1% were undiagnosed based on fasting plasma glucose values. These undiagnosed 

diabetic individuals were disproportionately obese adults, who comprised more than half 

of the undiagnosed diabetes cases.  Relative to normal-weight adults, the odds of having 

undiagnosed diabetes was 1.5 higher for overweight and 1.4 higher in obese adults (Wee 

et al. 2008). 

 Obesity is associated with insulin resistance and insulin hypersecretion, the dual 

defects of type 2 diabetes (Ferrannini et al. 1997).  Adipose tissue releases unregulated 

amounts of free fatty acids (FFAs) that travel through the bloodstream to the liver 

(Mooradian 2009).  Elevated plasma levels of FFAs increase the production of 

triglycerides in the liver (Mooradian 2009).  The inability of insulin to inhibit the release 

of FFAs from fat cells also leads to enhanced hepatic very low density lipoprotein 

(VLDL) cholesterol production, low high density lipoprotein (HDL) cholesterol 

concentrations, and small, dense low density lipoprotein (LDL_ cholesterol particles.  

The excess FFAs in the bloodstream are eventually stored in non-adipose tissues, leading 

to increases in intrahepatic fat and intramyocellular lipids.  The aggregation of 
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intracellular lipid metabolites in the liver appears to cause hepatic insulin resistance 

(Mooradian 2009; Wyne 2003; Rader 2007).   

Acute elevation of FFA plasma levels released from adipose tissue also lead to 

hyperinsulinemia.  Insulin secretion increases in an attempt to maintain normal glucose 

levels; however, at some point β-cells can no longer secrete sufficient insulin to maintain 

glucose homeostasis.  The sustained levels of FFAs associated with obesity leads to 

lipotoxicity and eventual β-cell apoptosis (Wyne 2003).  The loss of β-cell function 

results in rising glucose levels in the bloodstream rises and a person is diagnosed with 

either IFG or IGT, which are risk factors for type 2 diabetes (Garcia-Fuentes et al. 2006).   

 

B2.2.2 Epidemiology and pathophysiology of physical inactivity as a risk factor  

 A sedentary lifestyle is a risk factor for type 2 diabetes and physical inactivity can 

initiate and accelerate the pathogenesis of diabetes and consequent morbidity and 

mortality (LaMonte et al. 2005).  Eighty percent of type 2 diabetic individuals are obese 

and inactive (Venables and Jeukendrup 2009).  More than half of American adults do 

meet the physical activity levels recommended by the United States Surgeon General and 

an estimated 24% of adults do not participate in leisure-time activity (Hayes and Kriska 

2008).  According to the NHANES survey data from 1988-1994, 31% of individuals with 

type 2 diabetes reported not participating in regular physical activity (Hayes and Kriska 

2008).    

 The adoption of regular exercise decreases type 2 diabetes risk by 20-30% even 

after adjusting for differences in body mass index (Gill and Cooper 2008).   Data from 

four large-scale clinical trials of diabetes prevention have found that regular physical 
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activity can prevent or delay type 2 diabetes in persons at high risk of the disease 

(individuals who are obese, have a family history of type 2 diabetes, and/or have 

impaired glucose regulation) by improving their insulin sensitivity (Hawley 2004).   

Regular physical activity also improves muscle and liver insulin sensitivity, muscle 

glucose uptake and utilization, and glycemic control (Hayes and Kriska 2008).  Physical 

activity can also contribute to the prevention or delay in the development and progression 

of long-term diabetes complications such as neuropathy, retinopathy, and nephropathy 

(Hayes and Kriska 2008).   

 The biological mechanisms by which physical activity provides protection against 

diabetes are varied and include:  structural changes in skeletal muscle, biochemical 

changes in skeletal muscle, and systemic influences (LaMonte et al. 2005).  Recent 

studies have also found that exercise increases β-oxidation with an upregulation of the 

tricarboxylic acid cycle which leads to a decrease in the accumulation of diabetogenic β-

oxidation intermediates (Venables and Jeukendrup 2009).  Finally fat oxidation is 

increased after exercise, which reduces the accumulation of fatty acids such as fatty acyl-

CoAs, diacylglycerols, and ceramides within skeletal muscle thereby minimizing the 

attenuation of the insulin signaling pathway (Venables and Jeukendrup 2009).   

 

B2.2.3 Epidemiology and pathophysiology of dyslipidemia as a risk factor 

NHANES data have been used to calculate the prevalence of 

hypercholesterolemia, hypertriglyceridemia, and low HDL in the United States 

population.  The authors found that the age- and sex-adjusted prevalence of 

hypercholesterolemia was 17%, hypertriglyceridemia was 30.1%, and the overall 
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prevalence of low HDL cholesterol was 37.1% (Golden et al. 2009).   The majority of 

individuals with type 2 diabetes also exhibit dyslipidemia.  The NHANES reported that 

85% of individuals with type 2 diabetes had elevated LDL cholesterol and triglycerides 

and low HDL cholesterol (85%, 42%, and 62%, respectively) (Taskinen 2005).    

 Diabetes is a disease that is marked by dyslipidemia that is characterized by a 

disturbance of fatty acid metabolism.  More specifically, diabetic dyslipidemia is 

characterized by increased levels of VLDL cholesterol, triglycerides, and apolipoprotein 

B (ApoB) and reduced levels of HDL cholesterol and apolipoprotein A-I (ApoA-I), and a 

predominance of small LDL cholesterol particles (Chahil and Ginsberg 2006).   

 The primary lipid abnormality in prediabetes is elevated FFAs that are released 

into the bloodstream from insulin-resistant fat cells (Mooradian 2009).  Elevated FFAs in 

subjects with normal glucose tolerance have been shown to suppress glucose utilization 

in muscle tissue indicating that insulin resistance begins very early in IGT or prior to the 

development of IGT and type 2 diabetes (Wyne 2003).  The increased levels of FFAs also 

impair glucose signaling of insulin secretion in the β-cell, facilitating hyperinsulinemia 

(Tomkin 2008; Wyne 2003).  Over time, the acute elevation of free fatty acids leads to 

lipotoxicity and β-cell apoptosis, which may account for the decline in β-cell function 

that occurs before and after the development of type 2 diabetes (Wyne 2003).    

The increased concentration of FFAs in the liver also promotes triglyceride 

production, which stimulates the secretion of apolipoprotein B and VLDL cholesterol 

(Mooradian 2009).  The increased levels of VLDL cholesterol particles and plasma 

triglycerides in turn, decrease the level of HDL cholesterol and elevate the concentration 

of small, dense LDL particles (Mooradian 2009).  Specifically, VLDL transported 



 

22 

 

trigyclerides are exchanged for HDL transported cholesterol ester, which results in 

increased amounts of atherogenic cholesterol rich VLDL remnant particles and 

triglyceride rich, cholesterol-depleted HDL particles (Mooradian 2009).  The ApoA-I 

particles dissociate from the reduced size HDL particles and are filtered out by the renal 

glomeruli and degraded in renal tubular cells (Mooradian 2009).  Thus, the body is left 

with increased levels of triglycerides and reduced levels of HDL cholesterol.  Likewise, 

the exchange between VLDL and LDL results in triglyceride rich LDL particles that are 

smaller and denser (Goldberg 2009).  LDL is the major cholesterol carrying lipoprotein 

and compositional changes in the LDL particle account for much of the increased 

atherogenicity associated with diabetes (Tomkin 2008).        

 

B2.2.4 Epidemiology and pathophysiology of hypertension as a risk factor  

Hypertension is the leading risk factor for death and the second leading risk factor 

for disability in the world (Campbell et al. 2009).  Currently, 65 million people have 

hypertension in the United States (Khan et al. 2006).  Hypertension frequently coexists 

with type 2 diabetes and the prevalence of hypertension is up to three times higher in 

persons with type 2 diabetes than in age- and sex-matched persons who do not have 

diabetes (Kahn et al. 2006).  Furthermore, individuals with hypertension are several-fold 

more likely to develop diabetes over a 3- to 5 year period than normotensive individuals 

(Sowers and Frohlich 2004).   

 The coexistence of hypertension and diabetes is associated with an excessive risk 

of mortality, coronary heart disease, total cardiovascular events, and renal disease 

(Franjic and Marwick 2009).  The risk of cardiovascular disease is increased by 75% in 
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hypertensive, type 2 diabetics and 60- 80% of these individuals will die of cardiovascular 

complications (Campbell et al. 2009; Kahn et al. 2006).  Incident cardiovascular disease 

is also higher in those with pre-hypertension and prediabetes (IFG or IGT) (Franjic and 

Marwick 2009).   

 Data from observational studies show that individuals with hypertension have an 

increased incidence of type 2 diabetes compared with those in a normotensive state 

(Mancia et al. 2006).  Individuals diagnosed with hypertension are often put on anti-

hypertensive medications that increase the risk of incident diabetes.  Data from controlled 

trials shows that treatment with diuretics or beta-blockers is associated with a greater 

incidence of new-onset diabetes than patients undergoing treatment with alternative 

hypertension drugs, such as angiotensin-converting enzyme (ACE) inhibitors, calcium 

antagonists of dihydropyridine or non-dihydropyridintype, or angiotensin II receptor 

antagonists (Mancia et al. 2006).   

The exact mechanisms by which these drugs increase diabetes risk are unknown, 

but several hypotheses have been generated including the development of hypokalemia or 

hypomagnesemia.  Insulin secretion is decreased in a low-potassium state and increased 

in a high-potassium state and impaired glucose tolerance has been produced via impaired 

insulin secretion in a hypokalemic state (Bakris et al. 2008).  Furthermore, in a 

hypokalmeic state, there exists an elevation in pro-insulin to insulin secretion/serum 

levels, which in turn contributes to impaired glucose tolerance (Bakris et al. 2008).  In an 

analysis of prior trials, a relationship was observed between decreased serum potassium 

and glucose tolerance, but the glucose intolerance with diuretic therapy could not be fully 

explained by hypokalemia.  Thiazide diuretic therapy is also associated with reduced 
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peripheral insulin sensitivity that may be independent of changes in serum potassium 

(Bakris et al. 2008). 

A second mechanism for thiazide diuretic -induced glucose intolerance is modest 

increases in serum aldosterone in response to modest thiazide diuretic -induced volume 

contraction (Bakris et al. 2008).  Aldosterone increases inflammatory cytokines and 

oxidative stress in skeletal muscle, adipose tissue and the liver and has been shown to be 

associated with increased mineralocorticoid levels, low, non-blood pressure-lowering 

doses of spironolactone, delivered by osmotic minipumps over 3 weeks, improved 

skeletal muscle insulin–induced glucose uptake in conjunction with lowering skeletal 

muscle levels of reactive oxygen species and other markers of inflammation in rodent 

models (Bakris et al. 2008).  Alternatively, ACE inhibitors and angiotensin II receptor 

blockers may be anti-diabetogenic because they induce an increase in skin muscle blood 

flow, potassium retention, protection of pancreatic islets from glucotoxicity, removal of 

angiotensin II-related oxidase stress, agonistic action on peroxisome proliferator-

activated receptor gamma, recruitment/differentiation of adipocytes, and increased 

glucose transport (Mancia et al. 2006). 

 

B2.2.5 Epidemiology and pathophysiology of IFG or IGT as a risk factor 

 The ADA now recognizes an intermediate group of subjects whose glucose levels 

do not meet the criteria for diabetes but are too high to be considered as normal.  This 

group is considered to have ―prediabetes,‖ which is defined by fasting plasma glucose 

levels ≥100 and <126 mg/dl or 2-h values in the OGTT test of ≥140 mg/dl but <200 

mg/dl (American Diabetes Association 2011).  The ADA acknowledges that IFG and 
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IGT are not clinical entities, but that they are risk factors often associated with obesity, 

dyslipidemia, and hypertension (American Diabetes Association 2011).    

Like the growing prevalence of individuals with diabetes, the prevalence of those 

with prediabetes is likewise increasing.  In 2003, there were an estimated 314 million 

individuals worldwide with prediabetes and by the year 2025 the number is expected to 

increase to 472 million (Eldin et al. 2008).  NHANES data from 2005-8 indicates that 

35% of United States adults ages 20 years or older had pre-diabetes based on fasting 

glucose or hemoglobin A1C levels (Centers for Disease Control and Prevention 2011).   

Finally, according to the National Health Interview Survey from 2006 an estimated 4.0% 

of U.S. adults had self-reported prediabetes and among these individuals 64.4% had been 

told they have borderline diabetes (Centers for Disease Control and Prevention 2008).   

 The risk of diabetes is greatly increased in individuals with prediabetes.  

Individuals with IFG have a 20-30% chance of developing diabetes over the next 5-10 

years and their risk increases if they have both IFG and IGT (Bock et al. 2006).  The 

average annual risk of developing diabetes for someone with normoglycemia is 0.7% per 

year, but this increases to 5-10% per year for individuals with IFG or IGT (Aroda and 

Ratner 2008).  The risk of diabetes increases dramatically because prediabetes is 

characterized by peripheral insulin-resistance and impaired insulin secretion.  The β-cells 

are failing but failure is not complete until an individual develops frank type 2 diabetes 

(Cali et al. 2009).  In the prediabetic state, insulin secretion rises in response to increasing 

insulin resistance, thereby maintaining near-normoglycemia (Goke 1998).   

 Both IFG and IGT are insulin resistant states, however, they have different sites 

of insulin resistance.  Individuals with IFG have hepatic insulin resistance and normal 
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muscle insulin sensitivity, whereas those with IGT have normal to slightly reduced 

hepatic insulin sensitivity and moderate to severe muscle insulin resistance (Abdul-Ghani 

et al. 2006).  In regards to insulin secretion, individuals with IFG have a decrease in first-

phase insulin secretory response to intravenous glucose and early-phase insulin response 

to oral glucose; individuals with IGT have defects in both early- and late-phase insulin 

responses to intravenous and oral glucose (Abdul-Ghani et al. 2006).  Finally, individuals 

with IFG have altered glucagon-like peptide-1 secretion and elevated glucagon secretion, 

but those with IGT have reduced secretion of glucose-dependent insulinotropic peptide 

and elevated glucagon secretion (Faerch et al. 2009).  It is important to note that 

approximately 20-25% of subjects with IGT also have IFG and that approximately 30-

45% of IFG subjects also have IGT (Abdul-Ghani et al. 2006).  Thus, a large proportion 

of individuals with prediabetes exhibit all of the aforementioned pathologies and 

therefore have a greatly increased risk of conversion to diabetes.   

 

B3. Emerging risk factors  

Our understanding of the etiology of type 2 diabetes and its complications has 

grown over the past decade.   In diabetes an interplay exists between inflammatory and 

metabolic abnormalities resulting in endothelial dysfunction and accompanied by the 

development of a pro-thrombotic state (Goldberg 2009).  As a result, β-cell damage and 

impaired insulin signaling occurs in islets and in insulin-sensitive tissues.  The discovery 

of these pathophysiological processes has resulted in the identification of an expanded 

array of circulating biomarkers of these processes, which offers new opportunities for 

pre-emption, early diagnosis, and targeted therapy (Goldberg 2009). 



 

27 

 

 

B3.1. Endothelial dysfunction and inflammation  

 

B3.1.1 Pathophysiology 

Type 2 diabetes is marked by heightened inflammatory activity that results from 

systemic etiologic factors such as central obesity and insulin resistance (Goldberg 2009).  

In early inflammatory states there is a release of chemokines in the vascular endothelium 

and adipose tissues (Goldberg 2009).  These chemokines stimulate the expression of 

adhesion molecules such as intercellular adhesion molecule-1 (ICAM-1), which plays an 

important role in the transendothelial migration and attachment of leukocytes to stressed 

sites (Hwang et al. 1997; Goldberg 2009; Barbalic et al. 2010).  White blood cells (WBC) 

are increased during inflammation and there is also pro-inflammatory gene activation 

stimulated by reactive oxygen species, oxidized LDL, free fatty acids (FFAs), reduced 

nitric oxide (NO), increased angiotensin II, and advanced glycation end products 

(Goldberg 2009; Hanley et al. 2009). The gene activation increases the production of 

cytokines such as interleukin 6 (IL-6) and interleukin 18 (IL-18) (Goldberg 2009).   

C-reactive protein (CRP), orosomucoid, and fibrinogen are proteins produced 

during the acute phase of inflammation (Matheson et al. 2010).   Serum or plasma sialic 

acid can also be used as a marker of the acute phase response, as the acute phase proteins 

are glycoproteins with sialic acid at the terminus of their oligosaccharide chains (Crook 

2003).   Finally, complement C3 is a major plasma protein of the immune system 

complement pathways, which is produced during inflammation; however, the synthesis of 
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this protein is produced at a slower rate than other acute phase proteins (Engstrom et al. 

2005).   

The process of inflammation often occurs because of injury to the endothelium.  

The endothelium is the largest organ in the body and it conserves vascular tone and blood 

fluidity and maintains homeostasis when there is an intimal injury (Cooke 2000). When 

the endothelium is injured, functional changes occur that include the disturbance of the 

vascular tone and the development of a pro-coagulant and pro-inflammatory environment 

(Trepels et al. 2006).  Vascular tone relies on a balance between endothelium-derived 

relaxers and endothelium derived contracting factors (Cooke 2000).  NO is the strongest 

vasoregulator, as it has the ability to suppress cell proliferation and adhesion, platelet 

adhesion and aggregation, monocyte adhesion and chemotaxis, and inhibit superoxide 

anion generation (Cooke 2000; Trepels et al. 2006).   

A key mechanism underlying endothelial dysfunction is the loss of endothelial 

NO bioavailability (Cooke 2000; Trepels et al. 2006).  Oxidative stress is a strong 

inhibitor of NO production.  Oxidized LDL-cholesterol is commonly used as a marker of 

oxidative stress and endothelium dependent relaxation and NO production is impaired if 

the blood vessel wall is exposed to oxidized LDL (Cooke 2000).  Asymmetric 

dimethylarginine (ADMA) also limits NO production via its inhibition of nitric oxide 

synthase (NOS), which is the primary endothelial enzyme that converts L-arginine to L-

citrulline and NO (Abhary et al. 2010)  

The endothelium also mediates humoral coagulation by synthesizing 

plasminogen, von Willebrand factor (vWF), and tissue plasminogen activator (tPA), as 

well as controlling vascular smooth muscle growth and leukocyte invasion (Trepels et al. 
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2006).  At the site of endothelial injury, there is a reduction in absolute or relative 

amounts of the endogenous inhibitors of platelet aggregation and vasoconstriction such as 

tissue t-PA and the loss of inhibition leads to increased platelet aggregation and 

vasoconstriction (Mina et al. 2007).   Fibrinogen and vWF factors are involved in platelet 

adhesion and aggregation and vWF also acts as a carrier for the coagulation factor VIII in 

plasma (Mina et al. 2007).  Finally, there is a more rapid activated partial thromboplastin 

time (aPTT) that reflects a pro-coaguable state, which is common in inflammation and 

inducible by IL-6 (Duncan et al. 1999).   

 

B3.1.2 Epidemiology 

Chronic low grade inflammation is associated with insulin resistance and β-cell 

dysfunction via changes in inflammatory signaling pathways (Kim et al. 2009).  

Epidemiologic studies have found that levels of inflammatory markers are higher in 

apparently healthy individuals who later go on to develop type 2 diabetes, suggesting that 

inflammation occurs early during the period of impaired glucose tolerance (King 2008).   

Likewise, animal models have shown that the removal of elements involved with chronic 

inflammation can enhance insulin sensitivity (Kim et al. 2009). A number of 

epidemiological studies have reported an inflammation-diabetes association, finding that 

sub-clinical levels of inflammatory markers such as WBC, IL-6, CRP, orosmucoid, 

complement C3, and sialic acid are related to the development of diabetes (Duncan et al. 

2003; Engstrom et al. 2005; Hanley et al. 2009).  

Likewise, chronic oxidative stress and coagulation dysfunction are both 

associated with type 2 diabetes.  Free radicals impair glucose-stimulated insulin 
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secretion, decrease the gene expression of key β-cell genes, and induce cell death (Park et 

al. 2009).  Impaired β-cell function leads to the underproduction of insulin, fasting 

hyperglycemia, and the development of type 2 diabetes (Park et al. 2009).  Oxidized LDL 

cholesterol has been shown to be predictive of type 2 diabetes and associated with fasting 

glucose, HbA1c, fasting insulin, and HOMA-IR (Njajou et al. 2009; Park et al. 2009).  

ADMA levels, which inhibit NO production, have been shown to be increased in 

individuals with diabetes (Abhary et al. 2010).   Furthermore, the insulin resistant state 

leads to increased circulating FFA concentration, which further impede insulin-mediated 

glucose uptake (Zeyda and Stulning 2009).   Finally, the coagulation factors fibrinogen, 

vWF, and factor VIII are associated with both insulin resistance and type 2 diabetes and 

aPTT is associated with type 2 diabetes (Duncan et al. 1999; Dunn and Grant 2005).   

 

B3.2 Blood flow 

 Hematocrit is the primary determinant of whole blood viscosity and when there 

are lower concentrations of blood flow there are higher concentrations of hematocrit 

(Hanley et al. 2009).  There are several hypotheses about how blood flow may impact 

insulin resistance including: (a) a decrease in blood flow may reduce the rate of glucose 

delivery to skeletal muscle; (b) vasoconstriction may reduce blood flow to β-cells thereby 

reducing their function; (c) angiotensin converting enzyme inhibitors may lower glucose 

by slowing the decline in β-cell function and reducing pancreatic vasoconstriction and 

thereby increasing islet blood flow; (d) insulin and related substances, including insulin-

like growth factors 1 and 2, may stimulate erythropoiesis to increase the hematocrit; and 

(e) hyperinsulinemia of insulin resistance may cause vasoconstriction by way of 
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sympathetic neural activation, which in turn would lead to hemoconcentration and 

increases in viscosity (Hanley et al. 2009).  Epidemiologic studies have found 

independent associations with hematocrit and incident type 2 diabetes mellitus and 

insulin resistance (Hanley et al. 2009).  A recent study by Hanley et al. also found a 

significant and consistent inverse association of hematological parameters with two 

measures of β-cell dysfunction, insulinogenic index/HOMA IR, and ISSI-2 (Hanley et al. 

2009).   

 

B3.3 Liver function 

γ-Glutamyltransferase (GGT) is an enzyme that is primarily found in the liver and 

is responsible for the extracellular catabolism of antioxidant glutathione (Turgut et al. 

2006).   Alanine aminotransferase (ALT) is also an enzyme primarily found in the liver.  

ALT catalyzes the two parts of the alanine cycle (Song et al. 2008).  Concentrations of 

both GGT and ALT have been found to be predictors of incident diabetes in multiple 

epidemiological studies (Ford et al. 2008; Kim et al. 2009; Fraser et al. 2009).  

Biologically, GGT and ALT may indicate the accumulation of hepatic fat, thereby 

representing an indirect marker of hepatic insulin resistance.  A fatty liver leads to an 

increase in gluconeogenesis and a decrease in the storage of glucose as glycogen in the 

liver.  Also, GGT may be a non-specific marker of oxidative stress (Ford et al. 2008).  

Elevated ALT and GGT levels are associated with type 2 diabetes and ALT is also 

associated with insulin resistance (Schindhelm et al. 2005; Sattar et al. 2008).   

Fetuin-A is another circulating protein derived from the liver.  It is an endogenous 

inhibitor of the insulin-stimulated insulin receptor tyrosine kinase (Stefan et al. 2008).  
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Animal models have shown that fetuin-A levels can inhibit insulin-stimulated tyrosine 

phosphorylation of the insulin receptor substrate-1 in liver and skeletal muscle (Stefan et 

al. 2008).  Also, knockout mice have exhibited increased resistance to the adipogenic 

effect of a high-fat diet (Stefan et al. 2008).  Epidemiologic studies have been limited, but 

have shown that fetuin-A is an independent risk factor for type 2 diabetes (Stefan et al. 

2008; Ix et al. 2008).   

Finally, albumin is produced by the liver, is the most abundant protein in plasma, 

and is a marker of renal impairment.  Albumin regulates oncotic pressure and blood 

volume, in addition to transporting various molecules.  Most urinary albumin is filtered 

through the glomerulus and later reabsorbed by tubular cell (Matheson et al. 2010).  

Elevated albumin levels are indicators of glomerular damage (Matheson et al. 2010).   

Urinary excretion of albumin is significantly higher in individuals with type 2 diabetes, 

decreases with short-term glycemic control, and is a predictor of type 2 diabetes 

independent of known risk factors (Matheson et al. 2010).     

 

B3.4 Lung function 

Forced vital capacity (FVC) measures the amount of air one can exhale with force 

after inhaling as deeply as possible and forced expiratory volume in 1 second (FEV1) 

measures the amount of air one can exhale with force in one breath (Yeh et al. 2008).  

Both FVC and FEV1 are significantly lower in individuals with type 2 diabetes and 

inversely associated with insulin resistance (Yeh et al. 2005; Yeh et al. 2008; Steele et al. 

2009).  Increased levels of systemic inflammatory markers have been associated with 

decreased FVC and FEV1,  and inflammation, hyperglycemia, and diabetes related 
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oxidative stress have been shown to induce muscle dysfunction, which could be leading 

to impaired FVC and FEV1 (Yeh et al. 2008; Thyagarajan et al. 2009).  Presently, the 

precise underlying mechanism relating diabetes to lung function is not clear, but previous 

studies suggest that in addition to the aforementioned muscle dysfunction there could also 

be glycosylation of the chest wall and bronchial tree proteins, thickening of basal lamina, 

and increased susceptibility to respiratory infections (Yeh et al. 2008).   

 

B3.5 Nutrients 

Magnesium is the fourth most abundant cation in the body and blood 

concentrations are under strict homeostatic regulation (Champagne 2008; Bo and Pisu 

2008).  Magnesium is a co-factor in many enzymatic reactions and is necessary for all 

energy-dependent transport systems, glycolysis, and oxidative energy metabolism (Bo 

and Pisu 2008). It also participates in intracellular signaling systems, insulin receptor 

activity, phosphorylation, de-phosphorylation reactions, platelet aggregation, vascular 

smooth muscle tone, and, and electrolyte homeostasis (Bo and Pisu 2008).  Depletions in 

serum magnesium have been found to be associated with type 2 diabetes and insulin 

resistance in epidemiological studies, and supplementation in animal models has been 

shown to have a beneficial effect on glucose metabolism and insulin action (Champagne 

2008; Bo and Pisu 2008).   

Plasma ferritin is a high-capacity protein that serves as the body‘s storage for iron 

(Iribarren et al. 1998).  Ferritin is elevated in persons with prevalent diabetes and 

correlated with measures of circulating insulin and glucose (Rajpathak et al. 2009).  

Epidemiological studies have found a positive association between elevated ferritin levels 
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and the risk of developing type 2 diabetes (Rajpathak et al. 2009).  The elevation of iron 

may induce diabetes via oxidative damage to the pancreatic beta cells, impairment of 

hepatic insulin extraction by the liver, and its interference with insulin‘s ability to 

suppress hepatic glucose production (Jehn et al. 2007).   

 

B3.6 Adipose-derived molecules 

Adiponectin is an adipocyte-derived secretory protein, which has several 

biological functions including altering glucose metabolism and insulin sensitivity, anti-

inflammatory, and anti-atherogenic properties (Kawano 2009; Ziemke and Mantzoros 

2010).  Epidemiological studies have found that lower adiponectin levels are associated 

with a higher risk of type 2 diabetes (Duncan et al. 2004; Li et al. 2009).  Adiponectin 

exists in three different isoforms: low, middle, and high molecular weight and as with 

total adiponectin, high molecular weight (HMW) adiponectin has been shown to correlate 

inversely with insulin sensitivity in individuals with type 2 diabetes (Graessler et al. 

2011).  Furthermore, in individuals with metabolic syndrome, the plasma levels of HMW 

adiponectin have been shown to be a better predictor of insulin resistance than the total 

adiponectin level (Graessler et al. 2011).   

Leptin is another adipocyte derived signaling molecule, which has been found to 

be significantly associated with type 2 diabetes (Schmidt et al. 2006).  Leptin is a peptide 

hormone that promotes satiety and favors negative energy balance.  When leptin is 

elevated there is dysfunction of critical non-adipose tissues through cellular lipotoxicity, 

which leads to insulin resistance and β-cell dysfunction (Correia and Rahmouni 2006).     



 

35 

 

Retinol binding protein 4 (RBP4) is found in the circulation, is the principal 

transport protein for retinol (Vitamin A), and is thought to be secreted mainly by adipose 

tissue and the liver (Esteve et al. 2009).  Increased serum RBP4 levels have been reported 

in subjects with insulin resistance and type 2 diabetes, and animal models indicate that 

decreasing levels of RBP4 improve insulin resistance (Esteve et al. 2009).  The 

association of RBP4 and type 2 diabetes is unclear at this time; however, the association 

could be the result of impaired insulin secretion, as retinol is pathophysiologically linked 

to β-cell function and research indicates that increased serum RBP4 prevents 

transthyretin from stimulating β-cells (Esteve et al. 2009)    

 

B3.7 Lactate 

Whole-body glucose utilization is comprised of both non-oxidative glucose 

disposal and mitochondrial glucose oxidation (Yokoyama et al. 2008).  Substrate 

availability for oxidation is limited with lactate, free fatty acids, and glucose competing 

for the substrate (Metz et al. 2005).   This competition exacerbates muscle insulin 

resistance and to lead to glucose intolerance.  Research has demonstrated that individuals 

with type 2 diabetes have alterations in substrate utilization (Metz et al. 2005).  It is 

hypothesized that individuals with type 2 diabetes have a less efficient substrate 

utilization during oxidation that results in lactate accumulation in the bloodstream (Metz 

et al. 2005).  Studies have found a significant inverse correlation between overnight 

fasting lactate level and insulin sensitivity in individuals with type 2 diabetes and these 

individuals have a greater elevation in basal lactate levels (Konrad et al. 1999; Metz et al. 
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2005).  Ohlson et al. found that lactate levels are a significant and independent risk factor 

for the development of type 2 diabetes (Ohlson et al. 1988).   

 

B3.8 Anthropometrics 

The height and leg length of individuals have been found to be negatively 

associated with type 2 diabetes and glucose intolerance (Liu et al. 2009; Weitzman et al. 

2009).  Height and leg length may be indicative of undernourishment in an individual‘s 

early fetal and neonatal life or exposure to severe chronic infections in early childhood 

and these early life conditions may modify some metabolic pathways (Weitzman et al. 

2010).   For example, the osteoblast-specific protein osteocalcin was recently discovered 

to have an endocrine regulation effect on glucose homeostasis; specifically, mice that 

lacked this protein had decreased pancreatic β-cell proliferation, glucose intolerance, and 

insulin resistance (Liu et al. 2009).  Because the femur is the longest and strongest of the 

bones people with longer femurs are more likely to have higher levels of osteocalcin; 

thus, the longer the femur the less the risk of developing diabetes (Liu et al. 2009).     

A larger hip circumference has also been associated with diabetes risk, 

independent of waist circumference (Parker et al. 2009).  Specifically, a larger hip 

circumference is associated with enhanced glucose tolerance and lower type 2 diabetes 

risk (Rocha et al. 2008).  Researchers hypothesize that an increased hip circumference is 

the result of thigh and gluteofemoral adipose tissue in addition, to muscle tissues that 

contribute to reduced risk because a lack of muscle mass is associated with lower muscle 

insulin clearance and impaired muscle fatty acid oxidation capacity (Rocha et al. 2008).      
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B3.9 Heart rate 

 A reduced low frequency power heart rate variability (HRV) measure is a marker 

of decreased parasympathetic activity and a high resting heart rate is a marker of poor 

autonomic nervous system modulation (Carnethon et al. 2003).  Studies have shown that 

a reduced low frequency HRV and a high resting heart rate are associated with impaired 

fasting glucose levels, and that individuals with reduced low frequency power HRV and a 

high resting heart rate are at increased risk of developing type 2 diabetes (Carnethon et al. 

2003; Stein et al. 2007).    

 Autonomic nervous system dysfunction is a plausible precursor of diabetes, as the 

pancreas is heavily innervated with parasympathetic fibers.  Parasympathetic fibers 

stimulate the release of insulin in response to circulating glucose, whereas sympathetic 

activation inhibits insulin secretion (Carnethon et al. 2006).   Elevated glucose levels may 

damage peripheral nerve fibers, stimulating sympathetic and decreasing parasympathetic 

control, i.e. an autonomic imbalance.  Finally, sympathetically mediated catecholamine 

release increases FFA release, which will further contribute to the development of insulin 

resistance and diabetes (Carnethon et al. 2006).     

 

B3.10 Genetic variants 

The genome-wide association (GWA) studies conducted recently have identified 

many new genetic variants associated with both type 2 diabetes and related metabolic 

traits (De Silva and Frayling 2010).  The majority of the variants associated with type 2 

diabetes are thought to increase diabetes risk by impairing β-cell insulin secretion; 

however, some genes may also contribute to risk through an effect on BMI  and insulin 
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action (McCarthy and Zeggini 2009; De Silva and Frayling 2010).  Further information 

regarding genetic variants can be found in section B.5.   

 

B4. Diabetes risk prediction 

Screening for type 2 diabetes is not recommended unless individuals are 45 years 

of age or older or in individuals who are overweight with additional risk factors 

(American Diabetes Association 2011).   The most common screening tool is fasting 

glucose levels, but the specificity of the test is poor.  Many individuals have IFG and yet 

their absolute risk of conversion to diabetes is only 5-10% per year (Kolberg et al. 2009).  

While the OGTT is thought to be more accurate for risk assessment and can effectively 

identify those with IFG, it is rarely used clinically because it is time consuming and 

burdensome for the patient (Kolberg et al. 2009).   As of 2010, the ADA also now 

recommends the use of HbA1c as a screening test for diabetes and a value ≥6.5% indicates 

an individual has diabetes (American Diabetes Association 2011).  Neither the HbA1c nor 

the FPG screening tests are able to identify individuals with impaired fasting glucose 

(Kolberg et al. 2009).   

Often by the time an individual is identified with abnormal glucose levels that 

person has had the underlying disease for years and complications have already occurred 

(Wong et al. 2008).  Type 2 diabetes is a progressive disease and there is a large pre-

diabetic asymptomatic period when insulin resistance is unrecognized because enhanced 

insulin secretion maintains glucose levels within the normal range (Schwarz et al. 2009).  

Developing a screening tool that successfully identifies those at risk of diabetes is 

important because this disease is largely preventable through lifestyle and/or 
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pharmacologic interventions.  Furthermore, diabetes often coexists with other risk factors 

such as hypertension and dyslipidemia, which can also be treated.  Therefore, the 

successful identification of at-risk individuals would create greater opportunities for 

clinicians to screen and intervene to prevent future diabetes and its future complications. 

(Bindraban et al 2008).  

Considering that glucose measurements may not be sufficient to assess risk alone, 

it becomes necessary to develop tools that use a range of variables to assess an 

individual‘s risk (Kolberg et al. 2009).   Thus, a number of risk prediction tools have 

been developed that could be used for opportunistic screening in clinical practice 

(Schwarz et al. 2009).  The majority of these tools use traditional risk factors such as age, 

sex, family history, BMI, and metabolic factors that are involved in the pathophysiology 

of the disease (Schwarz et al. 2009).  More complex predictive models have included a 

variety of risk factors including dietary components, anthropometric measurements, uric 

acid, race/ethnicity, smoking, alcohol consumption, coffee consumption, gestational 

diabetes, pulse, physical activity, and genes (Lyssenko 2008; Meigs et al. 2008; Schwarz 

et al. 2009).   

 Despite the fact that there are many algorithms for predicting the development of 

type 2 diabetes, at this time there is no widely accepted risk prediction score that has been 

developed and validated in routine clinical practice (Hippisley-Cox and Coupland 2009).  

Currently, the Finnish Diabetes Risk Score (FINDRISC), which includes age, BMI, waist 

circumference, use of anti-hypertensive agents, self-reported history of hyperglycemia, 

physical activity, and dietary patterns, is the most accurate and widely used risk 

prediction tool (Schwarz et al. 2009).  However, the FINDRISC score has only been 
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tested in European populations and may not be suitable for other races/ethnicities.  At this 

time, there is room for improvement in model prediction and a need for validation across 

racial/ethnic groups.     

 

 

B5. Genes and type 2 diabetes 

Both insulin resistance and β-cell failure are thought to result from the complex 

interplay of many different biological pathways under the combined influences of 

environmental and genetic factors (Doria et al. 2008).  Heritability analyses have found 

strong evidence in support of the genetic contributions to type 2 diabetes.  Monozygotic 

twins are 70% concordant for type 2 diabetes, whereas dizygotic twins are only 20-30% 

concordant (Ridderstrale and Groop 2009).  An individual with a first-degree relative 

with type 2 diabetes has a 3.5-fold greater risk of developing the disease than one who 

does not (Staiger et al. 2009).   

However, while genes are undeniable contributors to the onset of type 2 diabetes, 

the identification of genes involved in the process has been limited.  It is only recently 

that sample sizes and genome-wide coverage has been sufficient enough to find reliable 

and reproducible contributors to genetic risk via GWA studies (O‘Rahilly 2009).  GWA 

studies have successfully identified genes that are not only associated with risk of type 2 

diabetes, but also with diabetes-related quantitative traits.  Increasing our understanding 

of the genes that influence the etiology of type 2 diabetes and its related quantitative traits 

can help us better understand the pathophysiology of this disease.   

 



 

41 

 

B5.1 Linkage analyses 

 Early genetic studies of type 2 diabetes were linkage analyses that focused on 

forms of type 2 diabetes transmitted through families with a dominant pattern of 

inheritance.  These linkage studies led to the identification of genes involved in maturity 

onset diabetes of the young (MODY), syndromes of severe insulin resistance, neonatal 

diabetes, and mitochondrial diabetes and other rare genetic syndromes (Doria et al. 

2008).  Although these monogenic forms of type 2 diabetes account for only around 2-

5% of the disease burden, the identification of the genes involved has provided etiologic 

information regarding the regulation of glucose homeostasis that would later be used to 

identify genes associated with more common multigenic forms of type 2 diabetes (Doria 

et al. 2008).   

The use of linkage analyses to find genes associated with type 2 diabetes is 

limited by non-Mendelian inheritance patterns and the size of the chromosomal areas 

identified, which encompass hundreds of genes (Staiger et al. 2009).  Despite these 

limitations a number of genes have been identified via linkage, as these analyses 

identified chromosomal regions associated with type 2 diabetes in families.  Candidate 

genes were later selected from these regions and tested for their association with type 2 

diabetes.  Explicitly, single nucleotide polymorphisms (SNPs) in CAPN10, ENPP1, and 

TCF7L2, located within linkage regions, have been found to be associated with type 2 

diabetes (Ridderstrale 2009).  Polymorphisms in TCF7L2 have been confirmed in 

prospective studies and meta-analyses, although evidence remains equivocal for CAPN10 

and ENPP (Ridderstrale 2009).  
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More recent linkage analyses have generated new regions of the genome that are 

associated with type 2 diabetes and its quantitative traits.  A 2008 meta-analysis of 23 

diabetes linkage studies identified regions on chromosomes 4, 10, 14, and 16 that are 

modestly linked to diabetes (Guan et al. 2008).  A more recent study by Lillioja and 

Wilton mapped the physical location of results from 83 linkage reports for type 2 diabetes 

and related quantitative traits to identify replicated results (Lillioja and Wilton 2009).  

This analysis found evidence of linkage on 1q, 2q, 6q, 8p, 9q, 17p, 17q, 18p, 19q, and 

20q where genes have yet to be identified (Lillioja and Wilton 2009).   

 

B5.2 Candidate gene analyses 

  Candidate gene analysis is another tool used by genetic epidemiologists to 

identify genes associated with a disease.  These studies either focus on (a) positional 

candidate genes that are located in chromosomal regions identified in linkage studies or 

(b) functional candidate genes that are known to be involved in glucose homeostasis 

(Doria et al. 2008).  A positional candidate gene approach has more potential for 

discovery of new genes, as linkage studies have already identified chromosomal areas 

associated with the disease; however, this method is limited by the low sensitivity of 

linkage studies for polygenic disorders and the large size of linked genetic intervals 

(Doria et al. 2008).    

 As compared to positional candidate gene analyses, functional candidate gene 

association studies have been more fruitful.  Initial functional candidate genes studies 

assessed those genes implicated in the monogenic forms of diabetes and led to the 

discovery of HNF1A and HNF4A, both of which are involved in MODY.  Further 
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candidate gene studies identified the contributions of PPARG, KCNJ11, TCF2/HNF1B, 

and WFS1, all of which encode proteins that have strong etiologic links to diabetes 

(Frayling 2007).  These genes were found to have either altered expression and/or 

function of a particular gene product involved in glucose homeostasis (Ridderstrale et al. 

2009).   

There have been few candidate studies that have focused on the association 

between genes and glycated hemoglobin. Variants in the CAPN1 loci have also been 

found to be associated with HbA1c values in Japanese (Shima et al. 2003).  Finally, a 

study by Liu et al. found that MTNR1B is associated with increased HbA1c values in the 

Han Chinese (Liu et al. 2010). 

 

B5.3 GWA analyses 

 Recently a new methodological approach has been introduced that has been far 

more successful at the identification of genes involved in type 2 diabetes.  GWA studies 

are hypothesis-free and involve the systematic genotyping of thousands of SNPs in cases 

and non-cases using high-density single nucleotide polymorphism (SNP) arrays (Staiger 

et al. 2009).  Thus far, a multitude of new genes have been identified that are associated 

with type 2 diabetes and its related quantitative traits.  Additionally, genes that were 

previously identified have been confirmed via this new methodology.   

The first GWA study was published by Sladek et al. and confirmed the 

association of TCF7L2 with type 2 diabetes and also identified new variants including: 

HHEX, SLC30A8, EXT2, and LOC387761 (Sladek et al. 2007).  Four GWA studies 

followed that replicated previously identified SNPs and identified three new loci 
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(CDKN2A/CDKN2B, IGF2BP2, and CDKAL1) associated with type 2 diabetes in 

European populations (Ahlqvist et al. 2011).  The first GWA studies in non-European 

populations were published in 2008 and led to the identification of the KCNQ1 loci as a 

type 2 diabetes risk gene in individuals of Asian descent (Ahlqvist et al. 2011).  The 

DIAGRAM consortium published the first large-scale meta-analysis in 2008, which 

combined data from multiple GWA studies and identified six new loci associated with 

type 2 diabetes (JAZF1, CDC123-CAMK1D, TSPAN8-LGR5, THADA, ADAMTS9, and 

NOTCH2) (Zeggini et al. 2008).   Thus far, genetic variants of the following genes have 

been found to be associated with type 2 diabetes and related type 2 diabetes quantitative 

traits:  ADAMTS9, ARAP1 (CENTD2), BCL11A, CAPN10, CDC123/CAMK1D, 

CDKAL1, CHCHD9/TLE4, CDKN2A/2B, DUSP9, HHEX, HMGA2, HNF1A, HNF1B, 

HCCA2, IGF2BP2, IRS1, JAZF1, KCNJ11, KCNQ1, KLF14, NOTCH2/ADAM30, 

PPARG, PRC1, PTPRD, RBMS1, SLC30A8, SRR, TCF7L2, THADA, TP53INP1, 

TSPAN8-LGR5, WFS1, ZBED3, and ZFAND6 (Ahlqvist et al. 2011).   

In regards to HbA1c, Pare et al. conducted a GWA study in the Women's Genome 

Health Study and found that variants of GCK, SLC30A8, G6PC2, and HK1 are associated 

with HbA1c values in Caucasian women (Pare et al. 2008).   A meta-analysis conducted 

by Soranzo et al. confirmed the association of HK1, GCK, G6PC2/ABCB11, and 

MTNR1B with HbA1c and identified six new loci (FN3K, HFE, TMPRSS6, ANK1, 

SPTA1, and ATP11A/TUBGCP3) associated with this type 2 diabetes quantitative trait 

(Soranzo et al. 2010).   
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B5.4 Genes and diabetes risk prediction  

The genes identified to date contribute little to the overall risk of type 2 diabetes, 

which means there is little potential predictive ability for each individual risk allele 

(Frayling 2007).  However, a number of diabetes risk scores have been constructed 

utilizing combinations of newly identified genes from recent GWA studies.    

Lyssenko et al. included 11 genetic variants associated with type 2 diabetes in 

addition, to the classic diabetes risk factors:  family history of disease, body mass index 

(BMI), liver enzymes, smoking, and measures of insulin secretion and action (Lyssenko 

et al. 2008).  The addition of the genetic variants slightly improved the prediction of 

future diabetes (area under the curve (AUC):  0.74 to 0.75), the magnitude of the increase 

was significant (p=1.0x10
-4

), and the discriminative power of the genetic risk factors 

improved with increasing duration of follow-up (Lyssenko et al. 2008).  Meigs et al. also 

developed a genetic risk score using 18 risk alleles and the common risk factors age, sex, 

family history, BMI, fasting glucose, systolic blood pressure, HDL-cholesterol, and 

triglyceride levels.  The addition of the genotype score barely moved the C statistic from 

0.900 to 0.901 (p=0.49) (Meigs et al. 2008).  

 van Hoek et al, Lango et al., Lin et al., and Sparso et al. found that the addition of 

9, 18, 15, and 19 SNPs added little to the predictive model after controlling for common 

type 2 diabetes risk factors (van Hoek et al. 2008; Lango et al. 2008; Lin et al. 2009; 

Sparso et al. 2009).  Finally, Talmud et al. found that the phenotype based risk models 

provided greater discrimination for type 2 diabetes than the models that included 20 

common diabetes risk alleles.  Furthermore, the addition of genotypes provided only 

minimal improvement in accuracy of risk estimation (Talmud et al. 2010).   
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B6. Cancer and type 2 diabetes 

 Meta-analyses and research studies have found that the risk of liver, pancreas, 

colorectal, kidney, bladder, endometrial, breast, and non-Hodgkin‘s lymphoma cancers 

are elevated in patients with diabetes, while prostate cancer risk is reduced in individuals 

with type 2 diabetes (Vigneri et al. 2009).  The associations between common cancers 

and type 2 diabetes have been observed in vitro, in animal studies, and in epidemiological 

studies (Cannata et al. 2010).  Several pathophysiologic mechanisms for the patterns of 

risk have been proposed including:  hyperinsulinemia, obesity, hyperglycemia, and 

increased oxidative stress (Vigneri et al. 2009).   Also, the anti-diabetic drug metformin 

may reduce cancer risk and some of the drugs used to treat cancer, i.e. glucocorticoids 

and anti-androgens, can adversely affect glucose metabolism (Vigneri et al. 2009).   

 The association between type 2 diabetes and common cancers is likely the result 

of both environmental effects and genetics.  In regards to genetics, studies have found 

that genes recently identified in type 2 diabetes GWA studies are also associated with the 

risk of colorectal, prostate, and breast cancers.   The observed association between the 

two outcomes could be the result of (a) the diabetes status or diabetes treatment affecting 

cancer risk or (b) a specific diabetes susceptibility variant(s) affects cancer risk 

independent of the diabetes phenotype, i.e. pleiotropy (Pierce and Ahsan 2010).    

 

B.6.1 Prostate cancer and type 2 diabetes 

Epidemiological evidence shows that diabetes is associated with a reduced risk of 

prostate cancer.   Two meta-analyses reported relative risks of 0.91 and 0.84 for prostate 
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cancer in individuals with diabetes compared to individuals without diabetes (Pierce and 

Ahsan 2010).  Diabetes may decrease prostate cancer risk through (1) its influence on 

testosterone levels; (2) its influence on the bioavailability of insulin growth factor 1, 

leptin, and free testosterone; (3) type 2 diabetes drug treatments (i.e. metformin); (4) 

changes in lifestyle and diet; and/or (5) pleiotropy (Frayling et al. 2008; Pierce and Ahsan 

2010).   

Studies have found that the allelic variants of HN1B and JAZF1, both of which 

were identified in type 2 diabetes GWA studies, are associated with risk of diabetes and 

prostate cancer (Frayling et al. 2008). However, while multiple studies have replicated 

the association of HNF1B with both outcomes, the association between JAZF1 has not 

been replicable (Stevens et al. 2010).  Likewise, other genetic variants have been 

identified that may be associated with both prostate cancer and type 2 diabetes.  Meyer et 

al. study found significant associations between type 2 diabetes and prostate cancer and 

the following variants:  CAPN10, SLC2A2, TCF7L2 (rs7903146), and UCP2 (Meyer et 

al. 2010).  One other study have also been found a variant of TCF7L2 (rs12255372) was 

associated with an aggressive form of prostate cancer (Agalliu et al. 2008).   

Alternatively, Folsom et al. found that five TCF7L2 variants (rs7903146, rs12255372, 

rs7901695, rs11196205, and rs7895340) were not associated with prostate cancer 

(Folsom et al. 2008).  Finally, Pierce and Ahsan created a type 2 diabetes risk score using 

18 common diabetes SNPs and found an inverse association with prostate cancer, 

indicating that individuals with increased genetic susceptibility to diabetes have 

decreased risk of prostate cancer (Pierce and Ahsan 2010).   
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B7. Pathway analysis 

SNPs are widely distributed in the genome and have a low mutation rate, which is 

why researchers have used them as genetic markers; however, while they are useful for 

association analyses the elucidation of the functional effects of these SNPs is more 

difficult (Bauer-Mehren et al. 2009).  The effect of SNPs at the protein or DNA level 

considers the effect at a single molecule level, whereas the function of proteins acts 

through pathways (Bauer-Mehren et al. 2009).  Thus, to truly understand the mechanisms 

underlying the disease we must consider the pathways within the system.   

Further, single locus methods may not reflect the correct underlying model of 

association.  Evidence suggests that gene-gene (epistasis) and gene-environment 

interactions contribute to complex disease rather than a single genetic variant (Elbers et 

al. 2009).  Genes involved in complex underlying pathways are not found in traditional 

association analyses; however, pathway analyses that model these interactions may be 

able to extract this information from GWA datasets (Elbers et al. 2009).    

The consideration of genetic pathways increases the statistical power of the 

analysis.  While GWA studies have identified a number of new SNPs associated with 

type 2 diabetes they are still underpowered to detect genetic variants that impart small 

risk effects (Elbers et al. 2009).   The testing of thousands of markers creates the need for 

a multiple test correction that makes it difficult for SNPs of small effect sizes to meet the 

statistical significance threshold (Baranzini et al. 2009).  The most common example 

cited in the literature is PPARG.   There is a confirmed association with type 2 diabetes 

and PPARG but because of its modest effect size and low minor allele frequency it is not 

statistically significantly associated with diabetes in several GWA studies (Elbers et al. 
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2009).  However, when one combines nominally significant variants with current 

knowledge of biological pathways one has greater statistical power to detect sets of 

variants associated with disease outcomes (Baranzini et al. 2009).      

Thus, considering only a single SNP at a time has the following drawbacks:  (a) a 

single SNP has small effect sizes; (b) locus heterogeneity will increase the difficulty of 

replication; and (c) attempting to understand and interpret the SNPs without a unifying 

biological theme can be challenging (Peng et al. 2010).  Pathway analysis is a joint test of 

association between the outcome and a group of SNPs within a defined biological 

pathway, which increases the power to detect genes that individually may not be detected 

(Yu et al. 2009).  The SNPs are united in their biological function within the pathway, 

which can provide etiologic insights into type 2 diabetes (Yu et al. 2009).   

 

B7.1 Wnt-β-catenin pathway 

 The Wnts are a family of secreted glycoproteins that influence cell development.  

There are three known Wnt pathways, the most well-characterized of which is the Wnt/β-

catenin (canonical pathway) (Welters and Kulkarni 2008).  The pathway consists of 

extracellular ligands (Wnts), secreted antagonists, seven transmembrane cell surface 

receptors (frizzled), co-receptors (e.g. LRP5/6), and intracellular signaling mechanisms, 

of which β-catenin is the most important (Schinner 2009).  Wnts bind to frizzled 

receptors in conjunction with LRP family co-receptors and the resulting pathway 

activation prevents GSK-3 mediated phosphorylation of β-catenin and its consequent 

ubiquitin-mediated degradation (Lee et al. 2008).  Stabilized β-catenin translocates into 

the nucleus of the cell where it interacts with transcription factors of the TCF family to 
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activate target genes that include the c-myc and cyclin D family members (Lee et al. 

2008).   

 The Wnt pathway plays a well-documented role in embryogenesis and 

tumorigenesis; however, it has also recently been identified for its role in diabetes.  Wnt 

signaling is involved in the development of pancreatic islets and the proliferation of 

pancreatic β-cells during embryonic development and adulthood (Jin 2008).  The most 

powerful genetic contributor to diabetes (TCF7L2) is a member of the Wnt pathway and 

recent pathway analyses have found that this pathway is the top pathway associated with 

diabetes, even in the absence of TCF7L2 (Perry et al. 2009). 
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C Study designs and objectives  

 

 

C1. ARIC study 

 Data from the longitudinal study of Atherosclerosis Risk in Communities study, 

which was conducted in 15,792 white and African American men and women ages 45 to 

64 at baseline, will be used in two of the analyses for this proposal.  

 

C1.1 Overview 

 ARIC was designed to investigate the etiology and natural history of 

atherosclerosis, the etiology of clinical atherosclerotic diseases, and variation in 

cardiovascular risk factors, medical care and disease by race, gender, location, and date.  

The ARIC study began in 1987-1989 and recruited a population-based cohort from four 

U.S. communities including:  Forsyth County, NC; Jackson, MS; the northwest suburbs 

of Minneapolis, MN; and Washington County, MD (ARIC 1989).  The Jackson site 

exclusively recruited African Americans, accounting for 90% of the African Americans 

in the study.  The majority of the remaining African American participants came from 

Forsyth County, NC.  Participants received an extensive examination, including medical, 

social, and demographic data.   

After a home interview that established a baseline socio-demographic and 

cardiovascular disease profile of all enumerated residents in each study community who 

were willing to have an interview, age eligible residents were invited to participate in a 

baseline, and in three subsequent clinical examinations, scheduled at three year intervals. 

Approximately one third of the cohort was examined each year. The baseline 
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examinations were conducted between 1987 and 1989; Visit 2 was held between 1990 

and 1992; Visit 3 between 1993 and 1995; and the last clinical examination (Visit 4) was 

conducted between 1996 and 1998. After the baseline exam, ARIC cohort members were 

contacted annually by telephone (even during the years in which they also had a clinical 

exam) to establish vital status and assess a history of cardiovascular disease, including 

hospitalizations.  Of participants still alive at the time of follow-up visits, response rates 

for visits 2, 3, and 4 were 93, 86, and 81%, respectively.  

 

C1.2 Recruitment and population 

 

C1.2.1 Case-cohort recruitment and population 

ARIC researchers utilized a case-cohort study design to study associations 

between novel blood biomarkers and incident diabetes.  To eliminate prevalent cases of 

diabetes among the 15,792 individuals in the ARIC cohort, they excluded 2,018 

participants who met any of the following criteria at the baseline exam: (1) self-reported 

use of hypoglycemic medications, (2) casual serum glucose of 200 mg/dl or greater, (3) 

fasting (>8h) serum glucose of 126 mg/dl or greater, or (4) self-reported physician 

diagnosis of diabetes.  Amerindians, Asians, and African-Americans at the Minneapolis 

or Washington County centers (traditionally excluded in ARIC analyses due to small 

numbers, N=95); those who did not complete a follow-up exam or who provided 

insufficient information to classify diabetes during at least one follow-up exam (N=879), 

those who restricted use of their stored biological specimens (n=7), those with missing 

values for anthropometrics at baseline (n=12), and those with plasma stores previously 
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exhausted or held in reserve for future studies of CVD (n=2,506) were also excluded.  

The latter are of two types: members of a cohort random sample used in CVD case-

cohort studies (N=897); and members of previously-defined CVD case groups (related to 

incident coronary heart disease and stroke, prevalent carotid atherosclerosis, and 

prevalent peripheral arterial disease, N=1,609). After all exclusions, the sampling frame 

consisted of 10,275 individuals.   

Cases were defined as participants who met any of the above criteria for diabetes 

at one or more follow-up visits. Using this definition, 1155 incident cases were identified 

among the participants in the sampling frame. A total of 563 incident cases were 

ascertained at the first follow-up exam (Visit 2), 320 were ascertained at the second 

follow-up exam (Visit 3), and 272 were ascertained at the third follow-up exam (Visit 4). 

Of all incident cases, 9% were first ascertained by self-reported physician diagnosis only, 

<1% by use of anti-diabetes medications only, 78% by glucose values only, and 13% by 

two or more of these criteria. Due to budget constraints, all eligible diabetes cases were 

not selected for the case-cohort design. Instead, a stratified random sample of cases 

(n=581) was selected with over-sampling of African-Americans. Sampling fractions were 

72% and 39% respectively, for African-American and white cases. 

Controls were selected from all eligible cohort members (after applying the 

exclusions mentioned above) to serve as the comparison group (N=693). Selection was 

random and stratified by race, with over-sampling of African-Americans. Sampling 

fractions were 15% and 5%, respectively, of African-American and white members of the 

eligible cohort. A total of 76 subjects selected in the sample of cases were independently 

selected in the sample of the cohort. A total of 23 subjects selected for the cohort random 
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sample were incident cases of diabetes although not independently sampled as cases. The 

final sample size (including overlap) was 1198 subjects. 

 

C1.3 Trait measurements 

As previously mentioned, ARIC cohort members completed four clinic 

examinations, conducted three years apart, in 1987-1989, 1990-1992, 1993-1995, and 

1996-1998 and each examination lasted about three hours.  Table H.1 in the Appendix 

lists the components of each visit. In addition to B-mode ultrasound, noninvasive 

measures of subclinical disease in the cohort component included the ankle-brachial 

index, retinal photography for the assessment of microvascular disease (Visit 3), cerebral 

magnetic resonance imaging (visit 3, Jackson and Forsyth only) and echocardiography 

(visit 3, Jackson only).  

The cohort was followed-up by annual phone interviews, and search of death 

certificates and hospitalizations, done in conjunction with community surveillance. 

Events (e.g., deaths, hospitalized MIs) have been ascertained through cohort and 

community surveillance activities.  The diabetes case-cohort group had additional 

measurements of the following biomarkers in plasma collected at the baseline 

examination:  total adiponectin, hmw adiponectin, leptin, GGT, ALT, fetuin A, ferritin, 

CRP, ICAM-1, orosmucoid, sialic acid, IL-6, IL-18, complement C3, ADMA, RBP-4, 

free fatty acids, oxidized LDL, and lactate.   
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C1.4 Genotyping 

Genomic DNA was hybridized in accordance with the manufacturer's standard 

recommendations at the Broad Institute using Ilumina and Affmetrix arrays.   Genotypes 

from Illumina arrays were obtained using the proprietary Bead Studio Software and 

genotypes from Affymetrix arrays were determined using the BRLMM or Birdseed 

clustering algorithm.   Filtering of both individuals and SNPs was performed to ensure 

robustness for genetic analysis. SNP genotypes were assessed for quality, and SNPs 

failing quality control were removed before analysis according to specific criteria (Psaty 

et al. 2009).     

 

C1.5 Human subjects 

 All protocols for ARIC were approved by each field center's institutional review 

board and conducted in accordance with institutional guidelines.  Informed consent was 

obtained before participants participated in each examination and phone interview.  All 

subjects were treated in accordance with the tenets of the Declaration of Helsinki. 

 

C2. Epidemiology of Hearing Loss (EHLS)/Beaver Dam Offspring Study (BOSS) 

Combined data from several studies conducted in Beaver Dam, Wisconsin will be 

used in one of the analyses proposed in this document. 

 

C2.1 Overview 

The Beaver Dam Eye Study (BDES) was initially funded in 1987. The purpose of 

the study was to collect information on the prevalence and incidence of age-related 

cataract, macular degeneration, and diabetic retinopathy, which are all common eye 
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diseases in an aging population. The study also has examined other aging issues, such as 

overall health, quality of life, and environmental exposures. During 1987-88, a private 

census was conducted in the city and township of Beaver Dam, Wisconsin, which found 

that there were approximately 6000 individuals aged 43 through 84 years.  This cohort 

was invited to participate in the BDES.  Of the 5924 eligible individuals, 4926 (83%) 

participated in the baseline eye examination phase between 1988 and 1990.    

The BDES participants alive as of March 1, 1993 were eligible to participate in 

the baseline examination of the Epidemiology of Hearing Loss Study (EHLS; n=4541), 

which occurred at the time of the 5-year follow-up visit for the eye study.  Of those 

eligible, 3753 (82.6%) individuals participated in the hearing study.   Of the 3047 EHLS 

participants alive as of March 1998, 2800 (82.2%) participated in the 5-year EHLS 

follow-up study conducted from 1998-2000. A ten year examination of the EHLS was 

conducted in 2003-5 (n=2395) and a 15 year examination began in 2008.   

The Beaver Dam Offspring Study (BOSS) is a cohort study of adult children of 

EHLS participants.  The adult children of participants in BDES and EHLS were invited 

to participate in the BOSS in 2005.  The purpose of BOSS is to evaluate genetic and 

environmental risk factors for sensory impairments (hearing, vision, sense of smell, sense 

of taste) and aspects of cardiovascular health and how they differ between pre- and post-

World War II generations.   

To identify eligible participants for BOSS, members of the parent population 

(EHLS participants) who had reported at least 1 living child were asked for permission to 

contact their children at the EHLS 5-year follow-up examination.   Of the 1,902 eligible
 

participants, 87.9% (n = 1,671) of those contacted gave permission
 
to contact their 
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children, and 8.9% (n = 170) refused; 3.2%
 
(n = 61) were deceased, and no contact 

information for their
 
children could be obtained.   Of the 4,965 adult children eligible

 
for 

the BOSS, 3,285 (66.2%) participated, 731 (14.7%) refused,
 
23 (0.5%) had died, and 926 

(18.7%) failed to complete an examination
 
or questionnaire (Zhan et al. 2010).    

 

C2.2 Trait measures  

 A detailed description of trait measures can be found in H.2, which is located in the 

Appendix.   

 

C2.3 Genotyping 

 Genomic DNA was hybridized in accordance with the manufacturer's standard 

recommendations at the University of Pennsylvania.  Genotypes were obtained from 

Illumina arrays were obtained using the proprietary Bead Studio Software.  Filtering of 

both individuals and SNPs was performed to ensure robustness for genetic analysis. SNP 

genotypes were assessed for quality, and SNPs failing quality control were removed 

before analysis according to specific criteria 

 

C2.4 Human subjects 

 All protocols for EHLS and BOSS were approved by the institutional review board 

and conducted in accordance with institutional guidelines.  Informed consent was 

obtained before participants participated in each examination and phone interview.  All 

subjects were treated in accordance with the tenets of the Declaration of Helsinki. 
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D1. Paper 1 -- Novel risk factors and the prediction of type 2 diabetes in the 

Atherosclerosis Risk in Community Study (ARIC) 

 

D1. Objective 

Recent studies have identified a number of novel risk factors that are associated 

with type 2 diabetes; however, to date there have been limited studies that have assessed 

the contribution of multiple novel risk factors to diabetes risk prediction.  Studies have 

tended to focus on single biomarkers or genetic risk scores based upon combinations of 

SNPs.  To better understand how novel risk factors may or may not contribute to diabetes 

risk prediction in adults, newly identified risk factors should be evaluated together with 

traditional risk factors to determine which of these factors increase the accuracy of 

predictive models.   

Analysis 1:  Determine the risk of diabetes in individuals with novel risk factors and the 

added value of these risk factors in predicting the development of diabetes beyond 

standard clinical predictors using data measured in the full ARIC cohort.      

Analysis 2:  Determine the risk of diabetes in individuals with novel risk factors and the 

added value of these risk factors in predicting the development of diabetes beyond 

standard clinical predictors using data measured in the subset of participants selected for 

the ARIC diabetes case-cohort study.        

 

D2. Summation of results 

This study was conducted to determine if novel risk factors, identified as being 

associated with type 2 diabetes in the ARIC study, contribute to type 2 diabetes risk 
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prediction.  Analyses were conducted using participants from the total cohort and the type 

2 diabetes case-control subsample.  We started with a basic prediction model, previously 

validated in ARIC, and constructed risk prediction models using a forward selection 

methodology.  The area under the curve (AUC), net reclassification index (NRI), and 

integrated discrimination index (IDI) were calculated to determine if the novel risk 

factors improved risk prediction.  We found that none of the novel risk factors 

significantly improved the AUC in the total cohort or case-control analyses.  Forced 

expiratory volume in 1 second (FEV1) did significantly improve the NRI in the total 

cohort (0.54%; 95% confidence interval: 0.33-0.86%).  None of the risk factors 

significantly improved the NRI in the case-control study, but the addition of adiponectin, 

leptin, GGT, ferritin, inter-cellular adhesion molecule 1 (ICAM-1), and complement C3 

significantly improved the IDI, as did the addition of white blood cell count, albumin, 

activated partial thromboplastin time (aPTT), factor VIII, magnesium, hip circumference, 

heart rate, leg length, and the genetic risk score in the total cohort.  In summation, when 

novel measures of adipose derived molecules, nutrients, liver function, blood flow, 

endothelial dysfunction, and inflammation were added to risk prediction models, their 

contributions to risk prediction were modest and unlikely to meaningfully contribute to 

clinical risk reclassification or discrimination.   

 

D3. Introduction 

Screening for the diagnosis of type 2 diabetes is not recommended unless 

individuals are 45 years of age or older or in individuals who are overweight with 

additional risk factors (American Diabetes Association 2011).   The most common 
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diagnostic screening tool is fasting glucose levels, but the specificity of the test is poor.  

Moreover, type 2 diabetes is a progressive disease and there is a long time period when 

insulin resistance is unrecognized because enhanced insulin secretion maintains glucose 

levels within the normal range (Schwarz et al. 2009).  Because the current diagnostic 

criteria are based upon the presence of hyperglycemia, individuals may have metabolic 

disturbances associated with diabetes but be undiagnosed because they do not exhibit 

symptoms nor do they meet the criteria for screening (Schwarz et al. 2009).   Developing 

a tool that successfully identifies those at high risk of diabetes is important because if 

individuals do not already have the disease, it is largely preventable through lifestyle 

and/or pharmacologic interventions (Gillies et al. 2007). Therefore, the successful 

identification of at-risk individuals, via risk prediction models, would create greater 

opportunities for clinicians to intervene to prevent the onset of type 2 diabetes and the 

complications associated with this disease (Bindraban et al 2008).  

Considering that glucose measurements may not be sufficient to assess risk alone, 

it becomes necessary to develop tools that use a range of variables to assess an 

individual‘s risk (Kolberg et al. 2009).   Thus, a number of risk prediction tools have 

been developed that could be used for opportunistic screening in clinical practice 

(Schwarz et al. 2009).  The majority of these tools use traditional risk factors such as age, 

sex, family history, body mass index, and metabolic factors that are involved in the 

pathophysiology of the disease (Schwarz et al. 2009).  More complex predictive models 

have included a variety of risk factors including dietary components, anthropometric 

measurements, uric acid, race/ethnicity, smoking, gestational diabetes, pulse, physical 

activity, and genes (Lyssenko 2008; Meigs et al. 2008; Schwarz et al. 2009).   



 

61 

 

Within ARIC, Schmidt et al. conducted a study to develop a risk prediction model 

that would identify individuals at high risk of developing type 2 diabetes.  The risk 

factors considered in the models were: sex, ethnicity, parental history of diabetes, use of 

medications for hypertension, height, age, waist, weight, body mass index, waist-to-hip 

ratio, systolic blood pressure, fasting glucose, HDL-cholesterol, triglycerides, and fasting 

glucose.  Schmidt et al. found that the model that included age, ethnicity, parental history 

of diabetes, fasting glucose, systolic blood pressure, waist, height, HDL-C, and 

triglycerides had the best predictive capabilities within ARIC.   

Thus far, the use of novel biochemical risk factors in diabetes risk scores has been 

limited.  The majority of these risk scores have incorporated newly discovered genetic 

risk factors from GWA studies; however, GWA studies indicate that individual genetic 

variants identified to date contribute little to the overall risk of type 2 diabetes, which 

means there is little potential predictive ability for each individual risk allele (Frayling 

2007).  To increase the power needed to detect an association with type 2 diabetes, a 

number of risk scores have been constructed that use combinations of newly identified 

genes.  The contribution of a genetic risk score to diabetes risk prediction has yielded 

conflicting results, with some studies finding statistically significant increases in the area 

under the curve while others did not (Lyssenko et al. 2008; Meigs et al. 2008; van Hoek 

et al. 2008; Lango et al. 2008; Lin et al. 2009; Sparso et al. 2009; Talmud et al. 2010).      

The addition of novel biochemical risk factors beyond genes has also been 

modest.  Thus far, studies have created risk scores that have included measures of liver 

function (ALT, AST, and GGT), white blood cell counts, heart rate measures, pulse, uric 

acid, adiponectin, C-reactive protein, ferritin, interleukin-2 receptor A, and creatinine.   
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While these analyses may have found increased areas under the curve with the inclusion 

of novel biomarkers, they are also often single studies in very specific populations, e.g. 

Hindustani Surinamese, African Surinamese, ethnic Dutch, and Taiwanese individuals, 

which may limit their generalizability (Bindraban et al. 2008; Sun et al. 2009; Chien et al. 

2009).   

 Within the last decade a number of new risk factors have been identified in ARIC 

that are involved in inflammation, metabolic abnormalities, endothelial dysfunction, 

oxidative stress, and a pro-thrombotic state that are independently associated with type 2 

diabetes (Ma et al. 1995; Carnethon et al. 2003; Wang et al. 2003; Duncan et al. 2003; 

Duncan et al. 2004; Pankow et al. 2004; Yeh et al. 2005; Hoogeveen et al. 2006; Schmidt 

et al. 2006; Carnethon et al. 2006; Reich et al. 2007; Jehn et al. 2007; Tamariz et al. 

2008; Parker et al. 2009; Weitzman et al. 2010; Zhu et al. 2010; Crawford et al. 2010).   

Likewise, a number of genes have been identified that are associated with type 2 diabetes, 

in both candidate gene and genome wide association studies.  Because there is a 

possibility that one or more of these novel risk factors could serve in a tool for predicting 

diabetes, allowing clinicians to intervene and prevent the onset of disease, it is important 

to identify those risk factors that contribute to risk prediction.  Therefore, the purpose of 

this analysis is to identify novel biomarkers that could improve diabetes risk prediction.    

 

D4. Methods 

Subjects 

ARIC was designed to investigate the etiology and natural history of 

atherosclerosis, the etiology of clinical atherosclerotic diseases, and variation in 
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cardiovascular risk factors, medical care and disease by race, gender, location, and date.  

The ARIC study began in 1987-9 and recruited a population-based cohort from four U.S. 

communities including:  Forsyth County, NC; Jackson, MS; the northwest suburbs of 

Minneapolis, MN; and Washington County, MD (ARIC 1989).  The Jackson site 

exclusively recruited African Americans, accounting for 90% of the African Americans 

in the study.  The majority of the remaining African American participants came from 

Forsyth County, NC.  Participants received an extensive examination, including medical, 

social, and demographic data.   

After a home interview that established a baseline socio-demographic and 

cardiovascular disease profile of all enumerated residents in each study community who 

were willing to have an interview, age eligible residents were invited to participate in a 

baseline, and in three subsequent clinical examinations, scheduled at three year intervals. 

Approximately one third of the cohort was examined each year. The baseline 

examinations were conducted between 1987 and 1989; Visit 2 was held between 1990 

and 1992; Visit 3 between 1993 and 1995; and the last clinical examination (Visit 4) was 

conducted between 1996 and 1998. After the baseline exam, ARIC cohort members were 

contacted annually by telephone (even during the years in which they also had a clinical 

exam) to establish vital status and assess an occurrence of cardiovascular disease, 

including hospitalizations, and self-reported type 2 diabetes.  Of participants still alive at 

the time of follow-up visits, response rates for visits 2, 3, and 4 were 93, 86, and 81%, 

respectively.  

Case-Control Study 

ARIC researchers utilized a case-cohort study design to study novel risk factors 
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for incident diabetes.  To eliminate prevalent cases of diabetes among the 15,792 

individuals in the ARIC cohort, they excluded 2,018 participants who met any of the 

following criteria at the baseline exam: (1) self-reported use of hypoglycemic 

medications, (2) casual serum glucose of 200 mg/dl or greater, (3) fasting (>8h) serum 

glucose of 126 mg/dl or greater, or (4) self-reported physician diagnosis of diabetes.  

Amerindians, Asians, and African-Americans at the Minneapolis or Washington County 

centers (traditionally excluded in ARIC analyses due to small numbers, N=95); those 

who did not complete a follow-up exam or who provided insufficient information to 

classify diabetes during at least one follow-up exam (N=879), those who restricted use of 

their stored biological specimens (n=7), those with missing values for anthropometrics at 

baseline (n=12), and those with plasma stores previously exhausted or held in reserve for 

future studies of CVD (n=2,506) were also excluded.  The latter are of two types: 

members of a cohort random sample used in CVD case-cohort studies (N=897); and 

members of previously-defined CVD case groups (related to incident coronary heart 

disease and stroke, prevalent carotid artery atherosclerosis, and prevalent peripheral 

arterial disease, N=1,609). After all exclusions, the sampling frame consisted of 10,275 

individuals.   

Cases were defined as participants who met any of the above criteria for diabetes 

at one or more follow-up visits. Using this definition, 1155 incident cases were identified 

among the participants in the sampling frame. A total of 563 incident cases were 

ascertained at the first follow-up exam (Visit 2), 320 were ascertained at the second 

follow-up exam (Visit 3), and 272 were ascertained at the third follow-up exam (Visit 4). 

Of all incident cases, 9% were first ascertained by self-reported physician diagnosis only, 
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<1% by use of anti-diabetes medications only, 78% by glucose values only, and 13% by 

two or more of these criteria. Due to budget constraints, all eligible diabetes cases were 

not selected for the case-cohort design. Instead, a stratified random sample of cases 

(n=552) was selected with over-sampling of African-Americans. Sampling fractions were 

72% and 39% respectively, for African-American and white cases. 

A sub-cohort was selected from all eligible cohort members (after applying the 

exclusions mentioned above) to serve as the comparison group.  Selection was random 

and stratified by race, with over-sampling of African-Americans. Sampling fractions 

were 15% and 5%, respectively, of African-American and white members of the eligible 

cohort resulting in N=543 controls.   The total sample size is N=1095.   

We did not use the case-cohort study design for our analysis, as Cox proportional 

hazards regression does not calculate a measure of the AUC.  The macro we used to 

calculate the AUC for the total cohort incorporates time using Cox proportional hazards 

regression; however, it does not accommodate the sample weights used to create the case-

cohort group.  Thus, we chose to use a case-control study design.  In order to create a 

case-control analysis, we excluded incident diabetes cases who were independently 

selected for the cohort random sample but not the case sample (N=23).  Thus, the final 

sample size was N=1072, with 543 controls and 529 cases.   

Phenotypic Measurements 

Total Cohort and Case-Cohort 

As previously mentioned, ARIC cohort members completed four clinic 

examinations, conducted three years apart.  Prevalent diabetes at baseline was defined as 

a non-fasting glucose ≥200 mg/dl, a fasting glucose ≥140 mg/dl, a positive history of 
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diabetes, or the current use of diabetes medications.  Parental history of type 2 diabetes 

was defined as a report of diabetes in either parent.   Subjects were asked to fast for 12 

hours prior to the clinical examination. Anthropometric measurements were taken with 

participants dressed in scrub suits without shoes.  Technicians measured waist girth at the 

umbilical level. Blood pressure was measured three times with the subject in the sitting 

position after five minutes of rest using a random-zero sphygmomanometer, and the last 

two measurements were averaged.    

After informed consent, blood was drawn from the antecubital vein of seated 

participants.  Specimens were collected into vacuum tubes containing silicon (insulin and 

glucose) and EDTA (lipids).  Blood samples were transported to the Central Clinical 

Chemistry Lipid Laboratory in Houston, Texas where the tubes were centrifuged at 3000 

g for 10 minutes at 4  C.  After separation, aliquots were quickly frozen at -70  C.   Fasting 

serum glucose was measured using a hexokinase/glucose-6-phosphate dehydrogenase 

method.  Triglycerides were measured using an enzymatic method and high-density 

lipoprotein cholesterol (HDL-C) was measured enzymatically after dextran sulfate-Mg
2+

 

precipitation of other lipoproteins.  

 In addition to three follow-up visits, the cohort was followed-up by annual phone 

interviews, and search of death certificates and hospitalizations, done in conjunction with 

community surveillance.  

Total Cohort Novel Biomarkers 

White blood cell counts were determined by Coulter counters and hematocrit 

levels were calculated from the measurement of red blood cells and either the calculated 

erythrocyte mean cell volume (Coulter counter; Coulter Diagnostics, Hialeah, Fla) or 
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pattern of light scattering (Hemalog H-6000; Technicon Corporation, Tarrytown, NY).  

Total proteins were measured using the DART total protein reagent (Coulter no. 

7546061; Coulter Diagnostics) that incorporates a modified Gornall method (Gornall et 

al. 1949).  Whole blood viscosity was measured using the following formula: 

Whole blood viscosity (208 seconds
-1

) 

= [0.12*h] + [0.17*(p-2.07)] 

where h is hematocrit (%) and p is plasma protein concentration (g/dL).  Activated partial 

thromboplastin time (aPTT) was measured on an automated coagulometer (Coag-A-Mate 

X-2, General Diagnostics; rabbit brain phospholipid reagent, General Diagnostics).  

Fibrinogen was measured by the thrombin time titration method; von Willenbrand factor 

antigen by enzyme-linked immunosorbent assay (American Bioproducts Co.); albumin 

by Coulter‘s bromcresol green colorimetric assay; factor VIII coagulant activity by a one-

stage assay using factor VIII-deficient plasma.   

 Electrocardiograms (ECGs) were recorded at baseline using MAC PC-DT 

electrocardiographs (Marquette Electronics, Milwaukee, WI).  Heart rate was generated 

based on the 10-s digital rhythm strip, whereby it was calculated as the mean heart rate 

across all 12 leads (beats/min) and was derived for the RR-interval record (heart rate = 

1/RR interval length, in milliseconds).  The standard deviation of all normal RR intervals 

(SDNN) was used as the measure of heart rate variability.   

Spirometry was performed at the baseline examination using a water-sealed 

Collin Survey II volume displacement spirometer (Warren E Collins, Braintree, 

Massachusetts).    Measures of FEV1 and FVC were performed based upon 

recommendations from the Epidemiology Standardization Project and the American 
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Thoracic Society.  Serum magnesium was measured using the Ginder and Heath 

technique and the metallochromic dye Calmagite (Gindler and Heth, 1971).   Finally, hip 

circumference was measured at the maximal protrusion of the gluteal region and serum 

magnesium and leg length were estimated as standing height minus trunk height, which 

was calculated as seated height minus the height of the stool.    

Case-Control Novel Biomarkers 

 High molecular weight adiponectin (HMW) and total adiponectin were measured 

at a central laboratory by a sandwich ELISA (American Laboratory Products Company, 

Salem, NH).  Leptin was measured by a direct sandwich ELISA (Linco Research, St 

Charles, MI).  Ferritin levels were measured on a Hitachi autoanalyzer using an 

immunoturbidimetric assay (Roche Diagnostics, Indianapolis, Indiana).   Free fatty acids 

were measured on an autoanalyzer using an enzymatic colorimetric method (Wako 

Chemical, Richmond, VA.  Oxidized LDL levels were measured by a sandwich ELISA 

using monoclonal capture antibody mAb-4E6
6 

(Mercodia AB, Uppsala, Sweden) and 

averaged.  Plasma lactate was measured using an enzymatic reaction to convert lactate to 

pyruvate using an auto-analyzer.  ICAM1 was determined using an ELISA (R&D 

Systems Europe LTD).   

IL-6 levels were measured by high-sensitivity enzyme-linked immunosorbent 

assay (ELISA; R&D Systems, Minneapolis, MN); sialic acid by enzymatic determination 

using a colorimetric assay (Roche Diagnostics, Indianapolis, IN); orosomucoid utilizing 

an immunoturbidimetric technique (Kamiya Biomedical, Seattle, WA); and high 

sensitivity CRP was assessed by the
 
immunoturbidimetric CRP-Latex (II) hs assay from 

Denka Seiken
 
using an auto-analyzer (Denka-Seiken, Tokyo, Japan).  Each of these 
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analytes (except for sialic acid) were measured in duplicate with the mean of the 

duplicates taken as the value for that sample.  

Gamma-glutamyltransferase (GGT) and alanine aminotransferase (ALT) were 

measured using assays from Roche Diagnostics (Roche Diagnostics/Boehringer 

Mannheim Corp., Indianapolis, IN).  Complement C3 was assayed using an 

immunoturibidimetric assay (Equal Diagnostics, Inc., Exton, PA).  RBP4, ADMA, 

fetuin-A, IL-18,  were determined by a commercially available ELISA kits (ALPCO 

Diagnostics, Salem, NH; Epitope Diagnostics, Inc., San Diego, CA; Medical & 

Biological Laboratories Co., LTD., Nagoya, Japan, respectively).   

Genotyping and QC description 

In the ARIC Study, a genome-wide scan was conducted at the Broad Institute of 

MIT and Harvard with the Affymetrix Genome-Wide Human SNP Array 6.0 in 15,020 

samples (10,898 Whites, 3,809 African Americans, 313 ARIC blind duplicates).  Of the 

15,020 scans, 1,577 were removed (by the Broad Institute) for not yielding genotyping 

calls or passing genotyping quality control (QC).  A total of 910,060 SNPs were 

attempted, 841,820 were received and 2772 Affymetrix laboratory QC SNPs were 

removed, leaving 839,048.  Additional QC at the SNP level generated a list of 660 SNPs 

to be marked for exclusion due to no chromosome location, monomorphic in Caucasians 

and African-Americans, or call rate <95%. Hardy-Weinberg equilibrium analyses were 

performed by race and 6,359 autosomal SNPs in African-Americans and 9,740 autosomal 

SNPs in Caucasians with minor allele frequencies > 0.05 and HWE-p < 10
-6 

were also 

marked for exclusion.  At the individual level, scans for subjects not consenting to DNA 

use, ARIC blind duplicates, scans from one problem plate, unintentional duplicates with 
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higher missing genotype rates, and suspected mixed/contaminated samples were deleted 

leaving 12,950 individuals (9,743 Caucasians and 3,207 African Americans) from the 

13,443 scans received. Subjects who met the following criteria were further excluded: 

discordant between phenotypic sex and X-chromosome analysis, genotype mismatch with 

39 previously genotyped SNPs, genetic outliers based on average Identity by State (IBS) 

statistics and principal components analysis using EIGENSTRAT (Price et al. 2006), and 

suspected first‐degree relative of an included individual based on the genome-wide SNP 

data.  This resulted in exclusion of 423 individuals (398 Caucasians and 25 African 

Americans). The final population with SNP data comprised 9,345 Caucasians and 3,182 

African Americans.  In addition, imputation to approximately 2.5 million autosomal 

SNPs identified in HapMap Phase II CEU samples was performed using MACH v1.0.16 

(Li and Abecasis 2006).  SNPs that met the following criteria were included in the 

imputation: MAF ≥ 1%, call rate ≥ 95%, and HWE-p ≥ 10
-5

. After the filtering, 669,450 

SNPs (79.5%) were used in the imputation.  Imputation results were summarized as an 

―allele dosage‖ defined as the expected number of copies of the minor allele at that SNP 

for each genotype. 

Statistical Methods 

Total Cohort  

Baseline characteristics of the study population were examined by incident diabetes 

status and shown as means ±standard deviation or N (%) and compared by t- or chi-

square tests.  For prediction analyses we started with a simple or basic prediction model, 

previously validated in ARIC, that includes age, a parental history of diabetes, 

race/ethnicity, fasting glucose, triglycerides, systolic blood pressure, high density 
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lipoprotein cholesterol, height, and waist circumference (Schmidt et al. 2005).    The 

expanded model for the full cohort considered the following measures obtained at visit 1 

and reported to be associated with incident diabetes in previous ARIC publications: 

 White blood cell count (WBC) 

 Fibrinogen 

 Albumin 

 von Willebrand factor antigen (vWF)  

 Activated partial thromboplastin time (aPTT) 

 Factor VIII coagulant activity 

 Serum magnesium  

 Forced vital capacity (FVC)  

 Forced expiratory volume in 1 second (FEV1) 

 Total blood viscosity 

 Hematocrit level  

 Leg length 

 Hip circumference  

 Heart rate 

 Low frequency power heart rate variability 

 Genetic risk score that includes variants from the following 30 genes:  

NOTCH2 (rs10923931), THADA (rs7578597), BCL11A (rs243021), PPARG 

(rs1801282), ADAMTS9 (rs6795735), IGF2BP2 (rs1470579), WFS1 

(rs10010131), ZBED3 (rs4457053), CDKAL1 (rs10440833), JAZF1 (rs849134), 

KLF14 (rs972283), TP53INP1 (rs13266634), SLC30A8 (rs13266634), CHCHD9 

(rs13292136), CDKN2A/B (rs10811661) , CDC123/CAMKID (rs12779790), 

HHEX/IDE (rs5015480), TCF7L2 (rs7903146), KCNQ1 (rs231362 ), KCNJ11 

(rs5215) , CENTD2 (rs1552224), HMGA2 (rs1531343), TSPAN8/LGR5 

(rs7961581), HNF1A (rs7957197), ZFAND6 (rs11634397), PRC1 (rs8042680), 

FTO (rs9939609), HNF1B (rs75210),MTNRB1 ( rs1387153), and IRS1 

(rs7578326) 

 

The genetic risk score was created by adding together the number of genotyped or 

imputed risk alleles of the 30 genes, thus assuming an additive model of inheritance.   

The selection of genetic variants was based on a recent large-scale association analysis of 

European-Americans that combined genome-wide association data from multiple studies 

to identify genetic variants associated with type 2 diabetes (Voight et al. 2010).  The risk 

alleles modeled were those used in the Voight et al. paper, which indexed alleles to the 
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forward strand of NCBI Build 36 (Voight et al. 2010).  Because most of the variants were 

discovered and validated in Caucasian populations, the genetic risk score was created 

only for Caucasian study participants.   

For the total cohort, we used Cox proportional hazards regression models, with 

incident diabetes as the outcome, to calculate the C statistic for each individual risk 

factor.   We defined incident diabetes as the following at any of the follow-up visits:  1) a 

reported physician diagnosis; 2) use of anti-diabetes medications; 3) a fasting (≥8 h) 

glucose ≥126 mg/dl; or 4) a non-fasting glucose of ≥200 mg/dl.  The date of diabetes 

incidence was estimated by linear interpolation using glucose values at the ascertaining 

visit and the previous one (Duncan et al. 2003).   We constructed models using a forward 

selection methodology, whereby we added each novel risk factor to the Schmidt et al. risk 

prediction model.  C statistics were compared between the baseline Schmidt et al. model 

and the model with the novel risk factor and if the variable produced an incremental 

change of at least 0.005, it was included in the final model.   

We used the macro derived by Chambless et al. to calculate the area under the 

curve (AUC), net reclassification index (NRI), and integrated discrimination index (IDI) 

for our risk prediction models (Chambless et al. 2011).  The C statistics are typically used 

to measure the ability of survival models to predict risk; however, the estimation of these 

parameters is complicated by the fact that they are time-dependent and censoring affects 

the estimation of their values (Chambless and Diao 2006).  Because Harrell‘s C statistic 

does not consider time in its estimation it is not an accurate reflection of the area under 

the curve; therefore, we used the Chambless et al. statistic, which does incorporate a time 
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component, to measure the discriminatory abilities of our models.  The C statistic can 

range from 0.5 (prediction occurs by chance) to 1.0 (perfect discrimination).   

The NRI statistic and the IDI statistic were also calculated to evaluate the overall 

improvement in risk classification, or calibration of our models, with the addition of 

novel risk factors.  Pencina‘s net reclassification improvement reflects improvement in 

both cases and controls as follows:  NRI = [Pr(up|cases) – Pr(down|cases)] + 

[Pr(down|controls) – Pr(up|controls)] = relative improvement for cases + relative 

improvement controls (Pencina et al. 2008).  In this analysis we presented NRI according 

to the a priori risk categories of absolute risk of incident type 2 diabetes as 5% and 20% 

risk, which is based upon a previous analysis in the FinRisk 97 study that had a follow-up 

time (10 years) that was similar to ARIC (9 years) (Salomaa et al. 2010).  Thus, the 

improvement in reclassification is the sum of differences in proportions of individuals 

moving up minus the proportion moving down for people who develop an event, and the 

proportion moving down versus those that move upward for those who do not develop an 

event (Pencina et al. 2008).   

The IDI is the difference in Yates, or discrimination, slopes between 2 models, in 

which the Yates slope is the mean difference in predicted probabilities between cases and 

controls and is defined as follows, IDI = (ave pcases − ave pcontrols) new model − (ave pcases − 

ave pcontrols) old model where p is the predicted probability. The terms in parentheses are the 

Yates slopes for the 2 models and we would like the cases to have a higher average 

probability than the control participants. The difference in slopes is a measure of 

improvement in the model and the integrated discrimination improvement can also be 

thought of as a percentage of variance explained (Cook and Ridker 2009).  Neither the 
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net-reclassification-improvement statistic nor the integrated-discrimination-improvement 

statistics consider time to event in their calculations. All analyses were conducted using 

SAS version 9.2 (SAS Institute, Cary, NC).    

 We excluded 2,018 individuals who had prevalent diabetes at baseline, 95 

individuals from underrepresented minority groups, 314 individuals with missing 

information on the risk factors included in the Schmidt et al. risk model, 267 individuals 

who did not fast for at least eight hours, and 821 individuals who had no follow-up time 

data to ascertain diabetes, thus leaving 12,277 individuals for the analysis.   

Case-Control Study 

We started with a simple prediction model, previously validated in ARIC, that 

includes parental history of diabetes, hypertension, race/ethnicity, age, fasting glucose, 

triglycerides, systolic blood pressure, use of anti-hypertensive medications, height, high 

density lipoprotein cholesterol, and waist circumference (Schmidt et al. 2005).    The 

expanded model for the case control sub-sample considered the following novel measures 

obtained from visit 1 samples:  

 Total adiponectin 

 High molecular weight adiponectin 

 Leptin 

 Gamma-glutamyl transpeptidase (GGT) 

 Alanine aminotransferase (ALT) 

 Fetuin A 

 Ferritin 

 C-reactive protein (CRP) 

 Intercellular adhesion molecule 1 (ICAM-1) 

 Orosomucoid 

 Sialic acid  

 Interleukin 6 

 Interleukin 18  

 Complement C3  

 Asymmetric dimethylarginine (ADMA) 
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 Retinol binding protein 4 (RBP-4) 

 Free fatty acids 

 Oxidized LDL 

 Lactate 

 

For the case-control analysis, we used logistic regression models, with incident 

diabetes as the outcome, to calculate the C statistics for each individual risk factor.  

Incident diabetes was defined and estimated as it was in the total cohort.  We constructed 

models using a forward selection methodology, whereby we added each novel risk factor 

to the Schmidt et al. risk prediction model.  C statistics were compared between the 

baseline Schmidt et al. model and the model with the novel risk factor and if the variable 

produced an incremental change of at least 0.005, it was included in the final model.  

Akaike's information criterion (AIC) fit statistic was used to select between models.  The 

best fitting model fitting model has the lowest AIC values.  To keep the models as simple 

as possible we chose not to include statistical interaction terms.  We used the nriidi macro 

derived by Sundstrom et al. to calculate the NRI and IDI and associated p-values 

(Sundstrom et al. 2011).   

 As aforementioned, in order to create a case-control analysis, we excluded 

incident diabetes cases who were independently selected for the cohort random sample 

but not the case sample (N=23).   We also excluded 24 individuals who had missing 

information the risk factors included in the Schmidt et al. risk model, leaving us with 

1048 individuals for analysis.   
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D5. Results 

Total Cohort 

 There were 1457 (11.9%) incident cases of diabetes over an average of 7.6 years 

of follow-up.   Unadjusted baseline characteristics of the diabetes and non-diabetes 

groups for the total cohort are summarized in Table D5.1.  Individuals with incident 

diabetes were more likely to have a parental history of diabetes, be African American, 

have a higher systolic blood pressure, higher mean waist circumference, greater mean 

height, higher levels of triglycerides and glucose, and lower levels of high density 

lipoprotein cholesterol (HDL-C).  In terms of novel risk factors, individuals with incident 

type 2 diabetes had statistically significantly different levels of all novel risk factors 

except albumin and low frequency power heart rate variability when compared to those 

without incident type 2 diabetes.   

 Table D5.2 compares the characteristics of the 12,277 subjects analyzed to 

those 1,402 individuals excluded from analysis because of missing risk factors, non-

fasting, or no follow-up data.  Those excluded were on average older, more likely to be 

African American, and have higher systolic blood pressures, in addition to a number of 

statistically significantly different novel risk factors.   Differences in the included and 

excluded subjects were noted in the Schmidt et al. paper; however, the authors had no 

reason to believe that risk prediction would vary in those two groups.     

 Multivariate-adjusted hazard rate ratios for the variables included in the Schmidt 

et al. risk model are shown in Table D5.3.  As expected, the hazard rate ratio of diabetes 

was higher for older participants, those with a parental history of type 2 diabetes, African 

Americans compared to whites, and participants with higher measurements of systolic 
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blood pressure, waist girth, triglycerides, and glucose.  The hazard rate ratio of diabetes 

was lower for those with greater height and higher HDL-C.  Table D5.4 shows the 

correlations between novel and traditional risk factors.  All of the novel risk factors 

except for the gene score were significantly correlated with at least three of the six 

traditional risk factors and the majority of novel risk factors are significantly correlated 

with ≥5 traditional risk factors.  The gene score was only correlated with the baseline 

glucose measurement.      

 The basic model, which included the aforementioned risk factors from the 

Schmidt et al. analysis, had an AUC of 0.8411, as seen in Figure D5.1.  There were no 

novel risk factors that improved the area under the curve of the basic model by an 

increment of at least 0.005 (Figure D5.2).  All the novel risk factors, with the exception 

of FEV1, did not have statistically significant NRI‘s (Table D5.5).   The NRI when 

adding FEV1 to the basic model was 0.54% (95% CI: 0.33-0.86%).  Finally, the addition 

of white blood cell count, albumin, activated partial thromboplastin time (aPTT), factor 

VIII, magnesium, hip circumference, heart rate, and the genetic risk score did statistically 

significantly increase the IDI.      

Case-Control Study 

 Baseline characteristics of incident diabetes cases and controls in the case-control 

subsample are summarized in Table D5.6.  Individuals with incident diabetes were more 

likely to be older, on average, have a parental history of diabetes, a higher systolic blood 

pressure, greater waist girth, higher levels of triglycerides and glucose, and lower levels 

of HDL-C.  Likewise, all novel risk factors were statistically significantly different 

between cases and controls.  Table D5.7 shows that all of the novel risk factors were 
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significantly correlated with at least two of the traditional risk factors and the majority of 

novel risk factors were significantly correlated with ≥3 traditional risk factors.   

 The basic model, which included the aforementioned risk factors from the 

Schmidt et al. analysis, had an AUC of 0.8607, as seen in Figure D5.3.  Figure D5.4 

shows that none of the novel risk factors improved the C statistic by at least 0.005.  In 

terms of model fit, the addition of inter-cellular adhesion molecule 1 had the greatest 

improvement as it came closest to achieving the 0.005 increment of change in the AUC 

(Table D5.8).   None of the risk factors exhibited a statistically significant NRI.   

Asymmetric dimethylarginine (ADMA), interleukin 18, gamma glutamyltransferase 

(GGT), and lactate exhibited no movement between risk categories and therefore an NRI 

calculation was not made.  Adiponectin, leptin, gamma glutamyltransferase (GGT), 

ferritin, inter-cellular adhesion molecule 1, and complement C3 had statistically 

significantly improved IDIs.   

 

D6. Discussion 

None of the novel risk factors significantly improved the AUC in the total cohort 

or case-control analyses.  However, FEV1did significantly, albeit modestly, improve the 

NRI in the total cohort.  None of the risk factors statistically significantly improved the 

NRI in the case-control study; however, the addition of adiponectin, leptin, GGT, ferritin, 

inter-cellular adhesion molecule 1, and complement C3 did statistically significantly but 

moderately improve the IDI.   Likewise, in the total cohort the novel risk factors white 

blood cell count, albumin, activated partial thromboplastin time (aPTT), factor VIII, 

magnesium, hip circumference, heart rate, and the genetic risk score exhibited significant 
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but modest improvements in IDI.  These results indicate that of these novel measures of 

adipose derived molecules, nutrients, liver function, blood flow, endothelial dysfunction, 

and inflammation, only FEV1is helpful for type 2 diabetes risk stratification in the ARIC 

cohort study.  However, several novel risk factors did modestly improve the IDI, which 

means that the difference in average predicted probabilities between individuals with type 

2 diabetes and those without  increased when these risk factors were added to the basic 

model (Cook and Ridker, 2009).      

In the analysis conducted by Schmidt et al., the AUC for the basic model was 0.80 

(95% CI: 0.78-0.82).   This basic model exhibited a larger AUC of 0.84 (95% CI: 0.83-

0.85) in our analysis.  This could be the result of differing sample sizes resulting from 

different exclusion criteria.  The total sample using this analysis was 12,277, whereas the 

total sample size was N=7,915 in the Schmidt et al. analysis (Schmidt et al. 2005).   

Schmidt et al. had additional exclusions for risk predictors (beyond those in the final 

model) that were missing at baseline, individuals with temporally inconsistent reporting 

of a diagnosis of diabetes, and individuals with incomplete information at the end of the 

study to ascertain diabetes (Schmidt et al. 2005).   

Despite the fact that many of the novel risk factors are independent risk factors for 

diabetes in the total cohort, none of these risk factors appeared to provide additional 

value to type 2 diabetes risk prediction.  Previous studies that have incorporated one or 

more novel risk factors into a risk prediction model have been limited and while these 

analyses may have found increased areas under the curve with the inclusion of novel risk 

factors they are also often single studies in very specific populations (Bindraban et al. 

2008; Sun et al. 2009; Chien et al. 2009).   Our own study failed to replicate the 
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contributions of white blood cell count, heart rate, or alanine transaminase to the 

improvement in the AUC, as found in the aforementioned studies (Bindraban et al. 2008; 

Sun et al. 2009; Chien et al. 2009).  It is important to note that while novel risk factors 

may be associated with type 2 diabetes, it does not mean they will contribute to risk 

prediction, as these are separate issues of etiology and prediction (Sattar et al. 2008).  All 

of the novel risk factors modeled in the total cohort and case-control analyses were 

significantly associated with type 2 diabetes in ARIC; however, none of them 

significantly contributed to improved risk prediction when C statistics were calculated 

with and without the novel risk factors.   

It is difficult to improve upon existing risk factors for type 2 diabetes, such as 

obesity and glycemia, which have AUCs ranging from 0.66 to 0.77 when a single 

measurement of obesity or glycemia in a risk model.   When obesity and glycemia 

measures are combined with readily available clinical variables, such as those found in 

the Schmidt et al. model, the AUC increases greatly, making it difficult to improve the 

risk prediction (Sattar et al. 2008).  Furthermore, the correlation between novel risk 

factors and traditional risk factors must be considered, as correlated risk factors provide 

less independent information about diabetes risk.  For example, adipose-derived 

molecules correlate with adipose tissue mass, e.g. adiponectin concentrations decline 

with increasing obesity.  Liver enzymes, such as gamma glutamyltransferase (GGT) and 

alanine transaminase (ALT) are also correlated with measures of adiposity.   Thus, while 

these novel biomarkers may be useful in elucidating pathogenesis, they may not 

individually improve a risk prediction model due to their correlations with existing risk 

factors such as measures of obesity (Sattar et al. 2008).  We found this to be true in our 
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own analysis, as many statistically significant correlations existed between traditional 

risk factors and novel risk factors in both the total cohort and the case-control analysis.   

Recent advances in the identification of a number of genetic variants associated 

with type 2 diabetes have generated interest in the clinical utility of combining the loci 

associated with type 2 diabetes into a genetic risk score, which could be used for risk 

prediction.   Thus far, the use of genetic risk scores in type 2 diabetes risk prediction 

models prior to this analysis has been limited, often involved a smaller number of genetic 

variants, and yielded varied results.  Lyssenko et al. found that the addition of 16 genetic 

variants slightly improved the prediction of future diabetes; however, the magnitude of 

the increase was significant (p=1.0x10
-4

), and the discriminative power of the genetic risk 

factors improved with increasing duration of follow-up (Lyssenko et al. 2008).   

Likewise, Fontaine-Bisson et al. found that the addition of 73 SNPs associated with type 

2 diabetes, fasting glucose/insulin concentrations and obesity or lipid levels yielded a 

significant improvement in discriminative power compared to the null model (p<1.0x10
-

20
) (Fontaine-Bisson et al. 2010).   

By contrast, Meigs et al. found that the addition of a genotype score based upon 

18 genetic variants barely moved the C statistic from 0.900 to 0.901 and the magnitude 

was not significant (P=0.49) (Meigs et al. 2008).   Likewise, van Hoek et al, Lango et al., 

Lin et al., Sparso et al., and Talmud et al. also found that the addition of SNPs added little 

to the predictive model after controlling for common type 2 diabetes risk factors (18; 18; 

15; 19; 20 SNPs, respectively) (van Hoek et al. 2008; Lango et al. 2008; Lin et al. 2009; 

Sparso et al. 2009; Talmud et al. 2010).  Nor did Talmud et al. find that the addition of a 
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genotype score resulted in a statistically significant net reclassification improvement 

(NRI=5%, p=0.2).   

Finally, de Miguel-Yanes et al. evaluated model discrimination using both C-

statistics and net reclassification improvement.   The C-statistics associated with a risk 

score based upon 40 SNPs did not significantly improve model discrimination for 

individuals <50 years of age or individuals ≥50 years of age, and the addition of a genetic 

risk score to risk models did not significantly improve the NRI for individuals ≥50 years 

of age; however, it did significantly improve the NRI for subjects that were <50 years of 

age.  Alternatively, net risk reclassification was much lower in individuals ≥50 years of 

age and not statistically significantly.  Specifically, 10.2% of individuals <50 years of age 

were significantly reclassified (p=0.001), whereas in subjects ≥50 years of age the NRI 

was 0.4% and it was not statistically significant (p=0.7) (de Miguel-Yanes et al. 2011).   

Our own analysis did not find a statistically significant contribution to the AUC or 

NRI with the addition of a genetic risk score; however, it did moderately improve the 

IDI.   The incorporation of a genetic risk score into future type 2 diabetes risk prediction 

models could be very useful, once an ideal set of variants is identified, as genes are not 

prone to the biological variability and measurement error that often accompanies other 

risk factors.  Further, the genotype does not change over one‘s lifetime and this offers 

opportunities for earlier screening and identification of individuals at risk (Talmud et al. 

2010).   de Miguel-Yanes et al. found that the incorporation of a genetic score into a risk 

model was actually more beneficial in younger subjects (de Miguel-Yanes et al. 2011).  

Identifying individuals at risk earlier in the disease process will allow for interventions 
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that can either reverse the course of the disease or control its accompanying risk factors 

such as dyslipidemia and hypertension.   

Finally, it is important to note that for the total cohort and the case-control 

analyses, the risk factors that are statistically significantly contributing to risk prediction 

varies according to what statistical measure is being considered, as the NRI and IDI are 

distinct statistical measures.  The NRI was developed as a measure of change in clinical 

categories and is also a measure of discrimination (Cook et al. 2008).  A significant NRI, 

which quantifies the increases in proportions of individuals falling into low and high risk 

categories with the addition of a new predictor to a risk model, was limited to a modest 

NRI of 0.54% (95% CI: 0.33-0.86%) with the addition of FEV1to the total cohort basic 

model.   The IDI has been shown to be the equivalent to the change in an R
2
 measure 

representing percent of variance explained in terms of probabilities, making it 

asymptotically equivalent to a test of significance (Pepe et al. 2008).  A number of novel 

risk factors in both the total cohort and case-control analyses had statistically significant 

IDIs; however, critics argue that it is unclear whether a significant IDI indicates that the 

novel risk factor in the model is clinically useful (Pepe et al. 2008).   In our models, the 

IDI and NRI improvements were so small it is unlikely that the addition of the risk 

factors, despite statistical significance, would be useful for clinical discrimination.   

One limitation to this study is the use of a single baseline value for the novel risk 

factors, which does not capture the variation in levels over time for risk factors.  Another 

limitation is the inclusion of only 30 SNPs in the gene score, which account for only a 

small fraction of the heritability of type 2 diabetes (Manolio et al. 2009).  Finally, there 

were 16 novel risk factors modeled in the total cohort and 19 modeled in the case-cohort 
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analysis, resulting in multiple testing that may yield false positives.  The central strength 

of this analysis was the existence of this large, population-based cohort of white and 

African American men and women with follow-up data.   Further, there were 

standardized data collection methods for both predictors and type 2 diabetes outcomes.  

Also, cross-sectional studies often have different ascertainment of risk factors and 

outcomes for cases and controls; however, in prospective analyses all subjects have been 

measured and followed up in the same way (Lyssenko et al. 2008).      

 In conclusion, our modeling indicates that no novel risk factor contributed 

significantly to risk prediction, as measured by the AUC.  There was modest 

reclassification with the addition of FEV1in the total cohort and a small improvement in 

IDI with the addition of white blood cell count, aPTT, albumin, factor VIII, magnesium, 

hip circumference, heart rate, and the genetic risk score in the total cohort.  In the case-

cohort analysis there was no significant NRI, but the addition of adiponectin, leptin, 

GGT, ferritin, ICAM-1, and complement C3 to models significantly improved the IDI.  

However, these measurements are modest and unlikely to contribute to clinical risk 

reclassification or discrimination.  Further study by prospective, population-based cohort 

studies is needed to confirm the generalizability of these findings.   
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Table D5.1 Baseline characteristics (mean or percentage) of the total ARIC cohort by 

incident diabetes status 

 
 

 *Gene score was available only in Caucasian participants 

 

 

 

 
 

 

 

 

 

 

  

Diabetes 

(N=1457) 

No 

Diabetes 

(N=10820) p-value 

Traditional Risk Factors 

Age (years) 54.1 53.9 0.30 

Parental history of diabetes (%) 33.9 21.3 <0.0001 

Race (African American) (%) 32.3 20.1 <0.0001 

Systolic blood pressure (mm/Hg) 125.5 118.8 <0.0001 

Waist circumference (cm) 104.6 94.5 <0.0001 

Height (cm) 169.1 168.4 0.006 

Triglycerides (mg/dl) 155.1 120.5 <0.0001 

High density lipoprotein cholesterol (mg/dl) 45.8 53.4 <0.0001 

Glucose (mg/dl) 108.1 97.3 <0.0001 

Novel Risk Factors 

White blood cell count (1000/mm
3
) 6.4 6.0 <0.0001 

Fibrinogen (mg/dl) 310.0 296.7 <0.0001 

Albumin (g/dl) 3.9 3.8 0.22 

von Willebrand factor (%) 120.3 113.5 <0.0001 

Activated partial thromboblastin time (s) 29.0 29.3 <0.0001 

Factor VIII (%) 135.1 126.1 <0.0001 

Magnesium (mg/dl) 1.63 1.65 <0.0001 

Forced expiratory volume in 1 second (l) 2.8 2.9 <0.0001 

Forced vital capacity (l) 3.7 3.9 <0.0001 

Hematocrit (%) 42.4 41.5 <0.0001 

Heart rate (bpm) 67.0 65.4 <0.0001 

Low frequency power heart rate variability (ms) 23.9 23.4 0.34 

Leg length (cm) 80.1 79.6 0.0005 

Hip girth (cm) 109.0 103.3 <0.0001 

Blood viscosity (centipoise) 6.0 5.9 0.001 

Gene score (number of risk alleles)* 31.4 30.9 <0.0001 
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Table D5.2 Baseline characteristics (mean or percentage) of excluded ARIC subjects and 

those included in the analysis 

 

  

Analysis 

(N=12277) 

Excluded 

(N=1402) p-value 

Traditional Risk Factors 

Age (years) 53.9 54.3 0.04 

Parental history of diabetes (%) 22.8 21.9 0.48 

Race (African American) (%) 21.6 44.7 <0.0001 

Systolic blood pressure (mm/Hg) 119.6 124.8 <0.0001 

Waist circumference (cm) 95.7 96.2 0.21 

Height (cm) 168.5 168.8 0.33 

Triglycerides (mg/dl) 124.6 123.6 0.68 

High density lipoprotein cholesterol (mg/dl) 52.5 52.6 0.89 

Glucose (mg/dl) 98.6 98.8 0.53 

Novel Risk Factors 

White blood cell count (1000/mm
3
) 6.0 6.4 <0.0001 

Fibrinogen (mg/dl) 298.2 318.9 <0.0001 

Albumin (g/dl) 3.9 3.8 <0.0001 

von Willebrand factor (%) 114.3 124.4 <0.0001 

Activated partial thromboblastin time (s) 29.2 29.3 0.87 

Factor VIII (%) 127.2 135.2 <0.0001 

Magnesium (mg/dl) 1.65 1.63 <0.0001 

Forced expiratory volume in 1 second (l) 2.9 2.6 <0.0001 

Forced vital capacity (l) 3.9 3.6 <0.0001 

Hematocrit (%) 41.6 41.7 0.70 

Heart rate (bpm) 65.6 66.7 0.0003 

Low frequency power heart rate variability (ms) 23.9 23.6 0.68 

Leg length (cm) 79.7 80.8 <0.001 

Hip girth (cm) 104.0 103.7 0.38 

Blood viscosity (centipoise) 5.87 5.90 0.10 

Gene score (number of risk alleles)* 31.0 30.9 0.84 

*Gene score was available only in Caucasian participants 
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Table D5.3 Multivariable adjusted hazard rate ratios of diabetes for the risk factors in the 

Schmidt et al. model   

 

  HR 95% CI p-value 

Age  0.95 0.90, 1.00 0.04 

Parental history of diabetes 1.53 1.37, 1.71 0.009 

Race (African American) 1.87 1.66, 2.10 <0.0001 

Systolic blood pressure  1.10 1.04, 1.15 <0.0001 

Waist girth  1.43 1.36, 1.50 <0.0001 

Height 0.86 0.82, 0.91 <0.0001 

Triglycerides  1.11 1.07, 1.16 <0.0001 

High density lipoprotein cholesterol  0.77 0.71, 0.83 <0.0001 

Glucose  2.69 2.55, 2.84 <0.0001 

*Hazard ratios are per 1 standard deviation for continuous variables (Age 5.7 years; Systolic blood pressure 

17.7 mm/Hg; Waist 13.3 cm; Height 9.3 cm; Triglycerides 76.9 mg/dl; HDL-C 17.1 mg/dl; Glucose 9.2 

mg/dl) 
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Table D5.4 Pearson correlation coefficients between traditional and novel risk factors in the total cohort 

 
 Age Systolic 

blood 

pressure 

Waist 

girth  

Height Triglycerides 

 

High density 

lipoprotein 

cholesterol 

Glucose 

 

White blood cell count  -0.009 0.01 0.12* 0.02 0.19 -0.20 0.06 

Fibrinogen  0.10 0.10 0.20 -0.09 0.02 -0.12 0.05 

Albumin  -0.06 0.03 -0.10 0.13 0.08 -0.01 0.10 

von Willebrand factor 0.15 0.07 0.13 -0.006 0.02 -0.03 0.06 

Activated partial thromboblastin time  -0.06 -0.05 -0.05 0.09 -0.04 -0.10 -0.07 

Factor VIII  0.12 0.10 0.12 -0.07 0.02 0.004 0.09 

Magnesium  0.02 -0.09 -0.05 0.02 -0.07 -0.02 -0.003 

Forced expiratory volume in 1 second -0.24 -0.11 0.08 0.66 0.03 -0.23 0.06 

Forced vital capacity  -0.17 -0.11 0.06 0.74 0.03 -0.25 0.07 

Hematocrit  0.08 0.08 0.22 0.47 0.20 -0.35 0.20 

Heart rate  -0.03 0.10 0.05 -0.17 0.11 0.02 0.07 

Low frequency power heart rate 

variability  -0.08 -0.06 -0.02 0.03 -0.04 -0.004 -0.02 

Leg length  0.003 0.05 0.22 0.91 0.04 -0.25 0.11 

Hip circumference  -0.06 0.17 0.79 0.06 0.09 -0.35 0.20 

Blood viscosity 0.08 0.11 0.23 0.47 0.21 -0.35 0.21 

Gene score  -0.02 -0.0004 0.005 0.006 0.01 -0.009 0.05 

*Statistically significant correlations are bolded  
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Figure D5.1 ROC Curve for the Schmidt et al. basic model in the total cohort analysis (AUC=0.8411) 
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Figure D5.2 Rank order of improvement in AUC for novel predictors in the total cohort 
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Table D5.5 Measures of risk prediction for the total cohort  

 

  N C statistic 

 

95% CI Difference NRI 

 

95% CI IDI 

 

95% CI 

Basic 12277 0.8411 (0.8316, 0.8457) 

  

 

 

 

White blood cell count  12277 0.8430 (0.8429, 0.8520) 0.0019 0.0015 (-0.0036, 0.0142) 0.0043 (0.0019, 0.0068) 

Fibrinogen  12232 0.8415 (0.8396, 0.8471) 0.0004 -0.0011 (-0.0004, 0.0048) 0.0003 (-0.0001, 0.0011) 

Albumin  12277 0.8409 (0.8318, 0.8456) -0.0002 -0.0011 (-0.0037, 0.0122) 0.0002 (0.0001, 0.0013) 

von Willebrand factor  12235 0.8415 (0.8364, 0.8450) 0.0004 0.0022 (-0.0029, 0.0035) 0.0000 (-0.0000, 0.0004) 

Activated partial thromboplastin time  12226 0.8415 (0.8413, 0.8485) 0.0004 0.0022 (-0.0016, 0.0082) 0.0001 (0.0000, 0.0011) 

Factor VIII  12229 0.8418 (0.8387, 0.8483) 0.0007 0.0016 (-0.0036, 0.0109) 0.0009 (0.0008, 0.0025) 

Magnesium  12277 0.8409 (0.8404, 0.8474) -0.0002 -0.0010 (-0.0050, 0.0011) 0.0002 (0.0000, 0.0007) 

Forced expiratory volume in 1 second 11095 0.8426 (0.8419, 0.8559) 0.0015 0.0054 (0.0033, 0.0086) 0.0001 (-0.0006, 0.0018) 

Forced vital capacity  11095 0.8427  (0.8349, 0.8451) 0.0016 0.0042 (-0.0146, 0.0081) 0.0002 (-0.0005, 0.0008) 

Hematocrit  12088 0.8414 (0.8283, 0.8560) 0.0003 0.0033 (-0.0060, 0.0039) 0.0000 (-0.0000, 0.0010) 

Heart rate  11702 0.8427 (0.8347, 0.8490) 0.0016 0.0015 (-0.0001, 0.0080) 0.0006 (0.0005, 0.0014) 

Low frequency power heart rate variability  11702 0.8424 (0.8389, 0.8450) 0.0013 -0.0017 (-0.0025, 0.0018) -0.0001 (-0.0000, 0.0001) 

Leg length  12274 0.8412 (0.8400, 0.8509) 0.0001 0.0025 (-0.0010, 0.0024) 0.0001 (-0.0001, 0.0002) 

Hip circumference  12277 0.8422 (0.8332, 0.8514) 0.0011 -0.0013 (-0.0059, 0.0072) 0.0019 (0.0009, 0.0027) 

Blood viscosity  12088 0.8413 (0.8380, 0.8449) 0.0002 0.0034 (-0.0015, 0.0108) -0.0000 (-0.0000, 0.0001) 

Gene score  6020 0.8605 (0.8549, 0.8734) 0.0012 0.0158 (-0.0011, 0.0292) 0.0011 (0.0003, 0.0054) 
1The basic model was rerun for each covariate and the difference between the basic and expanded models were calculated accordingly due to changing sample sizes 
2The 95% confidence intervals were bootstrapped  
3NRI is statistically significant for forced expiratory volume in 1 second 
4IDI is statistically significant for white blood cell count, albumin, activated partial thromboplastin time, factor VIII, magnesium, heart rate, hip circumference, and gene score
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Table D5.6 Baseline characteristics (mean or percentage) of case-control sample by 

diabetes status 

 
   

Diabetes 

(522) 

No 

Diabetes 

(526) 

 

p-value 

Traditional Risk Factors    

Age (years) 53.1 52.3 0.03 

Parental history of diabetes (%)  35.3 22.2 <0.0001 

Race (African American) (%) 47.9 41.1 0.03 

Systolic blood pressure (mm/Hg) 124.8 119.2 <0.0001 

Waist girth (cm) 105.0 94.0 <0.0001 

Height (cm)  167.8 167.3 0.39 

Triglycerides (mg/dl) 146.1 108.6 <0.0001 

High density lipoprotein 

cholesterol (mg/dl) 47.9 56.3 <0.0001 

Glucose (mg/dl) 108.1 96.7 <0.0001 

Novel Risk Factors    

Adiponectin (µg/ml) 6.9 9.3 <0.0001 

High molecular weight adiponectin 

(g/ml) 1.9 3.0 <0.0001 

Leptin (ng/ml) 26.1 19.4 <0.0001 

Gamma glutamyltransferase (u/l) 21.0 15.9 0.002 

Alanine transaminase (u/l) 14.7 12.6 0.01 

Fetuin A (g/ml) 501.5 486.5 0.009 

Ferritin (ng/ml) 202.9 144.4 <0.0001 

C-Reactive protein (mg/ml) 3.8 2.7 <0.0001 

Lactate (mg/dl) 9.4 8.3 <0.0001 

Oxidized low density lipoprotein 

(U/l) 42.7 38.9 <0.0001 

Inter-cellular adhesion molecule 1 

(ng/ml) 277.3 255.8 <0.0001 

Alpha1-acid glycoprotein (mg/dl) 94.6 86.6 <0.0001 

Sialic acid (mg/dl) 100.8 93.5 <0.0001 

Interleukin 6 (pg/ml) 3.3 2.7 0.003 

Interleukin 18 (pg/ml) 254.0 234.4 0.01 

Complement C3 (mg/dl) 173.2 151.8 <0.0001 

Asymmetric dimethylarginine 

(μmol/l) 0.25 0.24 0.04 

Retinol binding protein 4 ( µg/ml) 31.2 29.3 0.0002 

Non-esterified fatty acids (g/l) 0.9 0.8 0.0009 



 

93 

 

Table D5.7 Pearson correlation coefficients between traditional and novel risk factors in the case-control sample 

 
 Age Systolic blood 

pressure  

Waist girth  Height 

 

Triglycerides 

 

High density 

lipoprotein 

cholesterol 

 

Glucose 

 

Adiponectin  0.07* -0.14 -0.29 -0.22 -0.22 0.39 -0.29 

High Molecular Weight 

Adiponectin  

 

0.06 

 

-0.16 

 

-0.32 

 

-0.17 

 

-0.20 

 

0.36 

 

-0.29 

Leptin  0.005 0.17 0.50 -0.37 -0.03 0.04 0.10 

Gamma glutamyltransferase  0.02 0.06 0.06 0.09 0.47 -0.04 0.04 

Alanine transaminase  -0.03 0.08 0.12 -0.006 -0.10 -0.001 0.03 

Fetuin A  0.006 0.005 0.07 -0.001 0.10 -0.05 0.04 

Ferritin  0.09 0.07 0.12 0.20 0.37 -0.12 0.14 

C-Reactive protein  0.04 0.12 0.38 -0.16 0.02 -0.02 0.14 

Lactate 0.01 0.16 0.10 0.10 0.24 -0.08 0.24 

Oxidized low density lipoprotein 0.11   0.04 0.12 0.06 0.14 -0.23 0.13 

Inter-cellular adhesion molecule 1 0.09 -0.04 0.05 -0.0007 0.21 -0.21 0.07 

Alpha1-acid glycoprotein 0.05 0.10 0.27 -0.10 0.22 -0.16 0.18 

Sialic acid  0.03 0.10 0.17 -0.03 0.44 -0.09 0.12 

Interleukin 6 0.03 0.08 0.19 0.03 0.04 -0.05 0.06 

Interleukin 18  0.10 0.04 0.11 0.09 0.15 -0.18 -0.11 

Complement C3  -0.01 0.16 0.37 -0.16 0.05 -0.05 0.21 

Asymmetric dimethylarginine 0.18 0.009 0.14 0.02 0.05 -0.18 0.06 

Retinol Binding Protein 4  0.14 0.08 0.05 0.19 0.33 -0.03 0.13 

Non-esterified fatty acids  0.04 0.10 0.09 -0.15 0.29 0.02 0.03 

*Statistically significant correlations are bolded  
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Figure D5.3 ROC Curve for the Schmidt et al. basic model in the case-control analysis 

(AUC=0.8607) 
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Figure D5.4 Rank order of improvement in AUC for novel predictors in the case-control sample 
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Table D5.8 Measures of risk prediction and model fit for the case-control sample 

 

  N C statistic 

 

 

95%  CI Difference AIC 

 

 

NRI  (SE) 

 

 

p-value 

 

 

IDI (SE) 

 

 

p-value 

Basic 1048 0.8607 0.8386, 0.8828 

 

979     

Adiponectin 1048 0.8624 0.8404, 0.8844 0.0017 996 0.0133 (0.0083) 0.11 0.0034 (0.0017) 0.05 

High molecular weight adiponectin 1043 0.8604 0.8382, 0.8827 0.0002 997 0.0019 (0.0051) 0.71 0.0002 (0.0005) 0.70 

Leptin 1048 0.8617 0.8396, 0.8838 0.0010 976 0.0076 (0.0060) 0.21 0.0031 (0.0015) 0.04 

Gamma glutamyltransferase 1046 0.8613 0.8392, 0.8834 0.0004 973    0.0000 (0.0054) 1.00 0.0038 (0.0019) 0.04 

Alanine transaminase 1046 0.8607 0.8385, 0.8828 -0.0002 976 -0.0019 (0.0042) 0.66 0.0015 (0.0013) 0.25 

Fetuin A 1038 0.8614 0.8393, 0.8836 0.0005 966 -0.0019 (0.0051) 0.70 0.0022 (0.0014) 0.10 

Ferritin 1017 0.8644 0.8423, 0.8865 0.0020 937 0.0019 (0.0065) 0.77 0.0051 (0.0023) 0.03 

C-reactive protein 1048 0.8610 0.8389, 0.8831 0.0003 978 0.0057 (0.0042) 0.18 0.0006 (0.0008) 0.50 

Lactate 1030 0.8613 0.8391, 0.8836 0.0001 960 0.0000 (0.0027) 1.00 0.0001 (0.0020) 0.70 

Oxidized LDL 1048 0.8608 0.8386, 0.8829 0.0001 979 0.0038 (0.0026) 0.16 0.0002 (0.0041) 0.56 

Inter-cellular adhesion molecule 1 1024 0.8644 0.8423, 0.8865 0.0028 947 0.0078 (0.0067) 0.24 0.0062 (0.0023) 0.01 

Alpha1-acid glycoprotein 1048 0.8613 0.8392, 0.8833 0.0006 978 0.0076 (0.0047) 0.10 0.0006 (0.0008) 0.40 

Sialic Acid 1048 0.8608 0.8387, 0.8830 0.0001 979 -0.0000 (0.0038) 0.99 0.0004 (0.0006) 0.43 

Interleukin 6 1048 0.8611 0.8390, 0.8832 0.0004 978 0.0076 (0.0038) 0.05 0.0006 (0.0007) 0.41 

Interleukin 18 1037 0.8621 0.8399, 0.8842 0.0000 965 0.0000 (0.0000) . 0.0000 (0.0001) 0.69 

Complement C3 1043 0.8623 0.8402, 0.8844 0.0020 970 0.0037 (0.0076) 0.62 0.0044 (0.0019) 0.02 

Retinol Binding Protein 4 1038 0.8612 0.8390, 0.8833 0.0003 968 -0.0058 (0.0051) 0.26 0.0030 (0.0006) 0.63 

Non-esterified fatty acids 1047 0.8614 0.8393, 0.8835 0.0010 975 0.0019 (0.0069) 0.78 0.0027 (0.0016) 0.09 

Asymmetric dimethylarginine 1033 0.8585 0.8361, 0.8810 0.0000 971 0.0000 (0.0000) . -0.0000 (0.0002) 0.97 
1The basic model was rerun for each covariate and the difference between the basic and expanded models were calculated accordingly due to changing sample sizes 
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Proposal 2 -- Pleiotropy and pathway analyses of genetic variants associated with both 

type 2 diabetes and prostate cancer 

 

E1. Objective 

Research studies have found that the risk of prostate cancer risk is reduced in 

individuals with type 2 diabetes (Vigneri et al. 2009).   Furthermore, recent genome-wide 

association (GWA) studies have identified several SNPs that are significantly associated 

with both disease outcomes (Pierce and Ahsan 2010).  Both diseases are likely oliognenic 

or polygenic; however, many of the genetic variants associated with one or both of these 

diseases may be unaccounted for in models that utilize a stringent Bonferroni test 

correction.  Furthermore, simply identifying genome-wide significant SNPs that overlap 

between diseases may be underpowered and contribute little to understanding the shared 

etiology. Therefore to identify genes that may contribute to both type 2 diabetes and 

prostate cancer outcomes and the biological pathways these diseases may share, the 

following analyses were undertaken in the ARIC study.   

Analysis 1:  Conducted a GWA study of type 2 diabetes, summarized variation across 

genetic loci into a quantitative risk score, and determined if that diabetes risk score is also 

associated with prostate cancer.  

Analysis 2:   Conducted a GWA study of both type 2 diabetes and prostate cancer and 

conducted a pathway analysis for each outcome and qualitatively determined if 

biochemical pathways were shared between type 2 diabetes and prostate cancer.    
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E2. Summation of results 

 This study was conducted to determine if a genetic score derived from a GWA 

study of type 2 diabetes would be associated with both type 2 diabetes and prostate 

cancer.   A second objective of this study was to conduct a pathway analysis of GWA 

data from both type 2 diabetes and prostate cancer and qualitatively determine if there 

were shared biological pathways between these two diseases.  The analysis was 

conducted in the Atherosclerosis Risk in Communities (ARIC) study and included 3822 

participants who had prospective data regarding both type 2 diabetes and prostate cancer 

outcomes.  We found that the genetic score derived from males was not statistically 

significantly associated with type 2 diabetes in a target sample of females or with prostate 

cancer in males.  The pathway analysis also found no overlap between pathways 

associated with type 2 diabetes and prostate cancer.  However, it did find that the growth 

hormone signaling pathway was statistically significantly associated with type 2 diabetes 

(p=0.0001).  The identification of a pathway associated with type 2 diabetes provides 

new opportunities to understand how functionally related genes contribute to the etiology 

of this disease.   

 

E3. Introduction 

Epidemiological evidence shows that diabetes is associated with a reduced risk of 

prostate cancer.   Two meta-analyses reported relative risks of 0.91 and 0.84 for prostate 

cancer in individuals with type 2 diabetes compared to individuals without diabetes 

(Bonovoa et al. 2004; Kasper and Giovannucci 2006).  Several mechanisms have been 
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hypothesized to explain this inverse association.  Many of these explanations posit that 

the effect of type 2 diabetes on prostate cancer risk is mediated by type 2 diabetes status.  

Specifically, having type 2 diabetes may decrease prostate cancer risk through (1) its 

influence on insulin levels; (2) its influence upon the bioavailabity of insulin growth 

factor 1, leptin, and free testosterone; (3) type 2 diabetes drug treatments (i.e. metformin); 

and (4) changes in lifestyle and diet (Frayling et al. 2008; Pierce and Ahsan 2010).   

However, the association between these two diseases could also be explained via 

pleitotropy, whereby specific genetic variants affect both type 2 diabetes and prostate 

cancer risk, independently (Pierce and Ahsan 2010).  Genes recently identified in type 2 

diabetes GWA studies have also been found to be associated with prostate cancer risk.   

Specifically, allelic variants of HN1B and JAZF1, both of which were identified in type 2 

diabetes GWA studies, have been found to be associated with prostate cancer (Frayling et 

al. 2008).  However, while multiple studies have replicated the association of HNF1B 

with both outcomes, the association between JAZF1 has not been replicable (Stevens et 

al. 2010).   

Likewise, other genetic variants have been identified that may be associated with 

both prostate cancer and type 2 diabetes.  In the ARIC study, Meyer et al. found 

significant associations between prostate cancer and variants in the following type 2 

genes:  CAPN10, SLC2A2, TCF7L2, and UCP2 (Meyer et al. 2010).  A second study also 

found TCF7L2 to be associated with risk of prostate cancer (Agalliu et al. 2008).  

However, an analysis using ARIC data found no association between TCF7L2 genetic 

variants and prostate cancer (Folsom et al. 2008).  Finally, Pierce and Ahsan created a 
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type 2 diabetes risk score using 18 common diabetes SNPs and found an inverse 

association with prostate cancer, indicating that individuals with increased genetic 

susceptibility to diabetes have decreased risk of prostate cancer (Pierce and Ahsan 2010).    

To date, all genetic studies have been candidate gene analyses and no research 

study has been conducted to systematically identify the genes that overlap between 

diabetes and prostate cancer outcomes in the same study group.  Furthermore, all studies 

to date have focused on individual SNPs and no analyses have been conducted to identify 

genetic pathways that may overlap between these two biologically related disease 

outcomes.    

Because SNPs are widely distributed in the genome and have a low mutation rate, 

researchers have used them as genetic markers; however, while they are useful for 

association analyses, the elucidation of the functional effects of these SNPs is more 

difficult (Bauer-Mehren et al. 2009).  The effect of SNPs at the protein or DNA level 

considers the effect at a single molecule level, whereas proteins function through 

pathways (Bauer-Mehren et al. 2009).  Thus, to truly understand the mechanisms 

underlying the disease we must consider the pathways within the system.  Considering 

only a single SNP at a time has the following drawbacks (a) a single SNP has small effect 

sizes; (b) locus heterogeneity will increase the difficulty of replication; and (c) 

understanding and interpreting the SNPs without a unifying biological theme can be 

challenging (Peng et al. 2010).    

Pathway analysis is a joint test of association between the outcome and a group of 

SNPs within a defined biological pathway, which increases the power to detect genes that 
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individually may not be detected (Yu et al. 2009).  The SNPs are united in their 

biological function within the pathway, which can provide etiologic insights into type 2 

diabetes and prostate cancer (Yu et al. 2009).  Thus far, there have been pathway analyses 

associated with type 2 diabetes.  Specifically, Perry et al. analyzed 439 pathways from 

three pathway databases and found none of them had significant associations with type 2 

diabetes after correcting for multiple testing (Perry et al. 2009).  Alternatively, a recent 

analysis by Lee et al. found 19 pathways statistically significantly associated with type 2 

diabetes even after a multiple testing correction was applied (Lee et al. 2011).  To our 

knowledge, there have been no pathway analyses conducted using prostate cancer 

outcomes.     

Therefore, to identify genes that may contribute to both diabetes and prostate 

cancer outcomes and the biological pathways these diseases may share, we conducted a 

GWA study of type 2 diabetes, summarized variation across genetic loci into a 

quantitative risk score, and determined if that diabetes risk score was also associated with 

prostate cancer.  Secondarily, we performed a GWA study of prostate cancer and 

conducted a pathway analysis for both outcomes and qualitatively determined if 

biochemical pathways were shared between type 2 diabetes and prostate cancer.    

 

E4. Methods 

Subjects 

ARIC participants will be used for both analyses.  The ARIC cohort is a 

population-based cohort of 15,792 white and African American men and women aged 



 

102 

 

45-64 at baseline, who were recruited in 1987-1989 to study the risk factors for clinical 

and sub-clinical atherosclerosis.  Participants were selected via probability sampling from 

Forsyth County, NC, Jackson, MS, the northwestern suburbs of Minneapolis, and 

Washington County, MD.  The Jackson site exclusively recruited African Americans, 

accounting for 90% of the African Americans in the study.  The majority of the 

remaining African American participants came from Forsyth County, NC.  Participants 

received an extensive examination, including collection of medical, social, and 

demographic data.   

After a home interview that established a baseline socio-demographic and 

cardiovascular disease profile of all enumerated residents in each study community who 

were willing to have an interview, age eligible residents were invited to participate in a 

baseline examination, and in three subsequent clinical examinations, scheduled at three 

year intervals.  Approximately one third of the cohort was examined each year. The 

baseline examinations were conducted between 1987 and 1989; Visit 2 was held between 

1990 and 1992; Visit 3 between 1993 and 1995; and the last clinical examination (Visit 

4) was conducted between 1996 and 1998. After the baseline exam, ARIC cohort 

members were contacted annually by telephone (even during the years in which they also 

had a clinical exam) to establish vital status and assess a history of cardiovascular 

disease, including hospitalizations.  Of participants still alive at the time of follow-up 

visits, response rates for visits 2, 3, and 4 were 93, 86, and 81%, respectively.  

Genotyping and QC description 
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In the ARIC Study, a genome-wide scan was conducted at the Broad Institute of 

MIT and Harvard with the Affymetrix Genome-Wide Human SNP Array 6.0 in 15,020 

samples (10,898 Whites, 3,809 African Americans, 313 ARIC blind duplicates).  Of the 

15,020 scans, 1,577 were removed (by the Broad Institute) for not yielding genotyping 

calls or passing genotyping quality control (QC).  A total of 910,060 SNPs were 

attempted, 841,820 were received and 2772 Affymetrix laboratory QC SNPs were 

removed, leaving 839,048.  Additional QC at the SNP level generated a list of 660 SNPs 

to be marked for exclusion due to no chromosome location, monomorphic in Caucasians 

and African-Americans, or call rate <95%. HWE analyses were performed by race and 

6,359 autosomal SNPs in African-Americans and 9,740 autosomal SNPs in Caucasians 

with minor allele frequencies > 0.05 and HWE-p < 10
-6  

were also marked for exclusion.  

At the individual level, scans for subjects not consenting to DNA use, ARIC blind 

duplicates, scans from one problem plate, unintentional duplicates with higher missing 

genotype rates, and suspected mixed/contaminated samples were deleted leaving 12,950 

individuals (9,743 Caucasians and 3,207 African Americans) from the 13,443 scans 

received. Subjects who met the following criteria were further excluded: discordant 

between phenotypic sex and X-chromosome analysis, genotype mismatch with 39 

previously genotyped SNPs, genetic outliers based on average Identity by State (IBS) 

statistics and principal components analysis using EIGENSTRAT (Price et al. 2006), and 

suspected first‐degree relative of an included individual based on the genome-wide SNP 

data. This resulted in the additional exclusion of 423 individuals (398 Caucasians and 25 

African Americans).  The final population with SNP data comprised 9,345 Caucasians 
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and 3,182 African Americans.  In addition, imputation to approximately 2.5 million 

autosomal  SNPs identified in HapMap Phase II CEU samples was performed using 

MACH v1.0.16 (Li and Abecasis 2006).  SNPs that met the following criteria were 

included in the imputation: MAF ≥ 1%, call rate ≥ 95%, and HWE-p ≥ 10
-5

. After the 

filtering, 669,450 SNPs (669450/841820=79.5%) were used in the imputation.  

Imputation results were summarized as an ―allele dosage‖ defined as the expected 

number of copies of the minor allele at that SNP for each genotype.   Genotyping and 

imputation data are summarized in Table E4.1.   

Statistical methods for analysis 1 

 Analyses were conducted using male Caucasian participants in the ARIC cohort 

with available GWAS data (N=4407).  All participants were followed through 2006 for 

diabetes and prostate cancer, which is the most recent data available on incident cancer 

outcomes.  Individuals with a history of prostate cancer or prevalent diabetes at the 

baseline examination were excluded from analysis.  We also restricted analyses to 

individuals who had information on both prostate cancer and type 2 diabetes outcomes, 

leaving us with 3822 individuals for analysis.  The risk score was also tested in a target 

sample of 5413 female ARIC participants free of baseline diabetes.   

Incident type 2 diabetes was defined as a self-reported physician diagnosis 

obtained by interviewer-administered questionnaire.   Interviews were conducted at each 

of the in-person visits (though 1996-1998), and thereafter annually by phone.  Incident 

prostate cancer outcomes in this cohort were ascertained by linkage to the following 

cancer registries: the Minnesota Cancer Surveillance System, the North Carolina Cancer 
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Registry, the Washington County (Maryland) Cancer Registry, and the (statewide) 

Maryland Cancer Registry.  Cohort identifiers were linked to each
 
cancer registry's 

database to obtain data regarding cancer occurrence,
 
primary site, and diagnosis date.   In 

addition to a search of cancer registries, the ARIC Study
 
asked participants to report all 

hospitalizations, and hospital
 
surveillance was carried out in each community and cancer-

related hospital discharges not identified by cancer registries were
 
retrieved in each 

community.    

To analyze events for the GWA, we used Cox proportional hazard models to 

calculate hazard ratios and corresponding 95% confidence intervals using ProbABEL and 

assuming an additive genetic model (Aulechenko et al. 2010).  Cox models were adjusted 

for age at baseline and field site.  For incident diabetes, time to event was defined as the 

date of the interview at which the participant first reported a diagnosis of diabetes.  

Participants who did not report diabetes during follow-up were censored at the date of the 

last interview.   

To create sets of score alleles in the training dataset, we reduced the number of 

SNPs available for analysis by filtering on minor allele frequency, genotyping rate, and 

linkage disequilibrium independent of their association with type 2 diabetes.   

Specifically, we selected a sample of SNPs with a MAF of ≥5%, a genotyping rate 

threshold of ≥99%, and a pairwise r
2
 threshold of <0.25 within a 200-SNP sliding 

window (International Schizophrenia Consortium et al. 2009).  Focusing the analysis on a 

subset of SNPs in approximate linkage equilibrium ensured the score represents the 

aggregate effect of a large number of independent SNPs (International Schizophrenia 
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Consortium et al. 2009).  After pruning, there were 99,966 SNPs out of 2,438,031 SNPs 

available for analysis.   

Next we obtained sets of alleles that are significantly associated with type 2 

diabetes at increasingly liberal thresholds (PT<0.05, 0.25, and 0.5) in Cox regression.  For 

each individual, we calculated the sum of the number of score alleles they had, weighted 

by the allele-specific log hazard ratio estimated from the GWA for diabetes in ARIC.  

Proc Score in SAS was used to calculate the scores (SAS Institute Inc., Version 9.2, Cary, 

NC).  To assess whether the aggregate scores for type 2 diabetes were associated with 

prostate cancer risk, we tested for higher mean scores in prostate cancer cases compared 

to non-cases using Cox proportional hazards models.  We also used females in ARIC as 

an independent target sample (N=5413) and tested whether the score alleles designated in 

the discovery sample of males were significantly enriched among the target cases of 

diabetes in females.  Finally, we modeled the sets of score alleles as both a continuous 

variable, to estimate its association with type 2 diabetes and prostate cancer under a linear 

assumption, and in quintiles, to explore the dose-response relationship.   

Statistical methods for analysis 2 

 We performed separate GWA analyses for incident type 2 diabetes and incident 

prostate cancer and conducted a pathway analysis of the top signals using the Meta-

Analysis Gene-set Enrichment of Variant Associations (MAGENTA) program (Segre et 

al. 2010).   MAGENTA tests for enrichment of genetic associations using the following 

steps:   
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Step 1.  The input file for MAGENTA consists of the chromosome, chromosomal 

position, and p-value for the GWA conducted in ProbABEL for each disease outcome.   

The program maps the SNPs onto genes.  There are 17,680 autosomal genes sampled 

from the UCSC Genome Browser.  Each gene is assigned a set of SNPs that lie within 

110 kilobases (kb) upstream and 40 kb downstream of the gene‘s most extreme transcript 

boundaries.   The boundaries were chosen by MAGENTA in an attempt to capture the 

association signals from proximal regulatory regions and the coding region.   

Step 2.  Each gene has a score, which is the probability that the gene is associated with 

the given disease.  For each gene, g, the minimum genome-wide association p-value of 

all the SNPs mapped to that gene, within the extended gene boundary, is chosen 

(P
BestSNP,g

).   

Step 3.  Next, gene scores are combined at the level of gene sets within a pathway.  The 

gene-set enrichment analysis (GSEA) algorithm tests for an overrepresentation of genes 

in a given gene set above a predetermined gene score rank cutoff.  The enrichment is 

evaluated against a null distribution of gene sets of identical set size that are randomly 

sampled from the genome multiple times.  The null hypothesis is that the gene 

association score ranks of all genes with index g that belong to a given gene set gs are 

randomly distributed.  The alternative hypothesis is that there is an overrepresentation of 

gene set gs of gene score ranks above a given cutoff compared to multiple random gene 

sets of identical size that were randomly sampled from all the genes in the genome.   

MAGENTA queries for gene set enrichments in pathways found in the Gene Ontology 

(GO) (http://www.geneontology.org), Panther (http://www.pantherdb.org/pathway/), 
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Ingenuity (www.ingenuity,com), Kyoto Encyclopedia of Genes and Genomes (KEGG) 

(http://www.genome.ad.jp/kegg/pathway.html), Reactome (http://www.reactome.org 

/ReactomeGWT/entrypoint.html), and BioCarta (http://www.biocarta.com/genes) 

databases.  The output includes two enrichment cutoffs, the 95
th

 and 75
th

 percentile of all 

gene scores.  Segre et al. recommended using the 75
th

 percentile test for polygenic 

diseases, such as type 2 diabetes, because it is more powerful when hundreds of loci are 

involved (Segre et al. 2010).  Because there are multiple comparisons of pathways within 

a database, we applied a Bonferroni correction for the number of pathways considered 

within each database and used that p-value as the significance threshold.  MAGENTA 

produces a list of pathways for each disease outcome and their associated GSEA p-value.  

To determine if there was overlap in pathways between disease outcomes we 

qualitatively compared the top five most significant pathways associated with type 2 

diabetes with the top five pathways for prostate cancer. 

 

E5. Results 

 There were 774 incident cases of self-reported, physician diagnosed type 2 

diabetes and 373 incident cases of prostate cancer in the Caucasian ARIC males with 

GWA data (Table E5.1).  The median follow-up time was 17.9 for type 2 diabetes and 

17.8 years for prostate cancer.  There were 80 individuals who had both events.   The rate 

of type 2 diabetes was 13 per 1,000 and the rate of prostate cancer was 6 per 1,000 

person-years.   In the women, there were 973 incident cases of self-reported, physician 

diagnosed type 2 diabetes and their median follow-up time was 18.1 years (Table E5.1).  

http://www.reactome.org/
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The rate of type 2 diabetes in women was 8 per 1,000 person-years.  Individuals with 

diabetes and without diabetes did not significantly differ in age; however, men with 

prostate cancer were statistically significantly older compared to those without prostate 

cancer (Table E5.1).    

 The type 2 diabetes sets of score alleles derived from males were not 

statistically significantly associated with incident type 2 diabetes in the female target 

sample when modeled linearly (E5.2).  When the scores were modeled as quintiles, using 

the lowest quintile as the reference, the hazard ratios were not statistically significantly 

associated with type 2 diabetes for any of the statistical thresholds (p for trend=0.18; 

0.45; 0.61 for Pt <0.05, 0.25, and 0.5, respectively) (Table E5.3).   The diabetes score 

alleles were also not statistically significantly associated with prostate cancer when 

modeled linearly (Table E5.4).  Likewise the score quintiles were large unassociated with 

prostate cancer across all of the significance thresholds (p for trend=0.16; 0.07; 0.11for Pt 

<0.05, 0.25, and 0.5, respectively) (Table E5.5)   

 Table E5.6 shows the top five pathways identified by GSEA from six pathway 

databases using results of type 2 diabetes and prostate cancer GWA analyses.  There was 

only one biological pathway that was statistically significantly associated with type 2 

diabetes incidence after the Bonferroni correction for multiple testing, the growth 

hormone pathway from the BioCarta database (p=0.0001).  However, this pathway was 

not significantly associated with prostate cancer (p=0.43).  When type 2 diabetes gene set 

enrichment analysis p-values generated by MAGENTA were compared to prostate 
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cancer, for each of the top type 2 diabetes pathways found in Table E5.6, none of the 

pathways were associated with prostate cancer (p>0.05).   

 Table E5.7 compares GSEA results for this study to the top five pathways for 

type 2 diabetes identified by Perry et al. in a previous analysis (Perry et al. 2009).  None 

of the top five pathways reported by Perry et al. (p<=0.005) was found to be associated 

with type 2 diabetes in our analysis (p>0.22) (Perry et al. 2009).  Table E5.8 shows that 

of the top five pathways found in the Genetic Database of Diabetes Mellitus (DMBase) 

analysis, only the growth hormone signaling pathway (p=0.0001) was statistically 

significantly associated with type 2 diabetes in our analysis (http://sysbio.kribb. 

re.kr/dBase/pageHelp .php?m=l).    

 

E6. Discussion 

This purpose of this study was to determine if a diabetes genetic risk score was 

also associated with incident prostate cancer; in addition, to conduct pathway analyses of 

both disease outcomes and identify shared biochemical pathways.  The score allele sets 

for type 2 diabetes that we derived from our GWA analysis in men were not significantly 

associated with type 2 diabetes in the target sample of women.  Likewise, these score 

allele sets were not associated with prostate cancer incidence in men from the same 

discovery set sample.  Nor were any of the top five pathways most significantly 

associated with type 2 diabetes in gene set enrichment analysis, from each of the six 

pathway databases queried, significantly associated with prostate cancer.  Only one 
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pathway was statistically significantly associated with type 2 diabetes after the 

Bonferroni correction, the growth hormone signaling pathway in the BioCarta database.       

 Type 2 diabetes is likely an oligogenic or polygenic disorder, but many of the 

SNPs that could be contributing to the heritability of this disease could remain 

unidentified in GWA studies due their failure to meet the stringent criteria for genome-

wide significance.  The SNPs that do not meet this threshold would likely have small 

individual effects that could collectively account for a large proportion of the variation in 

type 2 diabetes risk (Yang et al. 2010).   Thus, we derived sets of score alleles at different 

significance thresholds in a discovery sample of men to model the putative polygenic 

inheritance pattern of type 2 diabetes risk variants.   However, the score alleles were not 

statistically significantly associated with incident diabetes in our target sample of women 

or with incident prostate cancer.  This could be the result of the inclusion of a large 

number of false positives in the score allele sets, which are being introduced by using p-

value thresholds that do not adequately control for multiple testing.   

 The pathway analysis of GWA data for type 2 diabetes and prostate cancer 

found that the top five pathways associated with type 2 diabetes for each of the six 

pathway databases were not significantly associated with prostate cancer, even at the 

nominal level (p<0.05).  Thus while a number of type 2 diabetes genes have been found 

to also be associated with prostate cancer, we were unable to identify evidence of broad 

pathways shared between the two diseases (Agalliu et al. 2008; Folsom et al. 2008; 

Frayling et al. 2008; Stevens et al. 2010; Meyer et al. 2010).  This outcome could be an 
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issue of statistical power, due to the lower number of prostate cancer cases available for 

analysis compared to diabetes cases (10% versus 20% of the sample).   

 The pathway analysis did identify one pathway that was statistically 

significantly associated with type 2 diabetes, the growth hormone signaling pathway in 

the BioCarta pathway database.  There are 28 genes identified in the growth hormone 

signaling pathway including HRAS, HNF1A, GRB2, STAT5A, STAT5B, SRF, SLC2A4, 

INS, SOS1, PIK3CA, SHC1, INSR, PIK3R1, GHR, PRKCA, PIK3CG, PTPN6, MAP2K1, 

SOCS1, RAF1, IRS1, PRKCB, MAPK1, GH1, RPS6KA1, PLCG1, MAPK3, and JAK2.  

There were 27 out of these 28 genes represented in our GWA study and 2423 single 

nucleotide polymorphisms (SNPs) from these 27 genes were analyzed by MAGENTA.  

None of the individual SNPs had p-values that approached a Bonferroni corrected 

statistical threshold, lending support to the idea that when one combines nominally 

significant variants into biological pathways one has greater statistical power to detect 

sets of variants associated with type 2 diabetes (Baranzini et al. 2009).   

 A number of these genes in the growth hormone signaling pathway have 

variants that have previously been found to be associated with type 2 diabetes.  

Specifically, HNF1A has both rare mutations resulting in monogenic forms of diabetes, in 

addition to common variants that predispose individuals to multifactorial diabetes 

(Voight et al. 2010).  INS has a variable number tandem repeat that has been proposed to 

exert pleiotropic effects on both birth weight and diabetes susceptibility (Barroso et al. 

2003).  A recent large-scale candidate gene association study found variants of INS and 

SOS were significantly associated with type 2 diabetes (Barroso et al. 2003).  
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Heterozygous INSR mutations are the most common cause of monogenic insulin 

resistance and a recent study identified INSR haploinsufficiency is associated with severe 

insulin resistance and dysglycemia (Sulliman et al. 2009).  A polymorphism of GHR 

exon 3 has been found to be associated with type 2 diabetes (Strawbridge et al. 2007).  

Finally, a recent GWA study identified a variant of IRS1 associated with type 2 diabetes 

risk and this has been replicated by a second study by Yiannakouris et al. (Yiannakouris 

et al. 2011).    

 In the growth hormone signaling pathway, growth hormone signals a response 

in cells through the growth hormone receptor, which is a member of the cytokine receptor 

gene family. Growth hormone causes the receptor to dimerize, which activates the JAK2 

protein kinase. JAK2 mediates many of the downstream responses to growth hormone 

through phosphorylation of STAT transcription factors, MAP kinases, other kinase 

cascades and molecules such as IRS-1 involved in metabolism.  Factors such as SOCS 

and SHP-1 appear to be involved in the down regulation of signaling by growth hormone 

and cytokines (Figure E6.1) (http://www.biocarta.com). 

 Biologically, growth hormone plays a major role in both the regulation of 

growth during childhood and adolescence and metabolism. In regards to metabolism, 

growth hormone exhibits insulin-like and anti-insulin-like effects on cells and tissues 

(Herrington and Carter-Su 2001).  Insulin-like actions include transient increases in 

glucose and amino acid transport, lipogenesis, and protein synthesis.  It appears that 

growth hormone and insulin might activate common signaling pathways.  However, 

chronically elevated growth hormone is anti-insulin-like and promotes insulin resistance 
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and diabetes (Herrington and Carter-Su 2001).   It appears that growth hormone interferes 

with the ability of insulin to stimulate carbohydrate metabolism.  Animal models indicate 

that growth hormone excess results in decreased insulin receptor, IRS-1 and IRS-2 

tyrosol phosphorylation in response to insulin (Herrington and Carter-Su 2001).  Growth 

hormone excess can also result in chronic activation of IRS-PI 3‘-kinase pathway in the 

liver, which reduces the degree of insulin-induced activation.   Finally, growth hormone 

appears to also inhibit the expression of the gene encoding glucose transporter 1 

(GLUT1) (Herrington and Carter-Su 2001).  

 The BioCarta growth hormone signaling pathway is one of 19 pathways identified 

by the DMBase as being statistically significantly associated with type 2 diabetes 

(p=0.0000013).  DMBase is an integrated web-based genetic information resource for 

diabetes mellitus designed to provide genomic variants, genes, and secondary information 

derived for researchers (Lee et al. 2011).  Lee et al. extracted 209 reported type 2 diabetes 

gene and variant sets from OMIM and UniPRO using a series of refined keywords 

(Amberger et al. 2009; UniProt consortium 2009; Lee et al. 2011).  The authors then 

searched the biological pathways that significantly overlapped with the extracted type 2 

diabetes related genes.  A count was made of common genes between the type 2 diabetes 

genes and the genes in known pathways in MSigDB and statistical testing was performed 

to assess the significance of the overlap (Subramanian et al. 2005; Lee et al.).   

Specifically, a one-tailed Fisher‘s exact test based on a hypergeometric distribution (k, K, 

n, N) of k overlapping genes in a user set of n type 2 diabetes genes and the pathway 

having K genes in a total space of N genes was used for the statistical test.   An 
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adjustment for multiple testing followed by false discovery rate evaluation was also 

performed (Lee et al. 2011).   

 Epidemiologic data from two meta-analyses indicates that prostate cancer relative 

risks are reduced in individuals with diabetes (Pierce and Ahsan 2010).   This could be 

the result of metabolic and hormonal changes associated with type 2 diabetes, diabetes, 

medications, lifestyle changes, and/or genetics.  In regards to genetics, the identification 

of variants associated with both outcomes has been limited and inconsistent.  HNF1B is 

the only gene associated with both type 2 diabetes and prostate cancer that has been 

replicated across studies (Stevens et al. 2010).  Thus while a handful of genes have been 

identified (JAZF, APN10, SLC2A2, TCF7L2, UCP2), their associations with both 

diseases remain unconfirmed.  Our own study failed to find genetic variants shared 

between the two diseases, even when using the more statistically powerful technique of 

pathway analysis.   The number of genetic variants associated with both outcomes is 

limited and at this time does not contribute meaningfully to explaining shared etiology.   

Future analyses should consider alternative explanations for the association between 

these two diseases such as unmeasured confounding, metabolic and hormonal changes, or 

the effects of diabetes treatment.   

 There are several limitations to our study.  Type 2 diabetes was self-reported.  

The inclusion of increasing numbers of score alleles with the use of liberal thresholds 

could be introducing false positives that make it more difficult to discern the signal from 

the noise, as is evident from the large confidence intervals associated with the p-value 

threshold of 0.50.  A further limitation is the representation of each gene locus with a 
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single SNP in the pathway analysis, when a disease-associated gene may have multiple 

functional variants (Perry et al. 2009).   In the pathway analysis, we could have also have 

failed to detect more pathways significantly associated with type 2 diabetes or overlap 

between type 2 diabetes and prostate cancer because (1) the relevant pathways or sets of 

functionally related genes were not tested; (2) the given distance around the gene may not 

capture potential signals from more distant transcriptional regulatory elements, such as 

enhancers or epigenetic marks; (3) rare variants were not tested (4) the causal genes may 

cluster in small pathways that are more sensitive to individual gene score fluctuations 

than large pathways; (5) causal variants are spread across a large number of biological 

processes making it hard to detect clustering of associations into pathways and/or; (6) the 

fraction of causal genes in the given gene set may not be significantly higher than the 

total fraction of causal genes in the genome (Segre et al. 2010).   

 Finally, comparisons with DMBase must be considered with caution.  Lee et al. 

extracted diabetes genes from the literature and consequently publication bias may exist, 

whereby non-significant findings remain unpublished, resulting in an artificially inflated 

magnitude of the effect for well-studies pathways (Munafo et al. 2004).  Simulations 

have shown that in meta-analyses the use of published studies may over-estimate the 

effect sizes by as much as 30%, which threatens the validity of literature-based 

investigations of pathways (Soeken and Sripusanapan 2003).   Also, if publications from 

the literature are largely based on candidate gene studies, then pathways known to be 

biologically relevant from previous studies will be disproportionately represented in the 

databases used by DMBase.   
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The strengths of our analysis include the availability of a large group of men in 

which both prostate cancer and type diabetes status have been defined in a well-

characterized cohort study.  Also, we had access to 19 years of follow-up data allowing 

us to prospectively evaluate the association between genes and incident type 2 diabetes 

and prostate cancer outcomes.  The availability of a large group of men with a long 

period follow-up allows for the identification of a larger number of cases, which 

increased the statistical power of our analysis.  Finally, we believe that this is the first 

pathway analysis that looks for common genetic pathways shared between type 2 

diabetes and prostate cancer.       

 In conclusion, a set of score alleles derived from a GWA discovery sample of 

men were not statistically significantly associated with incident type 2 diabetes in a target 

sample of women or with incident prostate cancer.  A pathway analysis of GWA analyses 

based on results for type 2 diabetes and prostate cancer failed to identify pathways 

significantly associated with both diseases, which could be explained by the different 

genetic architecture of the diseases, the power of our analyses, or the strength and 

completeness of the algorithms and pathway databases used (Perry et al. 2009).  However 

while we were unable to find pathways shared between type 2 diabetes and prostate 

cancer, our GWA analysis of type 2 diabetes did identify a pathway statistically 

significantly associated with type 2 diabetes, the growth hormone signaling pathway, 

confirming an association with this pathway reported earlier.  Additional studies are 

needed to confirm the association between type 2 diabetes and the growth hormone 

signaling pathway; in addition, studies are needed to explore the genetic variants that 
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comprise the pathway and how they may influence diabetes risk in isolation or in 

conjunction with other genes in the pathway.   
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Table E4.1 Genotyping and imputation for genome-wide analysis 

 
 ARIC 

Platform and version Affymetrix 6.0 

Genotype calling Birdseed 

Sample call rate filter <95% 

Successful scan rate*, % 1-(1577/15020)=0.895 or 89.5% 

SNPs genotyped, n 841,820 

SNP filters for imputation  

   Call rate, % <95% 

   MAF <1% 

   HWE p-value <10
-5

 

SNPs included in imputation, n 669,450 (autosomal) 

Imputation software and version Mach v1.0.16 

NCBI build Build 36 

Final SNPs for analysis, n 2,543,887 

Statistical analysis probABEL 

* Sample successfully genotyped on platform with within-participant SNP call rate >0.95 and after 

implementation of all quality controls. 
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Table E5.1 Participant characteristics by incident diabetes and prostate cancer  

 
 Males Diabetes 

(N=774) 

No Diabetes 

(N=3048) 

p-value 

Baseline Age (years) 54.1 54.5 0.08 

 Center:    Forsyth County, NC 30.3 28.9 0.0008 

                 Minneapolis, MN 31.9 38.9  

                 Washington County, MD 37.9 32.2  

 Females Diabetes  

(N=973) 

No Diabetes 

(N=4440) 

p-value 

Baseline Age (years) 53.8 53.8 0.89 

 Center:    Forsyth County, NC 29.1 31.6 <0.0001 

                 Minneapolis, MN 26.8 36.5  

                 Washington County, MD 44.1 31.9  

  Prostate 

Cancer 

(N=373) 

No Prostate 

Cancer 

(N=3449) 

p-value 

Baseline Age (years) 56.5 54.2 <0.0001 

 Center:    Forsyth County, NC 29.2 29.2 0.85 

                 Minneapolis, MN 38.6 37.3  

                 Washington County, MD 32.2 33.5  
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Table E5.2 Adjusted associations between the type 2 diabetes genetic score and incident 

type 2 diabetes in women  

 
Significance threshold 

(PT) in discovery sample 

HR* 95% 

Confidence 

Intervals 

P-value 

0.05 1.06  (0.99-1.13) 0.10 

0.25 1.05  (0.98-1.11) 0.19 

0.50 1.04 (0.97-1.12) 0.20 

*Hazard ratios are per 1 standard deviation for the genetic score (SD: 7.0, 12.9, and 15.4 for Pt 0.05, 0.25, 

and 0.50, respectively) 
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Table E5.3. Adjusted association between the type 2 diabetes genetic score, modeled as 

quintiles, and incident type 2 diabetes in women  

 
 Quintile HR 95% CI p-value P for trend 

0.05 1 1.00 ref  0.18 

 2 0.93 (0.75-1.16) 0.52  

 3 1.01 (0.82-1.26) 0.90  

 4 1.10 (0.89-1.36) 0.38  

 5 1.08 (0.88-1.34) 0.47  

0.25 1 1.00 ref  0.45 

 2 1.16 (0.94-1.44) 0.18  

 3 0.98 (0.79-1.23) 0.88  

 4 1.00 (0.80-1.25) 0.99  

 5 1.18 (0.95-1.46) 0.13  

0.50 1 1.00 ref  0.61 

 2 0.97 (0.79-1.21) 0.83  

 3 1.06 (0.86-1.31) 0.60  

 4 0.97 (0.78-1.20) 0.76  

 5 1.07 (0.99-1.02) 0.07  
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Table E5.4 Adjusted association between the type 2 diabetes genetic score and incident 

prostate cancer  

 
Significance 

threshold 

HR 95% 

Confidence 

Intervals 

P-value 

0.05 1.03 0.94-1.14 0.40 

0.25 1.03 0.94-1.14 0.51 

0.50 1.03 0.93-1.13 0.57 

*Hazard ratios are per 1 standard deviation for the genetic score (SD=18.1, 44.8, and 56.8 for Pt 0.05, 0.25, 

and 0.50, respectively) 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

124 

 

Table E5.5 Adjusted association between the type 2 diabetes genetic score, modeled as 

quintiles, and incident prostate cancer  

  
 Quintile HR 95% CI p-value P for trend 

0.05 1 1.00 ref  0.16 

 2 1.00 (0.72-1.40) 0.99  

 3 1.45 (1.06-1.98) 0.02  

 4 1.21 (0.86-1.71) 0.27  

 5 1.19 (0.86-1.65) 0.28  

0.25 1 1.00 ref  0.07 

 2 1.01 (0.73-1.42) 0.92  

 3 1.34 (0.97-1.86) 0.07  

 4 1.44 (1.03-2.01) 0.04  

 5 1.21 (0.87-1.67) 0.26  

0.50 1 1.00 ref  0.11 

 2 1.14 (0.83-1.60) 0.41  

 3 1.32 (0.95-1.84) 0.10  

 4 1.41 (1.01-1.99) 0.04  

 5 1.23 (0.89-1.71) 0.21  
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Table E5.6 Top five type 2 diabetes gene set enrichment analysis (GSEA) results for six 

pathway databases 

 
Database Number 

of 

pathways 

queried 

Bonferroni 

corrected 

p-value 

Pathway Type 2 

diabetes 

GSEA p-

value 

Prostate 

cancer GSEA 

p-value 

GO 1778 0.00003 Single-stranded 

DNA binding 

0.0008 0.683  

 1778 0.00003 Endocytic vesicle 

membrane 

0.001 1 

 1778      0.00003 Nuclear-transcribed 

mRNA catabolic 

process, nonsense-

mediated decay 

0.003               0.465 

 1778 0.00003 Intracellular 

signaling cascade 

0.003 0.722 

 1778 0.00003 Arachidonic acid 

secretion 

0.004 0.250 

Panther 527 0.0001 Vision 0.003 0.924 

 527 0.0001 Annexin 0.003 1 

 527 0.0001 Protein targeting 

and localization 

0.007 0.754 

 527 0.0001 Calmodulin related 

protein 

0.007 0.407 

 527 0.0001 Chemokine 0.008 0.593 

Ingenuity 81 0.0006 Role of BRCA1 in 

DNA damage 

response 

0.002 1 

 81 0.0006 JAK stat signaling 0.020 1 

 81 0.0006 Chemokine 

signaling 

0.028 1 

 81 0.0006 14-3-3 mediated 

signaling  

0.057 0.576 

 81 0.0006 FGF signaling 0.059 1 

KEGG 186 0.0003 VEGF signaling 

pathway 

0.002 0.608 

 186 0.0003 Acute myeloid 

leukemia 

0.006 1 

 186 0.0003 Chemokine 

signaling pathway 

0.006 0.425 

 186 0.0003 FC Gamma R 

mediated 

phagocytosis 

0.007 0.840 

 186 0.0003 FC epsilon RI 

signaling pathway 

0.010 0.273 

BioCarta 214 0.0002 GH Pathway 0.0001* 0.439 

 214 0.0002 Calcineurin pathway 0.001 1 

 214 0.0002 CXCR4 pathway 0.004 0.250 

 214 0.0002 BCR pathway 0.006 1 
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 214 0.0002 CCR3 pathway 0.007 0.246 

Reactome 430 0.0001 Insulin synthesis 

and secretion 

0.0003 0.923 

  

430 

 

0.0001 

Regulation of gene 

expression in Beta 

cells 

 

0.002 

 

0.873 

  

430 

 

0.0001 

Activation of the 

pre-replicative 

complex 

 

0.002 

 

0.569 

 430 0.0001 Botulinum 

neurotoxicity 

0.002 1 

  

 

430 

 

 

0.0001 

Neurotransmitter 

receptor binding and 

downstream 

transmission in the 

postsynaptic cell 

 

 

0.003 

 

 

0.111 

*Statistically significantly associated pathway after Bonferroni correction 
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Table E5.7 GSEA p-values for top 5 pathways found in Perry et al. study of biological 

pathways associated with type 2 diabetes (Perry et al. 2009) 

 
Database Pathway Perry et al.  

p-value for type 2 

diabetes 

GSEA p-value for type 

2 diabetes (this study) 

KEGG Wnt signaling pathway 0.0007 0.429 

KEGG Olfactory transduction 0.0009 0.864 

GO  Organic acid 

biosynthetic process 

0.004  

0.481 

GO Regulation of Wnt 

receptor signaling 

pathway 

0.005  

 

0.221 

GO Odontogenesis 0.005 0.758 
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Table E5.8 GSEA p-values for top five pathways found in DMBase of biological 

pathways associated with type 2 diabetes (Lee et al. 2011) 

 
Database Pathway DMBase p-value 

for type 2 diabetes  

GSEA p-value for 

type 2 diabetes 

(this study) 

KEGG Adiopocytokine 

signaling pathway 

0.0000000000092 0.518 

KEGG Type II diabetes mellitus 0.000000011 0.039 

KEGG Insulin signaling 

pathway 

0.000000026 0.028 

KEGG Maturity onset diabetes 

of the young 

0.00000051 0.150 

BioCarta Growth hormone 

signaling 

0.0000013 0.0001* 

*Statistically significantly associated pathway after Bonferroni correction  
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Figure E6.1 Biocarta growth hormone pathway  
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Paper 3—A candidate gene analysis of Wnt signaling pathway genes and loci identified 

in the Meta-Analyses of Glucose and Insulin-related Traits Consortium (MAGIC) study 

and hemoglobin A1C (HbA1c) levels in the Epidemiology of Hearing Loss (EHLS) and 

Beaver Dam Offspring Study (BOSS) studies.    

 

F1. Objective 

Diabetes candidate gene studies that consider the associations between identified 

genes in a biological pathway and diabetes or quantitative traits associated with diabetes 

have been limited.  The Wnt/ β-catenin signaling pathway (Wnt) has recently been found 

to be strongly associated with type 2 diabetes in a genetic pathway analysis, even after 

excluding the TCF7L2 variant (Perry et al. 2009).  As a result, this analysis will seek to 

identify genetic variants in the well-documented Wnt signaling pathway that are 

associated with hemoglobin A1C (HbA1c) levels in the EHLS and BOSS cohorts.  Our 

secondary objective in this analysis was to replicate the recently identified loci that were 

associated with HbA1c levels in MAGIC consortium.   

 

F2. Summation of results 

 This analysis was designed to determine if genetic variants found in the Wnt 

signaling pathway are associated with HbA1c.  Secondarily, we sought to confirm the 

associations between three variants and HbA1c recently identified in a meta-analysis study 

of type 2 diabetes genome-wide association (GWA) studies.  This study were conducted 

in 2660 participants from the Epidemiology of Hearing Loss and Beaver Dam Offspring 
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studies and the associations between SNPs and HbA1c were tested using generalized 

estimating equations, to account for correlated family data.  Results indicated that none of 

the Wnt pathway genes were statistically significantly associated with HbA1c.   Nor did 

we identify any genetic variants associated with HbA1c after we stratified by age or sex.  

Finally, our analysis also failed to replicate the results of the MAGIC consortium meta-

analysis.   These results should be replicated in larger cohort studies and consider 

modeling the pathway itself, as the consideration of biological pathways increases the 

statistical power of the analysis.    

 

F3. Introduction 

SNPs are widely distributed in the genome and have a low mutation rate, which is 

why researchers have used them as genetic markers; however, while they are useful for 

association analyses the elucidation of the functional effects of these SNPs is more 

difficult (Bauer-Mehren et al. 2009).  The effect of SNPs at the protein or DNA level 

considers the effect at a single molecule level, whereas the function of proteins acts 

through pathways (Bauer-Mehren et al. 2009).  Thus, to truly understand the mechanisms 

underlying the disease we must consider the pathways within the biological system.   

The Wnts are a family of secreted glycoproteins that influence cell development.  

There are three known Wnt pathways, the most well-characterized of which is the Wnt/β-

catenin (canonical pathway) signaling pathway (Welters and Kulkarni 2008).  The 

pathway consists of extracellular ligands (Wnts), secreted antagonists, seven 

transmembrane cell surface receptors (frizzled), co-receptors (e.g. LRP5/6), and 
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intracellular signaling mechanisms, of which β-catenin is the most important (Schinner 

2009).  Wnts bind to frizzled receptors in conjunction with LRP family co-receptors and 

the resulting pathway activation prevents GSK-3 mediated phosphorylation of β-catenin 

and its consequent ubiquitin-mediated degradation (Lee et al. 2008).  Stabilized β-catenin 

translocates into the nucleus of the cell where it interacts with transcription factors of the 

TCF family to activate target genes that include the c-myc and cyclin D family members 

(Lee et al. 2008).   

 The Wnt signaling pathway is well-characterized, playing a documented role in 

embryogenesis and tumorigenesis; however, it has also recently been identified for its 

role in diabetes. The canonical Wnt signaling is involved in the development of 

pancreatic islets and the proliferation of pancreatic β-cells during embryonic development 

and adulthood (Jin 2008).  Wnt signaling also stimulates insulin secretion, as the Wnt co-

receptor, LRP5, is required for glucose-induced insulin secretion in the pancreatic islets 

and Wnt3a and Wnt5a ligands lead to the potentiation of glucose-stimulated insulin 

secretion (Liu and Habener 2010).  

The SNP that exhibits the strongest association with type 2 diabetes (TCF7L2) is 

a member of the Wnt signaling pathway and recent pathway analyses have that found that 

the Wnt signaling pathway is the pathway most significantly associated with diabetes, 

even in the absence of TCF7L2 (Perry et al. 2009).  To date, there have been no pathway 

analyses conducted with HbA1c as an outcome.  HbA1c is used clinically for diagnosis and 

management of diabetes and marks long-term blood glucose control.  A TCF7L2 variant 

has been found to be associated with HbA1c levels in a recent meta-analysis in individuals 
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who were not being treated for type 2 diabetes.  It is important to note that these were 

three isolated island populations, specifically the Orkney Isles in the north of Scotland, 

the Dalmation islands of Vis, and Korcula in Croatia (Franklin et al. 2010).  Thus, there is 

a need for replication in other populations, as island populations can often be subject to 

unique population structures that influence genetic variation, e.g. genetic drift.   

Genetic association analyses of HbA1c had been limited to the identification of 

TCF7L2 and HK1 loci; however, a recent meta-analysis identified ten loci that were 

significantly associated with HbA1c (Pare et al. 2008; Franklin et al. 2010; Soranzo et al. 

2010).  This analysis was conducted using data from 23 genome-wide association (GWA) 

studies and eight cohorts with de novo genotyped single nucleotide polymorphisms 

(SNPs) and had a total sample size of 46,368 individuals of European descent who were 

free of diabetes.   Three of the ten SNPs identified in the MAGIC analysis are found on 

the IBC Vascular Disease 50k SNP Array, which was used to genotype the EHLS and 

BOSS cohorts.  We attempted to replicate the associations between these SNPs and 

HbA1c in the EHLS and BOSS cohorts.   

 Thus, the purpose of this analysis is to identify associations between 

polymorphisms selected from candidate genes involved in the Wnt signaling pathway and 

genotyped on the IBC Vascular Disease 50k SNP Array with HbA1c levels in the Beaver 

Dam population.  We expected that the consideration of candidate genes that function 

within a pathway would be an efficient way to discover genes that may not meet 

statistical significance thresholds in large-scale genome-wide analyses.  We also 

hypothesized that three non-Wnt pathway SNPs associated with HbA1c in the MAGIC 
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consortium study would have significant associations with HbA1c in the EHLS and BOSS 

cohorts.    

 

F4. Methods 

Subjects 

The Beaver Dam Eye Study (BDES) was initially funded in 1987. The purpose of 

the study was to collect information on the prevalence and incidence of age-related 

cataract, macular degeneration, and diabetic retinopathy, which are all common eye 

diseases in an aging population. The study also has examined other aging issues, such as 

overall health, quality of life, and environmental exposures. During 1987-1988, a private 

census was conducted in the city and township of Beaver Dam, Wisconsin, which found 

that there were approximately 6000 individuals, aged 43 through 84 years.  This cohort 

was invited to participate in the BDES.   Of the 5924 eligible individuals, 4926 (83%) 

participated in the baseline eye examination phase between 1988 and 1990.    

The BDES participants alive as of March 1, 1993 were eligible to participate in 

the baseline examination of the Epidemiology of Hearing Loss Study (EHLS; n=4541), 

which occurred at the time of the 5-year follow-up visit for the eye study.  Of those 

eligible, 3753 (82.6%) individuals participated in the hearing study.   Of the 3047 EHLS 

participants alive as of March 1998, 2800 (82.2%) participated in the 5-year EHLS 

follow-up study conducted from 1998-2000. A ten year examination of the EHLS was 

conducted in 2003-2005 (n=2395) and a 15 year examination began in 2008.   
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The Beaver Dam Offspring Study (BOSS) is a cohort study of adult children of 

EHLS participants.  The adult children of participants in BDES and EHLS were invited 

to participate in the BOSS in 2005.  The purpose of BOSS is to evaluate genetic and 

environmental risk factors for sensory impairments (hearing, vision, sense of smell, sense 

of taste) and aspects of cardiovascular health and how they differ between pre- and post-

World War II generations.   

To identify eligible participants for BOSS, members of the parent population 

(EHLS participants) who had reported at least 1 living child were asked for permission to 

contact their children at the EHLS 5-year follow-up examination.   Of the 1,902 eligible
 

participants, 87.9% (n = 1,671) of those contacted gave permission
 
to contact their 

children, and 8.9% (n = 170) refused; 3.2%
 
(n = 61) were deceased, and no contact 

information for their
 
children could be obtained.   Of the 4,965 adult children eligible

 
for 

the BOSS, 3,285 (66.2%) participated, 731 (14.7%) refused,
 
23 (0.5%) had died, and 926 

(18.7%) failed to complete an examination
 
or questionnaire (Zhan et al. 2010).   We used 

phenotypic and biological data for this analysis from the BDES4/EHLS3 (2005-2007) 

and BOSS1 (2005-2007) examinations.    

Phenotypic Measurements 

 Trained interviews administered questionnaires that captured data including 

age, sex, and use of diabetes medications.  Height and weight were measured and body 

mass index was calculated as weight/height
2
 (kg/m

2
).  Obesity is defined as a body mass 

index greater than or equal to 30.  Blood samples for HbA1c measurement were collected 

during the fourth examination phase for EHLS and the first examination for BOSS.    
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 For EHLS, HbA1c was measured on an EDTA whole blood sample at the 

Beaver Dam Reference Laboratory using a Tosoh 2.2 plus Glycohemoglobin Analyzer.  

The analyzer uses a high performance liquid chromatography method.  Precision data for 

a sample run 20 times demonstrated a mean of 8.19 with a standard deviation of 0.06 and 

a CV of 0.7%.  The lab is certified by JCAHO and by the Health Care Financing 

Administration and participates in the Wisconsin State Laboratory of Hygiene's 

proficiency program.  For BOSS, HbA1c was measured on EDTA whole blood samples at 

the Collaborative Studies Clinical Laboratory, University of Minnesota-Fairview using a 

Tosoh 2.2 plus/Tosoh G7 glycohemoglobin analyzer high performance liquid 

chromatography method, calibrated using standards of the National Glycohemoglobin 

Standardization Program.  The laboratory CVrange was 1.4-1.9%. 

Genotypic Measurements  

Individuals were genotyped using the IBC Vascular Disease 50k SNP Array 

(Illumina, San Diego, CA) at the University of Pennsylvania.   Loci were identified for 

the IBC array using (1) literature searches for genes with known associations with 

cardiovascular disease, low-density lipoprotein, high-density lipoprotein, triglycerides, 

sleep, lung, and blood diseases (2) pathway-based tools that identified biologically 

plausible genes and (3) unpublished mouse atherosclerosis expression quantitative trait 

loci datasets.  The final set of loci were chosen based upon the strength of their 

associations with phenotypes of interest and their minor allele frequencies (>0.05) 

(Keating et al. 2008).   
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SNPs were selected using TAGGER software, which generated a set of tag SNPs 

and multi-marker predictors that captured variation in the four HapMap populations.  

Additional tag SNPs were identified via SeattleSNPs and the Environmental Genome 

Project resequencing data that was not represented in the HapMap populations using 

ldSelect.   SNPs were categorized by their assay design scores for the Infinium genomic 

platform technology (Illumina, CA) based on a theoretical algorithm and all previously 

attempted wet-lab Infinium assays. In an attempt to reduce the proportion of failed assays 

on the final product, the SNPs were pre-filtered for Infinium design scores ≥ 0.6 to 

reduce the proportion of failed assays on the final product and appropriate proxies were 

found to replace them.  Finally, two panels of ~1500 and ~400 admixture and ancestry 

informative SNP markers (AIMs) were included for African versus European ancestry 

and regional European (Northern vs. Southern) populations (Keating et al. 2008). 

Genotype data was initially available for 3751 individuals.  Quality control 

measures removed 188 individuals that had technical failures/contaminated DNA, 

mismatched for gender, or African/Asian/Hispanic admixture.  When data was linked 

using pedigree information for the 3563 genotyped individuals there were 1589 

biologically unrelated individuals.  

 The following genes from the Wnt signaling pathway are represented on the IBC 

chip used for genotyping:  TGFB2, CDKN2A, PPP2R2A, GSK3B, WNT2B, AKT3, 

EP300, CSNK2A2, CSNK1A1, TGFB1, WNT1, FZD1, BCL9, CSNK1D, TGFBR2, MYC, 

PPP2CA, CTNNB1, CSNK1E, DVL1, MAP3K7IP1, APC, GJA1, CSNK2B, TGFBR1, 

SOX5 (includes EG:6660), CDH5, AKT1, FZD2, SOX4, SOX6, LRP6, UBC, RARA, 



 

138 

 

MMP7, RARG, AXIN1, CDH1, CDH2, BTRC, TLE4, LRP5, TCF7L2, CD44, LRP1, 

RARB, TP53, PPARD, CSNK2A1, APC2, WNT2, LEF1, AKT2, HNF1A,  and TGFB3.  

There are 1343 SNPs on the IBC chip that were identified as being part of the Wnt 

pathway.  Fifteen of these SNPs were filtered out from analysis, as they did not achieve a 

95% call rate.  Another 603 were removed from analysis because their minor allele 

frequencies were <0.05.  After exclusions, this analysis was conducted with 725 Wnt 

pathway SNPs.  We also identified three out of ten SNPs, found to be significantly 

associated with HbA1c in the MAGIC consortium study, that were genotyped on the IBC 

chip bringing the total number of SNPs for analysis to 728 (Soranzo et al. 2010).      

Statistical Methods 

 Before analysis, we excluded 755 individuals on medication for type 2 diabetes or 

missing data regarding their medication usage, 119 from minority ethnic groups with 

small numbers, and 29 individuals with missing data on covariates.  This resulted in a 

final sample size of 2660 individuals.   

Means and proportions of baseline characteristics were computed for the total 

population.  The distribution of HbA1c was tested for normality, did not have a normal 

distribution, and was subsequently log transformed for analysis.  The associations 

between SNPs and HbA1c were tested using generalized estimating equations, as this 

statistical methodology accounts for correlated family data.   Models were adjusted for 

age and sex.  We modeled HbA1c as a continuous variable and dichotomized (HbA1c ≥6.5, 

<6.5) according to clinical guidelines for the diagnosis of diabetes (HbA1c ≥6.5, <6.5).  

Linear regression was used to analyze the continuous outcome and logistic regression 
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was used to analyze the dichotomous outcome.  The associations between HbA1c and 

SNPs were tested using an additive model of inheritance.     

Because studies have found that the TCF7L2 genetic variant was more strongly 

associated with type 2 diabetes in non-obese subjects compared to non-obese subjects, a 

multiplicative interaction term was introduced into models with significant associations 

between the main effects, SNPs and HbA1c, to test for the presence of a statistical 

interaction between obesity status (BMI ≥ vs. ≤ 30 kg/m
2
) and the SNPs (Cauchi et al. 

2006; Bouhaha et al. 2009; Timpson et al. 2009; Voight et al. 2010).   We also stratified 

models by sex and by age (≥50 and <50 years) and tested for associations between HbA1c 

and SNPs.   

Finally, we used the R program SimpleM (Gao et al. 2011) to calculate the 

effective number of independent tests, Meff.  SimpleM was developed to filter out the 

correlation among SNPs leaving only the effective number of independent tests, Meff.  

We used the Bonferroni correction to correct for multiple testing (α/M); however, we 

replaced M with Meff in the formula.  In this analysis, we calculated the effective number 

of independent tests in a sample of unrelated individuals and found that Meff was 657; 

consequently, the Bonferroni corrected p-value is 0.05/657=0.00008.  Statistical analyses 

were carried out using the SAS v.9.2 and R software packages (SAS Institute Inc., Cary, 

NC; R Development Core Team 2008).   
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F5. Results 

 Table F5.1 shows the baseline characteristics of the participants.   The majority of 

participants were women and the mean age was 64 years.  The mean BMI for the 

participants was 30.1, and the majority of participants were either overweight or obese.  

Ten percent of the population had HbA1c levels that indicated the presence of diabetes 

that is either undiagnosed or untreated, as prior to analysis we excluded individuals who 

were actively taking medication for diabetes.     

When HbA1c was modeled as a continuous variable, there were no SNPs 

significantly associated with HbA1c after controlling for age and sex (p>0.00008).  The 

ten best associations are shown in Table F5.2.   Likewise, when HbA1c was modeled as a 

dichotomous variable there were no SNPs significantly associated with HbA1c after 

controlling for age and sex; however, the ten best associations are presented in Table 

F5.3.   When the sample was stratified by sex and age, there were no statistically 

significant associations between SNPs and HbA1c when modeled as continuous or a 

dichotomous variable.  Finally, this analysis failed to replicate the association between 

the three MAGIC SNPs and HbA1c when modeled either as a continuous or 

dichotomized variable (Tables F5.4 and F5.6).   

 

D6. Conclusions 

This analysis in the EHLS and BOSS cohorts failed to identify any variants in the 

Wnt signaling pathway that met the statistical significance threshold for association with 

HbA1c in the total sample.  There were also no statistically significant associations when 
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we stratified by sex or age.  Finally, our analysis failed to replicate the three loci 

associated with HbA1c in the MAGIC consortium.   

In this analysis we modeled the minor allele frequency as the risk allele for the 

Wnt signaling pathway analysis; however, it is important to note that the three MAGIC 

SNPs modeled an effect allele, which was the minor allele for only one of the three SNPs 

(rs1799884).  The directionality of the estimated effect was the same for SNPs rs1800562 

and rs1799884 when HbA1c was modeled as a continuous variable, but for rs552976 the 

direction of the effect was negative in our analysis and positive in MAGIC (MAGIC: β= 

0.047; Beaver Dam: β= -0.004).  The MAGIC paper only modeled HbA1c continuously; 

thus, we were not able to compare the directionality of our parameter estimates for 

dichotomized values.    

The three loci identified by MAGIC are found in the ABCB11, GCK, and HFE 

genes.  The ABCB11 gene has previously been identified as significantly associated with 

fasting glucose concentrations in a genome-wide scan of Europeans (rs563694) (Chen et 

al. 2008).   Likewise, a variant in the glucokinase (GCK) gene has previously been shown 

to be associated with fasting glucose and insulin secretion (rs1799884) (Stone et al. 1994; 

Stone et al. 1996; Rose et al. 2005).   

ABCB11 is involved in ATP-dependent secretion of bile salts and almost 

exclusively expressed in the liver.  Chen et al. note that if ABCB11 were contributing 

significantly to variation in fasting glucose one would expect to also see statistical 

associations with lipids or insulin sensitivity, as drug trials have shown that bile acid 

sequestrants lower glucose concentrations and improve insulin sensitivity.  However, the 
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SNP identified in the Chen et al. analysis was not associated with either of these 

outcomes and the authors noted that biological evidence directly linking ABCB11 to 

regulation of glucose concentrations is scarce (Chen et al. 2008). Glucokinase is an 

enzyme that converts glucose to glucose-6-phosphate, forming the critical step in 

secretion-stimulus coupling in pancreatic β cells, and consequently biologically plausible 

that it is associated with HbA1c levels (Chen et al. 2008).  Finally, the hemochromatosis 

(HFE) gene is involved in iron homeostasis and was associated with lower levels of 

HbA1c as opposed to the higher levels expected from epidemiologic observations of 

increased HFE mutation prevalence in patients with type 2 diabetes.  Soranzo et al. 

hypothesize that the paradox may result from a shift in glucose to hemoglobin molar ratio 

associated with higher overall hemoglobin, resulting in a decrease in the percentage of 

glycated hemoglobin (Soranzo et al. 2010).   

Biologically, GCK seems to be the only locus confirmed by a secondary study 

that has a clear and defined etiological association with glucose homeostasis.  Further, no 

studies have been conducted so far that confirm the association between the HFE loci and 

HbA1c.  However, it is not likely that these genetic variants are false positives.  The 

failure of our own analysis to replicate statistically significant associations identified by 

MAGIC is more likely due to the fact that we were statistically underpowered , possibly 

because of a smaller effect of these genetic variants on HbA1c and much smaller sample 

size when with MAGIC (Moore et al. 2008).   

An important limitation is that the SNPs represented on the IBC Vascular Disease 

50k SNP Array are not a complete representation of the SNPs associated with the Wnt 
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pathway.  Rather, the SNPs selected for this genetic array were chosen on the basis of 

cardiovascular risk and not on the basis of genetic pathways.  Also, this is a cross-

sectional analysis with a single measurement of HbA1c .  The strengths of our study 

include it being a large population-based cohort with standardized data collection 

methods.  Further to our knowledge, this analysis the first to characterize the association 

of genetic variants in a well-documented biological pathway and HbA1c .      

 In summation, our results failed to identify genetic variants located in the Wnt 

signaling pathway that are associated with HbA1c levels in the EHLS and BOSS cohorts.   

This analysis also failed to replicate the genetic variants identified in the MAGIC 

consortium that were associated with HbA1c levels.   Further studies in larger cohorts are 

needed to confirm these results.  Future studies should also consider testing for 

associations with the Wnt signaling pathway itself, as this is a more statistically powerful 

methodology for the identification of genetic variants associated with a disease outcome.   
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Table F5.1 Baseline characteristics of study participants (N=2660) 

 

Characteristic 

Mean (SD) 

or % 

Age (years) 

64.2 

(14.3) 

Sex, % male 43.1 

BMI (kg/m
2
) 

30.1 

(6.6) 

     Normal (<25) (%) 22.7 

     Overweight (25-30) (%) 33.1 

     Obese (≥30) (%) 44.2 

HbA1C  5.7 (0.8) 

HbA1C >=6.5 (%) 10.3 
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Table F5.2 Ten most significant associations between Wnt pathway genetic variants and 

HbA1c (%) when modeled as a continuous variable 

 

SNP Nearest Gene 

Minor 

Allele 

 

Major 

Allele 

Minor 

Allele 

Frequency β* SE p-value Variant Type 

rs2228946 WNT2 A 

 

G 0.23 -0.011 0.003 0.001 UTR-3 

rs312016 LRP5 A 

 

G 0.31 -0.011 0.003 0.002 Intron 

rs1991784 RARB T 

 

C 0.06 0.021 0.008 0.010 Intron 

rs312009 LRP5 T 

 

C 0.20 0.010 0.004 0.011 5 upstream 

rs17047804 TGFBP2 C 

 

T 0.11 -0.012 0.005 0.014 Intron 

rs1800164 LRP1 A 

 

G 0.35 -0.008 0.003 0.014 Intron 

rs12285597 SOX6 A 

 

T 0.11 0.013 0.005 0.014 Intron 

rs1393923 SOX6 G 

 

A 0.11 0.013 0.005 0.015 Intron 

rs12291741 SOX6 T 

 

A 0.08 0.014 0.006 0.015 Intron 

rs900 TGFB2 T 

 

A 0.24 -0.009 0.004 0.016 UTR-3 

*Minor allele compared to the major allele 
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Table F5.3 Ten most significant associations between Wnt pathway genetic variants and 

HbA1c when modeled as a dichotomous variable (≥6.5 or <6.5%) 

 

SNP Nearest Gene 

Minor 

Allele 

 

Major 

Allele 

Minor 

Allele 

Frequency β* SE p-value Variant Type 

rs10876966 LRP1 T 

 

C 0.26 0.361 0.117 0.002 Intron 

rs7100388 TCF7L2 G 

 

A 0.09 -0.358 0.143 0.012 Intron 

rs757460 AXIN1 C 

 

G 0.28 0.255 0.104 0.014 Intron 

rs1362943 TCF7L2 A 

 

G 0.35 0.215 0.096 0.025 Intron 

rs10502002 MMP7 T 

 

A 0.07 -0.367 0.164 0.025 Intron 

rs11466521 TGFBR2 T 

 

C 0.21 0.285 0.131 0.030 Intron 

rs922939 RARB G 

 

T 0.33 -0.205 0.094 0.030 5 upstream 

rs7311091 WNT1 T 

 

C 0.09 0.371 0.171 0.031 Unknown 

rs12291741 SOX6 T 

 

A 0.08 -0.305 0.142 0.032 Intron 

rs11594681 TCF7L2 A 

 

G 0.39 0.197 0.092 0.032 Intron 

*Minor allele compared to the major allele 
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Table F5.4 Associations between MAGIC SNPs and HbA1c modeled as a continuous 

variable 

 

SNP 

Nearest 

Gene 

Effect 

Allele 

 

 

Other 

Allele 

Effect 

Allele 

Frequency β SE p-value 

Variant 

Type 

rs552976 ABCB11 T 

 

C 0.63 -0.004 0.003 0.27 Intron 

rs1800562 HFE G 

 

A 0.95 0.006 0.006 0.33 Missense 

rs1799884 GCK G 

 

A 0.16 0.003 0.005 0.45 5 upstream 
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Table F5.5 Associations between MAGIC SNPs and HbA1c modeled as a dichotomous 

variable 

 

SNP 

Nearest 

Gene 

Effect 

Allele 

 

 

Other 

Allele 

Effect 

Allele 

Frequency β SE p-value 

Variant 

Type 

rs552976 ABCB11 T 

 

C 0.63 0.124 0.093 0.18 Intron 

rs1800562 HFE G 

 

A 0.95 -0.079 0.196 0.69 Missense 

rs1799884 GCK G 

 

A 0.16 -0.180 0.121 0.13 5 upstream 
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G Conclusions 

 The final section of this dissertation summarizes the conclusions of each of the 

three papers and then discusses the conclusions as a whole.  Specifically, it addresses 

where the results of these analyses can be placed within the existing literature. 

 

G1. Conclusions from paper 1 

 The primary conclusion from paper one is that few of the novel risk factors that are 

associated with type 2 diabetes in the ARIC study improved risk prediction above and 

beyond traditional risk factors.  Specifically, none of them improved the AUC.  The 

addition of FEV1 modestly improved the NRI in the total cohort, but no additional risk 

factors improved the NRI in the smaller case-control study (NRI: 0.54%; 95% CI: 0.33-

0.86%).   Finally, a number of novel risk factors in both the total cohort and the case-

cohort modestly improved the IDI.  Despite the fact that risk factors may have 

statistically significantly improved NRIs and IDIs, these measures are modest and 

unlikely to contribute to clinical risk reclassification or discrimination.  Thus, while these 

novel risk factors may each be associated with type 2 diabetes and improve our 

understanding of the pathogenesis of this disease, they contribute little to identifying 

individuals at elevated risk of diabetes (Sattar et al. 2008).   

 

G2. Conclusions from paper 2 

 The primary conclusion from paper two is that a set of score alleles derived from a 

GWA analysis of incident type 2 diabetes in men is not statistically significantly 
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associated with incident type 2 diabetes in an independent sample of women or with 

prostate cancer in men from the ARIC study.  Secondarily, separate pathway analyses of 

GWA results from both type 2 diabetes and prostate cancer failed to identify a common 

pathway that was strongly associated with both type 2 diabetes and prostate cancer.  

However, our analysis find that the growth hormone signaling pathway was statistically 

significantly associated with type 2 diabetes alone (p=0.0001).  This is consistent with a 

previous analysis that contributed to the DMBase, which is an integrated web-based 

genetic information resource for diabetes mellitus designed to provide genomic variants, 

genes, and secondary information derived for researchers (Lee et al. 2011).   The growth 

hormone signaling pathway is one of the 19 pathways identified by the DMBase as being 

statistically significantly associated with type 2 diabetes (p=0.0000013).   

 

G3. Conclusions from paper 3 

 The primary conclusion from paper three is that common genetic variants found in 

the Wnt pathway were not significantly associated with HbA1c.  We were also unable to 

identify any genetic variants associated with HbA1c when we stratified by age and sex.   

Finally, we were unable to replicate the findings of the recent meta-analysis conducted by 

the MAGIC consortium (Soranzo et al. 2010).    

 

G4. Risk prediction and novel risk factors: the importance of good study design  

 Currently the most commonly used type 2 diabetes risk scores are the Finnish 

Diabetes Risk Score (FINDRISC) and the Diabetes Risk calculator.  FINDRISC is based 
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on age, BMI, waist circumference, use of antihypertensive medication, history of 

elevated blood glucose, daily physical activity, and daily intake of fruits and vegetables, 

and the Diabetes Risk Calculator uses age, waist circumference, gestational diabetes, 

height, race/ethnicity, hypertension, family history of diabetes, and exercise to calculate 

risk.  FINDRISC is based upon research in a Finnish population and the Diabetes Risk 

Calculator is based upon research in the United States in individuals of different racial 

and ethnic backgrounds (Saaristo et al. 2005; Heikes et al. 2008).   The AUC for 

FINDRISC is 0.65 in men and 0.66 in women and the AUC for the Diabetes Risk 

Calculator is 0.70 for predicting impaired glucose tolerance, impaired fasting glucose, or 

undiagnosed diabetes (Saaristo et al. 2005; Heikes et al. 2008).   Thus, many individuals 

will develop type 2 diabetes that would not currently be identified via the two most 

utilized risk prediction models, and many that are identified as high risk will not develop 

the disease (Willems et al. 2011).    

 Risk models that include added measures of traditional biochemical/clinical 

measures have AUCs that are as high as 0.85; however, many of these risk factors change 

over time and the modest increase in AUC associated with them may not warrant the cost 

and inconvenience to the population being served (Sattar et al. 2008; Willems et al. 

2011).   Recently, there has been a great deal of interest in the ability of genetic risk 

scores to predict type 2 diabetes, as they are risk factors that can be measured early in life 

and does not change over time.  However, to date the AUCs associated with genetic risk 

scores are much lower than those generated by simple clinical models, with AUC values 
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ranging from 0.55 to 0.68 for genetic models of diabetes incidence and AUCs ranging 

from 0.61 to 0.92 for clinical models (Willems et al. 2011).    

 Researchers who continue to advocate for the use of genetic scores in risk prediction 

models note that some of the studies yielding these AUCs have methodological issues 

that may generate AUCs that do not capture the true contribution of genetic scores to risk 

prediction.  These methodological issues include the use of cross-sectional and case-

control studies instead of prospective analyses with follow-up data, the demographic 

characteristics of the study population, and the differences in demographic and clinical 

characteristics between patients and non-patients (Willems et al. 2011).  A number of 

these methodological issues have been recently described in a report by a 

multidisciplinary panel that issued the Genetic Risk Prediction Studies (GRIPS) 

statement, which is intended to improve upon the transparency, quality, and completeness 

of the research methodology behind genetic risk prediction studies (Janssens et al. 2011).    

 Lyssenko et al. have shown that the AUC estimated from a clinical risk prediction 

model decreases and that associated with a genetic risk prediction model increases with 

increasing duration of follow-up time for type 2 diabetes (Lyssenko et al. 2008).  

Likewise, to date no type 2 diabetes risk prediction studies have been conducted in 

younger populations (<40 years of age), but it is hypothesized that genetic risk factors 

may be more predictive in younger individuals who have not developed clinical risk 

factors (Willems et al. 2011).   A recent study by de Miguel-Yanes did find that the 

addition of a 40 SNP genetic risk score significantly improved risk classification of type 

2 diabetes beyond clinical risk factors among younger people but not among older 
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individuals (<50 years of age vs. ≥50 years of age) (de Miguel Yanes et al. 2011).  

Therefore, future analyses that incorporate prospective study designs and model risk in 

populations with different demographic characteristics may yield greater improvements 

in risk prediction.    

 There are a number of emerging risk factors, beyond genetic risk scores, that have 

recently been found to be associated with type 2 diabetes; however, a risk factor can be 

associated with type 2 diabetes and still not contribute meaningfully to risk prediction.  

To date, the incorporation of novel risk factors into prediction models has been limited.   

Future studies should create risk models that include novel risk factors and look for 

significant changes in the AUC, NRI, and IDI.   Further, both the association with and the 

prediction of type 2 diabetes should be modeled in a variety of populations, as prediction 

and association will differ according to age, sex, ethnicity, and diabetes incidence rate 

(Sattar et al. 2008).  Finally, all future studies of the contributions of novel risk factors to 

risk prediction must design studies that methodologically account for the six sources of 

potential bias in prognostic studies, i.e. study population, study attrition, prognostic factor 

measurement, outcome measurement, confounding measurement and account, and 

analysis (Hayden et al. 2006).  Many of the reporting recommendations for the evaluation 

of genetic risk prediction models recently issued by GRIPS are relevant to all future 

prognostic studies incorporating novel risk factors (Janssens et al. 2011).  Although the 

novel risk factors evaluated in this dissertation did little to improve risk prediction, large, 

carefully designed cohort studies likely will be needed in the future to systematically 

evaluate the predictive properties of each new biomarker as it is discovered.   
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G5. The missing heritability of type 2 diabetes 

 As aforementioned, heritability analyses have found strong evidence in support of 

the genetic contributions to type 2 diabetes.  Monozygotic twins are 70% concordant for 

type 2 diabetes, whereas dizygotic twins are only 20-30% concordant (Ridderstrale et al. 

2009).  The disease clusters in families and offspring of parents with diabetes have a 

lifetime risk of 35% of developing type 2 diabetes if one parent has type 2 diabetes and 

70% if both parents have type 2 diabetes, compared to a lifetime risk of 10% in the 

general public (Grarup et al. 2010).   The relative risk for siblings of an affected person is 

2 to 3 (Lyssenko et al. 2005).  However, while it is clear that genetic factors contribute to 

the risk of this disease the identification of these genetic variants has been limited.   

 The advent of GWA studies was meant to overcome the limited success of genetic 

linkage studies, which often have low power and resolution for variants with modest 

effect sizes, and candidate gene studies, where sample sizes are smaller and the variants 

assessed are limited (Manolio et al. 2009).  To date, GWA studies have identified and 

replicated over 40 SNPS that affect the risk of type 2 diabetes, with modest effect sizes of 

1.05-1.35 (Willems et al. 2010).  However, these variants account for a small proportion 

of the total heritability of type 2 diabetes.  A recent meta-analysis conducted by the 

DIAGRAM-plus consortium estimated that the 30+ type 2 diabetes associated SNPs 

could only explain 10-15% of the sibling relative risk of 3 (Ahlqvist et al. 2011).  

Relatively weak associations between common genetic variants and type 2 diabetes 
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suggest that such associations are difficult to detect or replicate, even in large cohort 

studies such as the ARIC study or EHLS/BOSS, which enrolled thousands of 

participants.   

 Given these modest results from GWA studies, some researchers have speculated  

that there is a large fraction of missing heritability in type 2 diabetes yet to be found.  

Population genetics could explain the lack of variants with a larger effect size, as natural 

selection against harmful disease-causing variants may keep genetic effect sizes low.  

Studies show that long-term stabilizing selection minimizes the presence of individuals in 

a population with trait extremes, partially by reducing the additive genetic effects of 

alleles already present or those that arise de novo by mutation (Manolio et al. 2009).  

These variants with low allele frequencies and small allelic effects may remain 

unidentified in GWA analyses with stringent significance thresholds. 

  Heritability may also be undetected if current studies are not fully surveying the 

potential causal variants with each gene.  Relative risks for marker SNPs will 

underestimate the relative risks associated with causal variants (Manolio et al. 2009).  

Alternatively, low frequency (MAF=0.5-5%) and rare (<0.5%) variants that contribute to 

disease risk may not have been identified, in addition to structural variants (such as copy-

number variants and copy-neutral variants) that are not captured by the arrays presently 

utilized (Ahlqvist et al. 2011).   Thus far, the majority of genetic studies have been 

conducted in European ancestry populations; however, genetic variation is greatest in 

populations with recent African ancestry (International HapMap Consortium 2007).  

Studying these populations would likely lead to greater identification of these rare 
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variants in addition, to narrowing the large chromosomal regions of association identified 

in European-origin populations because of linkage disequilibrium (Manolio et al. 2009).   

 Finally, there is the possibility that the heritability studies of type 2 diabetes 

overestimate the inherited genetic contribution to the disease.  Narrow sense heritability, 

h
2
, is the proportion of phenotypic variance in a population attributable to genetic factors 

and is estimated from family studies.  These estimates can be inflated if the family 

resemblance is influenced by non-additive genetic effects such as dominance and 

epistasis or gene-gene interactions, shared familial environments, and by correlations or 

interactions among the genotype and the environment (Manolio et al. 2009).   

 It is now possible to validate existing heritability estimates using genome-wide 

markers that provide empirical estimates of identity by descent.  Visscher et al. employed 

this approach to estimate genetic variance, which was based upon the observed 

proportion of the genome that is shared by relatives and does not make any assumptions 

about the variation between families, thus excluding possible confounding between 

nature and nurture.  Simulations conducted by Visscher et al. verified the previously 

estimates of the heritability of height from conventional family-based studies (Visscher et 

al. 2006).    

 Future research may identify missing heritability via (1) targeted or whole-genome 

sequencing of people with extreme phenotypes; (2) using expanded reference panels for 

genomic variation to enhance coverage of existing and future GWA studies; (3) mining 

existing GWA studies for associations with structural variants and; (4) expanding sample 
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sizes by conducting larger individual studies and meta-analyses, particularly in people of 

non-European ancestry (Manolio et al. 2009).   

 

G6. Pathway analyses:  potential for etiological translation and the identification of 

missing heritability  

 In polygenic or oligogenic disorders, such as type 2 diabetes, many of the recently 

identified variants lie outside the coding regions of genes and are consequently 

hypothesized to influence transcript regulation rather than gene function.  Because our 

knowledge of gene regulation is incomplete, we are unable to completely characterize the 

downstream consequences of these non-coding variants.  Functional studies are 

warranted to fully explicate the role of these genetic variants in the pathophysiology of 

this disease (McCarthy 2010).  

 Future analyses can use GWA results to help define the function of individual 

genetic variants, by analyzing these variants within biological pathways.  Studies indicate 

that a limited number of biological pathways contribute to the etiology of complex traits 

such as type 2 diabetes, which indicates that a large proportion of disease variants are 

functionally related and/or interact with each other in biological pathways (Elbers et al. 

2009).   Therefore, GWA variants can be grouped by biological pathway and that 

pathway can be tested for an association with type 2 diabetes or other diseases.  The 

consideration of SNPs in a biological pathway increases statistical power and 

incorporates biological knowledge into the analysis, which may help researchers interpret 

their results using a functional framework (Fridley and Biernacka 2011).  Such pathway-



 

158 

 

based approaches allow investigators to formally evaluate the possibility that 

epidemiologic data linking different disease conditions, such as type 2 diabetes and 

prostate cancer, may be at least partly explained by a shared genetic etiology (i.e. 

pleiotropy).   

 Pathway analysis may also contribute towards explaining the missing heritability of 

type 2 diabetes.  As stated previously, real but weak associations may be missed due to 

the stringent statistical thresholds enacted to account for multiple comparisons.  Pathway 

analyses allow the researcher to test disease association with genetic variants in a group 

of functionally related genes that belong to the same biological pathway (Wang et al. 

2011).  Perturbations of the pathway contribute to disease risk.  While each variant may 

contribute a modest effect on disease risk, when considered together one may have 

greater power to detect the associations between a group of SNPs in a biological pathway 

and type 2 diabetes (Fridley and Biernacka 2011).  Thus, sets of biologically related 

SNPs are identified that significantly contribute to the heritability of this disease.   
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I. Appendix 

 

Table H1. The ARIC study: interviews and procedures by examination 
Procedures Visit 1 Visit 2 Visit 3 Visit 4 

ANTHROPOMETRY     

HEIGHT     

Sitting Height X    

Standing Height X  X X 

FRAME SIZE     

Elbow  X   

Wrist X    

GIRTHS     

Calf X    

Hip X X X X 

Waist X X X X 

SKINFOLDS     

Subscapular X X   

Triceps X X   

WEIGHT X X X X 

MALE BALDNESS    X 

BLOOD PRESSURE     

SITTING X X X X 

SUPINE X  S S 

STANDING X  S S 

ANKLE X  X X 

ELECTROCARDIOGRAPHY     

Jackson   X  

ELECTROCARDIOGRAMS     

2 MINUTE RHYTHM STRIP X    

12 LEAD X X X X 

HEART RATE VARIABILITY X   A 

GLYCEMIC LOAD    X 

MEDICAL DATA REVIEW X X X X 

MRI, CEREBRAL     

Forsyth County   X  

Jackson   X  

PERIODONTAL 

EXAMINATION 

   A 

PHYSICAL EXAMINATION     

Walking/Standing X    

Neck X    

Cardio/pulmonary X    

Breast X    

Lower extremities X    

Urine collection     X 
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PULMONARY FUNCTION     

FEV1 X X   

FVC X X   

Max. Inspir. Pressure  X   

RETINAL PHOTOGRAPHY   X  

ULTRASOUND, B-MODE     

CAROTID ARTERIES X X S S 

DISTENSIBILITY  X X   

POPLITEAL ARTERY X    

VENIPUNCTURE     

CHEMISTRIES     

Glucose X X  X 

Creatinine X X  X 

Insulin X X  X 

Total Protein X    

Albumin X    

Uric Acid X X  X 

Urea Nitrogen X    

Calcium X    

Phosphorous X    

Magnesium X X   

Sodium X X   

Potassium X X   

Glucose Tolerance    X 

HEMATOLOGY     

Hematocrit X X   

Hemoglobin X X   

White Blood Cell Count X X   

Platelet Count X X   

Neutrophil Count X X   

Neutrophil Bands X X   

Lymphocytes X X   

Monocytes X X   

Eorinophils X X   

Basophile X X   

Mean Corpuscular Volume  X   

HEMOSTASIS     

Factor VIII X  S  

Factor VII X    

Activated PTT (aPTT) X    

Fibrinogen  X  S  

Von Willebrand Factor X    

Protein C X    

Antithrombin III (AT-III) X    

LIPIDS     

HDL Subfractions X    
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Apo A1 X X   

Apo B X X   

Total Cholesterol X X X X 

Total Triglyceride X X X X 

HDL Cholesterol X X X X 

LDL Cholesterol X X X X 

Lipoprotein (a) X    

INTERVIEWS     

Blood Transfusion    X 

CHD Events/ Procedures X X X X 

Cognitive Function  X MRI X 

Dietary Intake X S X S 

Family History  of CHD  X   

Fasting Status X X X X 

Health History X X X X 

Home Interview X    

Identification X Updated Updated  Updated 

Inflammation    X 

Informed Consent X X X X 

Medication Survey X X X X 

Personal History X X X X 

Physical Activity X  X  

Reproductive History X X X X 

Respiratory Symptoms X X   

Social Support X X X X 

Socioeconomic Status X X X X 

TIA/Stroke X X X X 

Trait Anger  X   

Vital Exhaustion    X  

Vitamin Survey    X  

S=Sample of the cohort; A=Ancillary study mechanism 

 

 

 

 

 

 

 



 

183 

 

Table H2. Measurements made in BOSS and EHLS, 2005-2008 

Examination Components 

Auditory Ocular Olfactory CVD Cognitive Gustatory Laboratory 

Otoscopy Visual Acuity SDOIT Ankle-

Brachial 

Index 

Trail making 

AB 

Taste 

Sensitivity 

Cholesterol 

Tympanometry Refraction  Blood 

Pressure 

and Pulse 

Grooved 

Pegboard 

PROP HDL-C 

Audiometry Accommodation  BMI MMSE (50+) Hedonics CBC 

Word Recognition Contrast 

Sensitivity 

 Carotid 

Ultrasound 

 Tongue 

Image 

Hemoglobin 

A1C 

Dichotic Digits IOP  Pulse wave 

velocity 

  Storage 

DPOAE Ocular images  Waist    

Questionnaire Components 

Demographic Environmental Behavioral Medical 

History 

Treatments Other  

Education Chemicals Alcohol 

consumption 

Allergies Assistive 

learning 

CES-D  

Ethnicity/Race Heavy metals Diet choices Balance/ 

dizziness 

Devices Hearing 

function 

 

Income Household 

exposures 

Hobbies CVD Eyeglasses and 

contacts 

SF-36  

Insurance Noise Physical 

activity 

Colds and 

sinuses 

Hearing aids Smell 

function 

 

Military service Residential 

history 

Smoking Diabetes Medications Taste 

function 

 

Occupation Sunlight  Gum 

disease 

Surgeries and 

procedures 

VFQ-25  
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 Tobacco smoke  Head injury Vaccination Vision 

function 

 

   Infection/ 

illnesses 

   

   Sensory 

disorders 

   

 

 


