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ABSTRACT 

 

Talbert, Matthew E. 

 

POSITIONAL CLONING OF ADIPOSITY GENES IN ETHNIC MINORITIES OF 

THE INSULIN RESISTANCE ATHEROSCLEROSIS FAMILY STUDY 

 

Dissertation under the direction of  

Donald W. Bowden, Ph.D., Professor of Biochemistry and Internal Medicine, Assistant 

Director, Center for Human Genomics 

 

Obesity is defined as a clinically determined excess of body mass for a given 

body size.  Complex obesity poses one of the greatest health threats to the developed 

world, mainly due to the comorbidities to which the obese are predisposed (ex. type 2 

diabetes, cardiovascular disease, and cancer).  The origin of obesity is the combination of 

an individual’s obesogenic environment, lifestyle, and predisposing genetic variation.  

The known physiologic profile of visceral adipose tissue suggests that it could be 

responsible for obesity’s pathogenicity.  Furthermore, African Americans and Hispanic 

Americans are at a disproportionately higher risk for obesity compared to European 

Americans. 

   

Despite the severity of the “obesity epidemic,” little is known about the genetic 

components of polygenic obesity.  Moreover, a majority of studies of the genetic 

contributors of obesity utilize only European-derived populations, often focusing solely 

on whole-body anthropometrics.  This dissertation utilizes the Insulin Resistance 

Atherosclerosis Family Study (IRASFS), which is a multi-center cohort that consists of 

the extended families of Hispanic (recruited in San Antonio, TX and San Luis Valley, 

CO) and African Americans (recruited in Los Angeles, CA).  A unique obesity genetics 

study, the IRASFS not only incorporates ethnic minority populations, but possesses direct 

adiposity phenotypes, such as cross-sectional, computed tomography (CT)-derived 

measurements of abdominal visceral and subcutaneous fat area 

 

The dissertation’s main objective is to determine the genetic components of 

obesity in the ethnic cohorts of the IRASFS through positional cloning of genes and 

genetic variants influencing intermediate adiposity phenotypes.  Presented herein are 

descriptions of the methods used, and the results of, candidate adiposity gene analysis via 

comprehensive single nucleotide polymorphism (SNP) genetic association study.  The 

research effort occurs during a time of transition from whole genome linkage mapping to 

genome-wide association study (GWAS) in human genetics, and this is reflected in its 

progression.  Published results regarding the linkage-derived candidate gene Suppressor 

of Cytokine Signaling 3 (SOCS3), the GWAS-implicated Insulin Induced Gene 2 

(INSIG2), and candidate genes suggested via GWAS in the IRASFS Hispanics are 

presented.  Finally, initial results regarding candidates obtained through GWAS in the 

IRASFS African Americans are presented.  
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INTRODUCTION 

 

 

Obesity is one of the most dire health threats to the developed world.  Increases in 

obesity prevalence over the last few decades have been undaunted despite increased 

medical and public awareness.  Today, a majority of US adults are either overweight or 

obese, and of these, most are ethnic minorities.  There is little known about the 

contribution of genetic factors to common obesity, and even less about those driving the 

ethnic disparity.  Furthermore, the genetic mechanisms linking obesity to its 

comorbidities are not understood, though visceral adiposity is demonstrably involved.  

Knowledge of the genes comprising the human predisposition to obesity, but especially 

in ethnic minorities, is necessary to appropriately personalize treatment and develop non-

surgical intervention. Modern genomics has made the implementation of genome-wide 

positional cloning techniques a reality, and has met with limited success in identifying 

whole-body adiposity genes in European-derived cohorts.  In Chapter I, obesity genetics 

and positional cloning in context of the Insulin Resistance Atherosclerosis Family Study 

are reviewed.  This dissertation occurs at a time of transition in positional cloning, and 

this is reflected in its research progression.  In Chapter II, the published results of 

candidate gene analysis following genome-wide linkage scanning in Hispanic Americans 

are presented.  In Chapter III, published results of candidate gene analysis suggested by 

the first genome-wide association scan for obesity are presented.  In Chapters IV and V, 

the results and candidate gene-based follow-up of genome-wide association scans in 

Hispanic Americans and African Americans are discussed. 
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Common Obesity: A Growing Epidemic 

 

An individual is overweight or obese if they have excess body mass in 

comparison to their body size.  A common index of obesity, the Body Mass Index (BMI) 

is derived from the weight of an individual divided by their squared height.  BMI values 

> 25 kg/m
2
 define overweight, values of > 30 kg/m

2
 define obesity, and values of > 40 

kg/m
2 

define morbid obesity (Kiernan and Winkleby, 2000; NHLBI, 2000; Wang and 

Beydoun, 2007).  Overweight and obesity prevalence is “epidemic,” affecting ~65% of 

adults in the US.  Of the overweight or obese US adults, 32% are obese and 4.8% are 

morbidly obese (Caballero, 2007; Havas, Aronne, and Woodworth, 2009; Virgin Brown, 

2009).  American prevalence estimates of obesity are often based upon the National 

Health and Nutrition Examination Survey, one of the largest longitudinal and nationally 

representative surveys of public health (Flegal et al, 2002; Ogden et al, 2006). 

Obesity Prevalence Disparity. More men are overweight or obese than women, 

but women have higher prevalence of obesity (Wang et al, 2008).  The prevalence of 

obesity alone also trends higher with increasing age (Hedley et al, 2004; Wang and 

Beydoun, 2007).  There are striking disparities in overweight and obesity prevalence in 

ethnic minorities, including African Americans (AAs) and Hispanic Americans (HAs).  

For instance, a 2003-2004 estimate shows that AAs and HAs had a 10% higher 

prevalence of overweight and obesity than European Americans (EAs; 76%, 75%, and 

64%, respectively).  The prevalences of obesity alone are also higher in AAs and HAs 

than EAs (45%, 37%, and 31%).  This repeatedly observed ethnic disparity is a focus of 

the dissertation.  Ethnicity is a cumulative risk factor, as overweight and obesity 

prevalence disparity for AA and HA women increases to ~20% compared to EAs (78%, 
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72%, and 57%, respectively).  If age is an additional consideration, 80% of AA and HA 

women over 40 years of age were overweight or obese (vs. ~60% in EAs), and ~50% 

were obese (vs. ~34% in EAs; Wang and Beydoun, 2007; Beydoun and Wang, 2009).  

The increased obesity risk in ethnic minorities, women, and older age is not completely 

explained (Cossrow and Falkner, 2004; Bray and Bellanger, 2006; Candib, 2007; Wang 

and Beydoun, 2007; Barrington et al, 2009; Robinson et al, 2009).  Notably, the ethnic 

obesity disparity is not fully explained by environmental indices, such as socioeconomic 

status (SES), and likely involves genetic differences (Olden and White, 2005; Reimann, 

Schutte, and Schwarz, 2007).  In fact, individuals of all SES’s and ethnicities have 

experienced longitudinal increases in BMI over the last decades (Robert and Reither, 

2004; Zhang and Wang, 2004; Clarke et al, 2009).   

Obesity and its Comorbidities.  Medical and scientific concern regarding obesity 

is due to the comorbidities to which the obese are predisposed; type 2 diabetes (T2DM) 

and cardiovascular disease (CVD) among them.  T2DM has shown the strongest and 

most recognized connection to obesity of any comorbidity (Colditz et al, 1995; Mokdad 

et al, 2003; Lazar, 2005; Brown et al, 2009; Jin and Patti, 2009).  In a recent meta-

analysis of obesity comorbidity from European-derived studies, the relative risk (RR) of 

T2DM for obese women was 12.41 and for obese men was 6.74 (Guh et al, 2009).  In 

addition to being at greater risk for obesity, US ethnic minorities have greater risk for 

T2DM and CVD (Lovejoy et al, 1996; Harris et al, 1998; Brancati et al, 2000; Mokdad et 

al, 2003; Cossrow and Falkner, 2004; Candib, 2007; Goedecke et al, 2009).  While 

T2DM has increased since the 1970s in all ethnicities and BMI groups; overweight EAs 



 5 

have experienced a 33% increase, overweight AAs a 60% increase, and overweight HAs 

a 227.3% increase (Zhang, Wang, and Huang, 2009).   

Obesity and Mortality. Ultimately, obesity translates to years of life lost and/or 

increased risk of mortality.  Once again, the relationship of obesity and mortality differs 

by ethnicity, especially between EAs and AAs.  The RR of mortality for obese 

individuals with no history of disease was 2.58 for EA men, 2.00 for EA women, and not 

significant in AA individuals (Calle et al, 1999; Bellanger and Bray, 2005; Bray and 

Bellanger, 2006).  Despite an ethnically heterogenous relationship between obesity and 

mortality, the death rate of ethnic minorities from obesity’s comorbidities remains higher 

(Cooper et al, 2000; Cossrow and Falkner, 2004; Singh and Deedwania, 2006; Albert, 

2007; Umpierrez et al, 2007; Desphande, Harris-Hayes, and Schootman, 2008).   

Obesity’s National Impact and Projection. It is predicted that more than 41% of 

the adult populace will be obese by 2015.  The largest projected prevalences of obesity 

for 2015 are in AA women, whom will be 62% obese, and HA women, whom will be 

47% obese (compared to 36% EA women, Wang and Beydoun, 2007; Beydoun and 

Wang, 2009).  The projections support the “ethnic shift hypothesis,” which claims the 

mounting obesity rates are due to disproportionate prevalence in the fastest growing 

ethnicities (namely HAs; Walley, Asher, and Froguel, 2009).  Aside from the personal 

costs to the individual, common obesity accounts for 5-8% of US healthcare costs 

(Thompson and Wolf, 2001; Finkelstein, Fiebelkorn, and Wang, 2003; Speakman, 2004; 

Ogden et al, 2006; Walley, Blakemore, and Froguel, 2006).   

 

 



 6 

The Origin of Obesity   

Common obesity is caused by a prolonged and positive metabolic balance in 

which the net expenditure of caloric energy is less than the net intake of caloric energy.  

Most individuals achieve this resultant to an interaction of environmental factors, 

lifestyle, and genetics; and as such, obesity is a complex disease.  The genetic factors of 

obesity are the focus of this dissertation; they are inherited variations in the genome that 

give rise to more obesogenic physiology.  

The Obesogenic Environment and Lifestyle.  The dissertation has previously 

alluded to the great extent to which the independent environmental factors of age, gender, 

and ethnicity affect risk of obesity.  Another broadly important environmental factor of 

obesity is the modernly built environment.  The character of one’s neighborhood of 

residence influences recreational options, available restaurants, and types of food markets 

(Diez-Roux et al, 1999; Cummins and Macintyre, 2006; Wang and Beydoun, 2007).  In 

turn, the presence of produce-selling supermarkets, exercise venues, and perceived 

personal safety provide reduced obesity risk (Lovasi et al, 2009).  Similarly, 

modernization has contributed to the obesity epidemic by reducing opportunities (or 

necessity) for walking, limiting space for active recreation while expanding sedentary 

options, and providing constant opportunity to eat while restricting at home eating (Goran 

and Weinsier, 2000; Frank, Andersen, and Schmid, 2004; Caballero, 2007).  Predictably, 

an individual’s built environment is strongly linked with SES and ethnicity.  As a result, 

higher rates of obesity are expected for those with the lowest SES, especially among 

women, AAs, and HAs (Cummins and Macintyre, 2006; Shrewsbury and Wardle, 2008).  
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Those of lower SES pursue affordable (and available) activities, live in lower-cost areas, 

and procure economical foods; all of which are often obesogenic.   

The increasing availability of food enhanced by refined sugars and vegetable oil 

was responsible for increases in height and weight throughout the 19
th
 century (Caballero, 

2007).  In the 21
st
 century, energy dense foods (such as pre-packaged foods, “fast food,” 

and sweetened beverages) have persisted beyond their nutritional need in the developed 

world.  These types of food can also contain suspected obesogenic ingredients, such as 

high fructose corn syrup or trans-fats (Saravanan et al, 2005; Kavanagh et al, 2007; 

Brown, Dulloo, and Montani, 2008).  The imperative for low SES individuals to provide 

for their children, as well as themselves, has resulted in the foods above becoming dietary 

staples.  As a result, children exposed to poor uterine nutritional conditions or the 

“economical diet” are of lower birth weight or exhibit growth retardation, but also have at 

least one obese family member.  Undernourishment exhibited by children in such dual 

burden households is a cumulative risk factor for later obesity (Jones and Freidman, 

1982; Doak et al, 2005; Caballero, 2007; Candib, 2007).   

Pervasive cultural influences are an environmental factor to consider.  The view 

of portion size has shifted to favor larger portions, with greater amounts of food seen as a 

“greater value (Young and Nestle, 2002; Wang and Beydoun, 2007).”  There is also near 

constant application of psychosocial stress.  Physiologically, stress-induced 

hypercortisolemia promotes adiposity through stimulation of a “stress-eating” coping 

response, and contribution to insulin resistance.  Behaviorally, stress-induced avoidance 

of clinical visits can deprive the overweight person of medical intervention (Drury and 

Louis, 2002; Muennig, 2008; Siervo, Wells, and Cizza, 2009).  Separately, HAs or AAs 
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are more likely to find a larger body size closer to their ideal size, and AAs are more 

likely to perceive larger body size as attractive (Juarbe, 1998; Becker et al, 1999; Bennett 

and Wolin, 2006; Lynch et al, 2007).  The preceding is of relevance, as an individual’s 

cultural identity directly determines the type and extent of food-centered traditions in 

which they engage (Candib, 2007).   

The lifestyle factors underlying common obesity can be divided into individual 

choices regarding physical activity and diet given an environment.  One third or more of 

US adults have not been as physically active as recommended (150 minutes of moderate 

activity or 75 minutes of vigorous activity per week).  Comparatively lower physical 

activity was recorded in the obese, those of lower SES, women, ethnic minorities, and 

with increasing age (CDC, 2008; King, 2009).  Simultaneously, more than 58% of adults 

have reported watching 2 or more hours of television per day, and the US teenager spends 

more than 30 hours a week (Bowman, 2006; Caballero, 2007; Swinburn and Shelly, 

2008). The net effect of such lifestyle choices regarding physical activity is reduction of 

active caloric expenditure, but also an increased caloric intake in some cases.  Evidently, 

US adults have increased caloric intake by about 200 kilocalories between the 1970s and 

1990s (Nielsen, Siega-Riz, and Popkin, 2002).  Americans are consuming more servings 

of sweetened beverage; as well as high calorie alcoholic beverages, but reducing 

consumption of nutritive ones like milk (Nielsen and Popkin, 2004).  Progressively more 

Americans also consume less fruits and vegetables than recommended, consuming less 

beneficial caloric sources instead (King et al, 2009).  Obesogenic diet choices are 

grounded in learned childhood behaviors, where there are modern increases in snacking, 

meals eaten out, meal-skipping, and portion size (Nicklas et al, 2001; Roblin, 2007).     
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Clearly, we live in an obesogenic environment, and the environmental and 

lifestyle factors underlying obesity are many.  The question of what combination best 

explains obesity risk has been explored by epidemiology for a number of years, as 

evinced by the number of studies cited above.  However, no one combination can 

completely explain obesity risk.  By casual observance, individuals under similar 

environmental conditions and lifestyles can have significantly different adiposity levels 

(Blakemore and Froguel, 2008; Dina, 2008; Walley, Asher, and Froguel, 2009).  The 

final component comprising obesity risk, and ultimately the focus of this dissertation, is 

predisposing, inherited variations in physiology. 

Proof for Obesity Genes. Some of the strongest proof for a genetic component 

underlying obesity risk comes from studies of BMI heritability (h
2
).  The h

2
 is the 

proportion of total trait variance attributable to genetic factors.  It can be calculated using 

a variety of study types; among them twin studies, in which the resemblance for a trait 

between monozygotic (MZ) twins is compared to the resemblance among dizygotic (DZ) 

twins.  The family study can obtain estimates of h
2
 and genetic contribution through 

determining BMI correlations in defined relative pairs (such as parent-offspring, full 

siblings, half siblings, cousins); the expectation being that correlation should be 

significant with greater proportion of genes shared.  Modern twin and family studies can 

also estimate h
2
 using variance components-based methods.  These methods decompose 

the observable trait variance between relative pairs (weighted by the proportion of genes 

shared) into its components: dominant genetic variance, additive genetic variance, and 

environmental variance.  Subsequently, the within-family genetic variance is compared to 
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the population trait variance to obtain h
2
 (Lange, Westlake, and Spence, 1976; Henkin et 

al, 2003; Strachan and Read, 2004; Hsu et al, 2005; Bowden, 2007; Wardle et al, 2008).   

A meta-analysis of BMI h
2
 and familial trait correlations in European-derived 

cohorts through 1997 reviewed the evidence for a genetic component to obesity.  The 

review found that h
2
 ranged from 50 to 90% in twin studies, implying that MZ twins had 

much greater BMI concordance than DZ twins (Maes, Neale, and Eaves, 1997).  

Interestingly, the most current twin study demonstrated a BMI h
2
 of 77% despite the birth 

of twins into the developed obesogenic environment (born in the 1990s; Wardle et al, 

2008).  In family studies, within-pair correlations varied much between cohorts, but all 

concluded a genetic role for obesity in the meta-analysis (Maes, Neale, and Eaves, 1997).  

The evidence for a heritable component to BMI is not limited to European-derived 

cohorts.  Variance component methods in the Diabetes Heart Study further confirmed 

these findings in family studies, where BMI h
2
 was estimated at 69% in a mixture of EAs 

and AAs (Hsu et al, 2005).  Additionally, the Insulin Resistance Atherosclerosis Family 

Study (IRASFS), the subjects of study in this dissertation, used a variance component 

method to show that BMI h
2
 was 54% for a mixture of HAs and AAs (Henkin et al, 

2003).   

Additional proof of obesity’s genetic component is the ability to rationalize its 

modern prevalence through evolutionary theory.  Neele’s “thrifty gene” hypothesis 

suggests that genetic variants predisposing humans to store energy as adipose tissue 

would be favored in ancient man.  Following the advent of agriculture, if ancient humans 

were undergoing strong selective pressures during alternating feast and famine seasons, 

those most likely to live through famine were those with adipose energy stores (Neel, 
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1962; Speakman, 2008).  However, the mortality directly caused by a modern famine (if 

reflective of ancient famines) seems too low, and the selective advantage needed 

unfeasibly high, to create the modern prevalence of obesity in the number of generations 

that have passed (Speakman, 2008; Song, 2009).  Therefore, it is likely that thrifty 

genetic variants would have also undergone fertility selection.  Conception and gestation 

partially depends on hypothalamic signals of proper energy balance, which are disrupted 

by malnourishment (Pinelli and Tagliabue, 2007; Prentice, Hennig, and Fulford, 2008).  

Those most likely to pass on their genetic material during “hungry seasons” would be 

those of reproductive potential with adiposity stores.  While increased ability to survive 

and reproduce during famine would have been advantageous to ancient man, these same 

“thrifty genes” are disease genes in modern caloric abundance.  A novel hypothesis 

suggests that modern obesity prevalence can be explained by “drifty genes.”  The “drifty 

gene” hypothesis argues that adiposity has undergone balancing selection with two 

intervention points: very large humans would be predated and the very lean would starve.  

Therefore, genetic variation of obesogenic loci that did not place an individual beyond 

these intervention points randomly accumulated and drifted.  Two million years ago, with 

the development of weapons, fire, and society, humans were effectively freed of the risk 

of predation.  Since then, obesity-predisposing genetic variants of even large effect size 

were no longer selected against, and were free to accumulate.  The “drifty gene 

hypothesis” does not only apply to a theoretical release from predation, but also extends 

to genes influencing neutral phenotypes in ancient man, such as the ability to digest 

refined sugars.  Mutation would be free to accumulate in genes involved in such 
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processes, as they were irrelevant to environmental conditions, but modernly comes to 

the forefront (Speakman, 2007; Speakman, 2008). 

 A final area of proof for complex obesity’s genetic component includes the 

murine models, as well as monogenic and syndromic forms of human obesity.  Murine 

models of obesity provided the first evidence of a solely genetic origin, as mice are not 

subject to the same environmental and lifestyle factors as humans.  For example, the 

archetypical murine models are the naturally occuring ob/ob mouse and the db/db mouse.  

These mice are quite obese, exhibiting hyperphagia, abnormal lipid profiles, and insulin 

resistance (Speakman, 2004; Speakman et al, 2007; Zhang and Scarpace, 2006).  The 

causative genes leptin (LEP) and its cytokine receptor (LEPR) were isolated using 

positional cloning, and this remains a classical use of the technique in mice.  The ob/ob 

mouse has a complete lack of LEP due to a nonsense polymorphism (Speakman et al, 

2007).  Conversely, the db/db mouse has reduced LEPR binding due to a nonsynonymous 

point mutation (Kobayashi et al, 2000).  LEP is an extremely potent hormone that is 

secreted by white adipose tissue (in proportion to adioposity) and the hypothalamus.   

The hormone’s purpose in humans is to convey the status of energy stores, 

allowing adjustment of energy intake and utilization accordingly.  It accomplishes its 

function by neural and peripheral metabolic means (Zhang and Scarpace, 2006).  LEP 

controls appetite neurologically by constitutively stimulating hypothalamic “satiety 

neurons” that produce anorexigens and inhibiting “hunger neurons” that produce 

orexigens (Munzberg and Myers, 2005; Mutch and Clement, 2006; Farooqi and 

O’Rahilly, 2009; Walley, Asher, and Froguel, 2009).  After binding LEPR in a “satiety 

neuron”, LEP causes proteolytic cleavage of proopiomelanocortin and cocaine and 
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amphetamine related transcript (POMC-CART) through prohormone convertase 1 (PC-1) 

into α-melanocyte stimulating hormone (MSH).  MSH then binds the G-protein-coupled 

receptors melanocortin 3 or melanocortin 4 (MC3R or MC4R), propagating anorexigenic 

signaling through brain-derived neurotrophic factor (BDNF) and signal transducer and 

activator of transcription 3 (STAT3), among others.  Meanwhile, if binding LEPR in a 

“hunger neuron”, LEP inhibits release of orexigens like neuropeptide Y (NPY) and 

agouti-related peptide (AGRP).  NPY is one of the most potent orexigens, known to 

produce intense hyperphagia upon injection into the murine brain, as well as reduced 

energy dissipation.  AGRP is an antagonist for MSH at the MC3R and MC4R, causing 

both acute and long-term increases in appetite and fatty food preference (Mutch and 

Clement, 2006; Farooqi and O’Rahilly, 2009; Magni et al, 2009).  LEP controls 

metabolism peripherally by increasing fatty acid oxidation in skeletal muscle, stimulating 

thermogenesis, and activating insulin receptor substrate (IRS) proteins, which are a 

downstream component of the insulin receptor (Tan and Rabkin, 2005; Howard and Flier, 

2006; Walley, Asher, and Froguel, 2009).   

The genes mentioned above are among the 11+ genes for which over 200 cases of 

Mendelian obesity have been attributed, though monogenic obesity remains rare.  

Interestingly, nearly all cases of monogenic obesity involve mutations in the 

hypothalamic energy homeostasis axis, and nearly all are characterized by early-onset 

hyperphagia and metabolic abnormalities (Mutch and Clement, 2006; Walley, 

Blakemore, and Froguel, 2006; Walley, Asher, and Froguel, 2009).  Inheritance of any of 

90 different mutations in MC4R lead to monogenic obesity, accounting for an estimated 

2-3% of childhood and severe adult obesity cases (Clement, 2006; Mutch and Clement, 
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2006).  The monogenic forms of obesity are similar in their hyperphagic phenotype to 

syndromic forms of obesity, the most common of which is Prader-Willi Syndrome 

(PWS).  Distinguished from monogenic obesity, PWS symptoms include mental 

retardation, and it is associated with the absence of the paternal chromosome 15q11.2-

q12 (Mutch and Clement, 2006).  Most intriguing is evidence of heightened levels of 

circulating ghrelin in PWS patients.  Ghrelin is an orexigenic gut hormone, which 

directly activates the same “hunger neurons” that LEP inhibits (Goldstone, 2006; Mutch 

and Clement, 2006).  Monogenic and syndromic obesity suggest powerful genetic 

components in humans. 

Thus, the obesity epidemic is caused by an interaction between the obesogenic 

environment, obesogenic lifestyle, and common obesogenic genetic variation.  Public 

health campaigns and medical interventions have attempted to combat obesity, but these 

often rely solely upon altering lifestyle and environmental factors.  If clinical treatment 

fails in the severely obese, then the patient is forced to consider invasive bariatric 

surgeries (Kral and Naslund, 2007).  In addition, current medical strategies are derived 

from the ethnically heterogenous population, not accounting for individual genetic 

backgrounds (Aronne et al, 2009).  Therefore, very little of the genetic component of 

obesity has been addressed by clinical medicine, and it is unsurprising that current efforts 

alone have largely failed to curb its spread.  Though the Mendelian diseases and 

syndromes provide genes that could have major roles in human obesity, they still leave 

much to be understood.  For example, despite all of LEP’s apparent significance in 

energy homeostasis, peripheral levels are extremely elevated in obese individuals, and 

genetic variation within the LEP axis has shown little to no relation to common obesity 
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(with few exceptions, such as MC4R).  Furthermore, peripheral injection of LEP in obese 

humans without Mendelian deficiencies had little to no effect on their BMI (Heynsfield, 

1999; Hofbauer, 2002; Farooqi and O’Rahilly, 2009).   

If variation in genes underlying monogenic and syndromic obesity is not largely 

responsible for modern obesity prevalence, then variation in what genes are responsible?  

Secondly, how do we find the variants against the backdrop of the entire genome?  

Finally, do the ethnicities have different rates of obesity and its comorbidities due to 

different genetic backgrounds?  This dissertation contributes to the ongoing effort to 

answer these questions through the use of positional cloning; that is, the identification of 

genes contributing to a phenotype based on their location rather than function. 

Molecular Pathways to and from Obesity 

 Because positional cloning makes no assumption about what kinds of genes may 

harbor variants influencing risk of developing common obesity; it is necessary to 

consider mechanisms of broad importance.  It is physiologic corollary that all molecular 

and organ-centric mechanisms operate to maintain homeostasis, shifting the maintenance 

point of homeostasis only if vital.  In looking for obesity genes, one is truly looking for 

molecular pathways that, when modified by genetic variation could deregulate energy 

homeostasis.  Thus, there are three major systems by which genetic variations may exert 

an influence on energy homeostasis, including neurobiology, metabolism, and adipocyte 

biology (Palou et al, 2000).  The search for genes contributing to risk of becoming obese 

given an obesogenic environment cannot be disentangled from risk for obesity 

comorbidities.  That is, inherited variations in genes that predispose one to be obese also 

likely predispose one to be at increased risk for T2DM or CVD. 
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Obesity is a neurobiological disease.  This dissertation has previously mentioned 

the importance of the hypothalamic LEP signaling pathway.  The CNS is a master 

regulator of appetite, eating behavior, and digestion given nutritive status.  Afferent 

signals from the periphery to the CNS regarding nutritive status are either tonic or acute.  

LEP and insulin comprise the two most important tonic signals to the CNS.  LEP is the 

principle hormone conveying adiposity levels, where greater adiposity results in greater 

circulation of LEP.  This normally causes a reduction in feeding (via the hypothalamic 

neural networks), weight loss, and increased sensitivity to acute anorexigenic stimuli.  

Insulin is secreted by the pancreas in basal amounts and also at increased levels during 

feeding, but always in proportion to adiposity level.  In the hypothalamus, insulin 

synergistically activates the same “satiety neurons” as LEP, inhibits the same “hunger 

neurons,” and also increases sensitivity to acute anorexigenic stimuli (Mutch and 

Clement, 2006; Woods and D’Alessio, 2008).  Then, when a person loses/gains adipose 

tissue, the less/more sensitive they are to anorexigenic stimuli and the greater/lesser their 

increase in appetite (Seeley and Woods, 2003; Mutch and Clement, 2006).  Therefore, 

LEP and insulin set the tone for energy-seeking behavior and neural response to acute 

stimuli given adiposity (Woods and D’Alessio, 2008).   

Acute afferent signals come from a milieu of satiety hormones, secreted by 

specialized cells of the gastrointestinal tract or brain during digestion.  Ghrelin was 

previously mentioned and is the only acute gut orexigen, levels rising in anticipation of 

feeding and during fasting (Drazen et al, 2006; Woods and D’Alessio, 2008).  

Endocannabinoids are synthesized ubiquitously, but especially in the brain in response to 

palatable food or pleasant sensations.  After binding CB1 receptors on “satiety neurons,” 
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endocannabinoids diminish anorexigenic signaling and allow eating despite homeostatic 

cessation signals (Korner, Woods, and Woodworth, 2009).  The archetypical acute satiety 

hormone is cholecystokinin (CCK), which is secreted in the duodenum in the presence of 

fat- or protein-containing food.  CCK peripherally regulates gut motility, gallbladder 

contractions, pancreatic secretion, and gastric emptying.  Simultaneously, CCK binds its 

receptor on local branches of the vagus nerve (Zabielski, 2003; Fornai et al, 2007; Xu et 

al, 2008; Woods and D’Alessio, 2008).  The result of the CCK neural message is the 

cessation of feeding through a painless sensation of fullness.  Furthermore, inhibition of 

CCK action causes increased levels of ghrelin and decreased levels of peptide tyrosine-

tyrosine (PYY), suggesting significant interaction among acute satiety hormones (Degen 

et al, 2007).  PYY is produced in the distal ileum and colon in proportion to consumed 

caloric load, but seems especially induced by fat.  Unlike CCK, PYY is among the satiety 

hormones that accomplishes its action by binding directly to receptors in the 

hypothalamus (the NPY receptor, in this case).  The net effect of PYY is reduction in 

food intake, as well as reduction in gastric motility (Nonaka et al, 2003; Batterham and 

Bloom, 2003; Woods and D’Alessio, 2008).  Metabolites like glucose, long-chain fatty 

acids, and certain amino acids are afferent signals, as they cross the blood-brain barrier 

and sensitize hypothalamic neurons (Woods and D’Alessio, 2008; Le Foll, et al, 2009; 

Magni et al, 2009).   

Efferent signals of energy homeostasis begin in the arcuate nucleus of the 

hypothalamus.  Hypothalamic “hunger” and “satiety” networks project to the 

paraventricular nucleus, characterized by anorexigenic neurons, and the lateral 

hypothalamic area, characterized by orexigenic neurons.  This allows the hypothalamus 
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fine-tuned control over neural response to afferent signals, enhancing activity in one area 

while also inhibiting activity in another.  The hypothalamic networks also project into 

tracts directly responsible for autonomic nervous activity, as well as those responsible for 

cognition, reward, and behavior (Woods and D’Alessio, 2008).  At all times, efferent 

signals are modulated by the efficiency of neurotransmitters such as serotonin, which also 

has central orexigenic effects (Aronne and Thornton-Jones, 2009; Magni et al, 2009). 

Obesity is a metabolic disease.  There is an obvious connection between the 

neurobiology of energy homeostasis and metabolism.  Efferent signals from the CNS are 

informed by the state of adipose tissue, environment, and the contents of the digestive 

tract.  This allows the CNS to adjust autonomic nervous activity, so that for example, the 

proper amount of digestive enzymes, insulin, and glucagon is secreted by the pancreas.  

Digestive enzymes reduce polysaccharides, fats, and polypeptides to their base units 

(monosaccharides, fatty acids, and amino acids) before they and their side products are 

shunted into the major catabolic pathways: glycolysis, the citric acid cycle, and the 

electron transport chain.  The majority of metabolic energy is derived from the electron 

transport chain, when products of glycolysis and the citric acid cycle ultimately donate 

their electrons to an oxygen molecule, driving protons across the inner mitochondrial 

membrane.  Subsequently, the proton gradient promotes diffusion of positive charge back 

through active ATP synthase, producing vast amounts of ATP (Lehninger, Nelson, and 

Cox, 2004).  Hormones like insulin, leptin, and glucagon are external influences on the 

efficiency of these metabolic pathways, thus allowing environmental adaptation.  For 

instance, insulin release during feeding results in cellular glucose uptake, glycogen 

synthesis, glycolysis, and fatty acid synthesis.  Insulin accomplishes the preceding via 
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mobilization of glucose transporter 4 (GLUT4), relevant transcription factors (such as c-

fos and c-jun), and cytokine cascades (Klip, 2009).  Leptin acts synergistically with 

insulin by similar mechanisms, while glucagon (secreted during fasting) has the opposite 

functional impact (Javor et al, 2005; Tan and Rabkin, 2005; Mutch and Clement, 2006; 

Howard and Flier, 2006; Woods and D’Alessio, 2008).  Cellular metabolic pathways 

produce energy using nearly every digested component, and contain a vast number of 

intermediary molecular entities. 

Another area in which genetic variation may alter metabolism and contribute to 

obesity is generation of body heat, which accounts for a majority of basal caloric 

expenditure.  The maintenance of homeothermy is mediated by sympathetic nervous tone 

and thyroid hormone’s actions in the mitochondria.  The Quebec Twin Overfeeding 

Study inferentially demonstrated the importance of homeothermy.  In this study, 12 pairs 

of male MZ twins were overfed by 1000 kilocalories (with exercise held constant) 6 days 

per week for 3 months.  Surprisingly, there were differences in the amount of weight gain 

between twins, some subjects gaining precisely the predicted amount of weight and 

others dissipating up to 60% of the caloric energy.  However, there was significantly 

more variation in weight gain among twins than between twins, highlighting a genetic 

component to basal caloric expenditure (Bouchard et al, 1990; Landsberg et al, 2009).  

Meanwhile, adaptive change in body heat is accomplished by adjustment of sympathetic 

nervous activity and uncoupling proteins (UCPs).  UCPs are integral mitochondrial 

membrane proteins that siphon proton flow from ATP synthase in order to dissipate 

metabolic energy as heat.  UCPs are the defining feature of brown adipose tissue, but are 

inconsequential in white adipose tissue.  Thought to diminish past infancy in humans, 



 20 

brown adipocytes have now been found within white adipose tissue depots at a low 

concentration (Landsberg et al, 2009). 

Obesity is a disease of adipogenesis. The terminal adipocyte is an endocrine, 

vacuole-like cell that is a result of cellular differentiation induced by metabolic necessity.  

Initiators of adipogenesis are under investigation, but are believed to include insulin, 

cortisol, and lipid-derived metabolites (Scott et al, 1982; Bernlohr et al, 1985).  Key 

transcription factors drive adipogenesis; namely, peroxisome proliferator activated 

receptor gamma (PPARγ) for white adipocytes and PPARγ coactivator 1 (PGC-1α) for 

brown adipocytes.  The most important physiologic role of subcutaneous white 

adipocytes is the non-toxic storage of circulating lipids (Rosen and Spiegelman, 2006).  

In performance of this role, white adipocytes uptake fatty acids and temporarily store 

them as triglycerides during positive metabolic balance.  Normally, existing adipocytes 

will signal for adipogenesis (as well as apoptosis of others) when they have stored a 

predetermined amount of lipid.  However, if the metabolic load of lipid is extreme then 

adipocytes will hypertrophy, often to the detriment of normal cell function (Bays et al, 

2008; de Ferranti and Mozaffarian, 2008).  Brown adipocytes differ from white 

adipocytes in that they are smaller and function in thermic energy expenditure 

(Landsberg et al, 2009; Redinger, 2009).   

There is already some evidence that the three energy homeostasis systems 

presented above are disrupted in the obese.  Therefore, it is not speculation that genetic 

variants underlying complex obesity will have some relation to said systems.  The most 

salient example is LEP and insulin resistance, which is universally observed in obese 

individuals.  As expected, levels of LEP and insulin are increased in the obese, but this 
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does not have the needed functional impacts.  In terms of neurobiology, the increased 

LEP and insulin do not efficiently cross the blood-brain barrier or produce anorexigenic 

stimuli (Banks, 2008; Woods and D’Alessio, 2008; Urayama and Banks, 2008).  Further 

compounding the reduction in tonic satiety signaling is that some acute satiety hormones, 

such as PYY, are present at lower levels in response to feeding initiation in the obese 

(Woods and D’Alessio, 2008; Neary and Batterham, 2009).  Sympathetic efferent tone is 

also increased in some obese individuals despite insulin’s actions, contributing to both 

higher glucose circulation and hypertension (Agapitov et al, 2008).  In terms of 

metabolism, the large amount of insulin produced is not sufficient to achieve a full 

cellular response, presumably due to defects in cytokine signaling and pancreatic 

synthesis (Bergman, Finegood, and Kahn, 2002).  Metabolism is further disrupted since 

the obese have lower amounts of brown adipose tissue compared to lean individuals, thus 

attenuating dissipation of caloric energy (Oberkofler et al, 1997; Redinger, 2009; Cypess 

et al, 2009).  In terms of adipogenesis, the increased levels of insulin do not maintain 

adipocyte turnover so that excessive hypertrophy does not occur.  In fact, the observation 

of adipocytes swollen to the extent of cellular stress and hypoxia is an obesity hallmark 

(Giorgino, Laviola, and Eriksson, 2005; Bays et al, 2008; Trayhurn, Wang, and Wood, 

2008; Lionetti et al, 2009).   

“Adiposopathy.”  Positional cloning of the genetic variants underlying complex 

obesity can also uncover those with roles in obesity pathogenesis, as exemplified by 

obesity’s relationship with T2DM.  Abdominal adiposity is the most pathogenic form of 

fat, causing a greater risk of obesity comorbidity than adiposity in other locations (Vague, 

1956; Phillips and Prins, 2008).  Within the abdominal depot, subcutaneous adipose 
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tissue (SAT) is located just beneath the skin and constitutes the majority of white 

adipocytes.  There is evidence that SAT is somewhat protective from disease, since its 

deposition does not correlate with risk factors in the already obese, and because it reduces 

circulating triglycerides (Porter et al, 2009).  Also within abdominal adipose tissue; it is 

increased visceral adipose tissue (VAT) surrounding and applying pressure to internal 

organs that is thought responsible for increased disease risk (Henkin, 2003; Despres and 

Lemieux, 2006; Kahn, Hull, and Utzschneider, 2006; Phillips and Prins, 2008; Hairston 

et al, 2009).  For instance, in one study among obesity discordant MZ twins, only those 

that differed significantly in terms of VAT had major differences in glucose tolerance or 

insulin sensitivity (Pouliot et al 1992; Ronnemaa et al, 1997; Westphal, 2008).  Visceral 

adipocyte deposits are present only during positive metabolic balance and are situated so 

that secretions drain into the portal circulation.  This allows visceral adipocytes to have 

profound effects on energy and glucose homeostasis, and they are also known to have 

more secretions than adipocytes elsewhere.  Only 10-15% of glucose disposal is 

performed by adipocytes, the majority of which is done by VAT due to increased insulin 

sensitivity.  Visceral adipocyte role in systemic glucose homeostasis is therefore due to 

its potent secretions, which include adipokines and non-esterified fatty acids (NEFAs; 

Giorgino, Laviola, and Eriksson, 2005; Kahn, Hull, and Utzschneider, 2006; Rosen and 

Spiegelman, 2006; Perrini et al, 2008).   

An adipokine is a hormone or cytokine of local and peripheral effect synthesized 

and secreted almost exclusively by adipose tissue.  Aside from LEP, perhaps the best 

studied visceral adipokine is adiponectin, which is secreted in inverse proportion to 

adiposity level.  Gene expression and circulation of adiponectin is reduced in obese 
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individuals, which has led to its emergence as a predictor of T2DM and CVD (Arita et al, 

1999; Fu et al, 2005).  Adiponectin’s main mechanism of action is through activation of 

adenosine mono-phosphate-activated protein kinase (AMPK) after binding its adipoR1 or 

adipoR2 receptors.  Through AMPK, adiponectin improves insulin sensitivity, increases 

adipogenesis through elevation of PPARγ, promotes fatty acid oxidation, and reduces 

inflammation (Fu et al, 2005; Kahn, Hull, and Utzschneider, 2006, Rosen and 

Spiegelman, 2006; Phillips and Prins, 2008).  The VAT hormone visfatin is similar in 

causing insulin sensitization; however, it accomplishes this through binding of the insulin 

receptor and is secreted in proportion to adiposity levels.  Visfatin could be a 

compensatory mechanism for obesity-related inflammation or insulin resistance (Rosen 

and Spiegelman, 2006; Adeghate, 2008; Phillips and Prins, 2008).  Inflammatory 

adipokines, such as monocyte chemotactic protein-1 (MCP-1), interleukin 6 (IL-6), or 

tumor necrosis factor alpha (TNF-α) are secreted in direct proportion to adiposity level.  

MCP-1 mediates monocyte infiltration of VAT prior to their maturation into 

macrophages, which is a signature characteristic of the depot.  Once macrophages have 

infiltrated VAT, they and nearby adipocytes circulate IL-6 and TNF-α.  These cytokines 

reduce circulating adiponectin and insulin sensitivity through induction of the nuclear 

factor-κB (NF-κB) gene program, inhibition of GLUT4 mobilization, and induction of 

feedback mechanisms like suppressor of cytokine signaling 3 (SOCS3; Giorgino, 

Laviola, and Eriksson, 2005; Rosen and Spiegelman, 2006; Phillips and Prins, 2008). 

NEFAs, secreted in excess by visceral adipocytes due to increased lipolysis and 

insensitivity to anti-lipolytic stimuli, can have striking effects throughout the body 

(Despres and Lemieux, 2006; Kahn, Hull, and Utzschneider, 2006; Perrini et al, 2008).  
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However, because visceral adiposity-derived NEFAs circulate at low amounts 

systemically, they only have immediate relevance in the liver and pancreas (Nielsen et al, 

2004; Phillips and Prins, 2008).  Transient exposure to NEFAs serves as an insulin 

sensitizer, but chronic exposure to NEFAs (as in obesity) results in metabolic dysfunction 

in the liver and pancreas (Rosen and Spiegelman, 2006).  NEFAs can induce insulin 

resistance within hours of an acute increase in circulation, the action of insulin improving 

only after the NEFAs are cleared (Roden et al, 1996; Santomauro et al, 1999; Kahn, Hull, 

and Utzschneider, 2006).  Insulin resistance is induced through NEFA competition with 

glucose as a metabolic substrate, which persists despite homeostatic control mechanisms.  

Insulin resistance is also induced due to accumulation of NEFA metabolites, such as 

diacylglycerol, ceramide, and fatty acyl CoA, which can lead to activation of cytokine 

signaling that eventually inhibits IRS-1 and IRS-2 or causes apoptosis.  Reactive oxygen 

species, brought on by constant NEFA oxidation in the mitochondria, contribute to 

insulin resistance and general cellular damage.  Finally, NEFAs can activate innate 

immunity through the Toll-like Receptor 4, triggering upregulation of NF-κB and other 

inflammatory responses (Kahn, Hull, and Utzchneider, 2006; Shi et al, 2006; Phillips and 

Prins, 2008).  In the pancreas, exposure to NEFAs does affect insulin secretion, but how 

β-cell compensation failure is induced is not fully understood.  For instance, NEFAs bind 

the GPR40 on the cell surface, which initially promotes insulin granule exocytosis (Itoh 

et al, 2003; Kahn, Hull, and Utzchneider, 2006).  However, a constant, four day infusion 

of NEFAs in rats causes hypertrophy of β-cells without any improvement in insulin 

response (Steil et al, 2001; Kahn, Hull, and Utzchneider, 2006).  This corroborates the 

50% enlargement of β-cells and increased cell death in obese humans, and may suggest a 
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mechanism of physiologic interference (Kloppel et al, 1985; Butler et al, 2003; Kahn, 

Hull, and Utzchneider, 2006). 

The Positional Cloning of Adiposity Genes 

Positional cloning methodologies correlate inheritance of a genetic marker, a 

polymorphic DNA feature of known location, with qualitative obesity or a quantitative 

adiposity phenotype.  The concept of positional cloning was formulated in 1913 from 

Sturtevant’s work in fruit flies.  It was postulated then that because parents vary at 

Mendelian traits and at haplotypes, any marker that moves through generations with 

disease must be near a disease gene (Sturtevant, 1913; Stein and Elston, 2009).  A 

simplification can be made, dividing marker-phenotype correlation methods into those 

based on genetic linkage and those based on genetic association.  Genetic linkage-based 

methods trace descent of genetic markers, spaced across the genome, through multiple 

generations in extended families.  Low recombination between genetic marker and 

phenotype would suggest genetic linkage; that is, the marker is on the same chromosome 

as an underlying obesity gene.  Association-based methods are a more epidemiologic 

approach, which can be implemented in families or in unrelated cohorts.  Genetic 

association-based methods correlate a specific version of a typically binary genetic 

marker with the presence of obesity or change in a quantitative adiposity trait (Altshuler, 

Daly, and Lander, 2008).   

Genetic Markers.  Until the 1990s, genetics was unable to study the global 

relationship of human genomic variation and disease due to lack of technology and 

reliance on sparse genetic markers such as blood groups, blood enzymes, or restriction 

fragment length polymorphisms (Stein and Elston, 2009).  Modernly, the two most 
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commonly used genetic markers in positional cloning are microsatellites and single 

nucleotide polymorphisms (SNPs).  A microsatellite is a highly polymorphic, variable-

length tandem repeat DNA sequence, comprised of 1-4 base units (e.g. ATATAT in one 

person and ATAT in another).  SNPs are a single nucleotide of variable identity (e.g. A in 

one person and G in another) in a population.  The version of the genetic marker an 

individual has inherited is called an allele, whereas the alleles inherited at a locus are the 

genotype.  Due to their variable identities, genetic markers are also referred to as genetic 

variants.  These markers are common; microsatellites occurring 1 every 6 kilobases (kb) 

and SNPs occurring 1 or more every 1 kb in humans (Beckman and Weber, 1992; 

Strachan and Read, 2004; Chorley et al, 2008).  The genomic density of SNPs is such that 

they account for over 90% of inter-individual sequence variation (Collins, Brooks, and 

Chakravarti, 1998; Chorley et al, 2008). 

Genetic variants have the ability to affect gene transcription or activity (and thus 

physiology) regardless of physical location.  Often, adiposity-associated variants 

identified through positional cloning reside within introns or intergenic space (such as the 

promoter, 3’-UTR, 5’ upstream, or 3’ downstream regions; Walley, Asher, and Froguel, 

2009).  This finding was originally puzzling, as intronic and intergenic sequence was 

thought to be of minimal physiologic importance.  Now, these variants are deemed 

“regulatory” for their ability to alter innate gene transcription or adaptive environmental 

response, such as through modulation of response elements, enhancers, alteration of 

intron splicing, or modification of RNA folding (Mango et al, 2005; Myers et al., 2006; 

Nackley et al, 2006; Myers et al, 2007).  Less common are adiposity-associated variants 

within exons identified through positional cloning.  Though rarer in complex disease, 
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phenotypic effects due to an exonic variant can be dramatic in those that inherit them.  

These variants are deemed “coding” for their alteration of gene products via amino acid 

substitutions or the creation or ablation of stop codons (Mutch and Clement, 2006; 

Chorley et al, 2008).   

Adiposity Phenotypes.  Qualitative phenotypes are definitive categorizations 

based on some threshold, such as the clinical state of obesity (BMI > 30 kg/m
2
) or 

diabetes (repeated fasting blood glucose > 126 mg/dL).  Conversely, quantitative 

phenotypes have a numerical scale, such as BMI or fasting blood glucose itself.  Current 

methods of quantitatively measuring adiposity can be divided into two categories: 

anthropometric measurements and direct measurements.  Standard anthropometric 

measures of obesity include Body Mass Index (BMI), waist circumference (WAIST), and 

waist to hip ratio (WHR).  The most common measure of obesity is BMI, which is an 

index of weight distributed over the entirety of the body frame.  BMI’s high standing as 

an estimate of obesity owes its origin to a series of studies conducted by life insurance 

companies in the 1930s.  These studies concluded that the best predictor of insurance 

“policy redemption” was BMI; and indeed, current clinical guidelines are partly based on 

actuarial tables (Engeland et al, 2003; Speakman, 2004).  WAIST is a measure of the 

circumference of the waist in centimeters, and is a gauge of fat deposit in the abdomen.  

WAISTs of above 102 cm in males and above 88 cm in females are considered indicative 

of increased comorbidity risk due to elevated abdominal fat.  WAIST is included in the 

diagnostic criteria for the metabolic syndrome, which is a coincidence of dyslipidemia, 

hypertension, and hyperglycemia with abdominal obesity that is considered highly 

predictive of comorbidity (Despres and Lemieux, 2006).  WHR is WAIST divided by the 
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circumference of the hips, which determines if fat is localized centrally or diffused into 

the hips and thighs.  WHR of lower than .90 in men and .80 in women is considered 

healthy, but this measure is not as widely utilized as WAIST (Ketel et al, 2007).  It is 

important to remember that some of these measures, though considered diagnostic, are 

only estimates of total obesity.  For instance, BMI misdiagnoses mesomorphic or high 

bone mass individuals as obese because it only takes into account overall weight and not 

the components of said weight (Speakman, 2004).  The most accurate anthropometric 

measures of obesity are those based on water or air displacement, which are generally 

impractical for human genetic studies (Lee and Gallagher, 2008). 

Direct measurements of abdominal obesity, often obtained via dual energy x-ray 

absorptiometry (DXA) or computed-tomography (CT) scanning, include visceral adipose 

tissue (VAT), subcutaneous adipose tissue (SAT), and visceral to subcutaneous ratio 

(VSR).  DXA directs x-rays of two different wavelengths towards an area of interest, 

where the rate of absorption of each x-ray measured by photon counters indicates 

percentages of tissue types in that area (Andreoli et al, 2009).  CT is the scanning method 

of relevance to this dissertation that consists of successively repeated, two-dimensional x-

rays along the same axis of rotation.  Of extreme interest in obesity is VAT, which is a 

measurement of fat tissue area surrounding the viscera.  SAT is a measurement of the 

area of fat tissue closely associated with the skin, which clearly contributes to body mass.  

VSR is a measurement of the proportion of VAT to SAT in the abdomen, where higher 

ratios show elevated localization of adipose tissue to the viscera.  DXA and CT-scanning 

perform similarly in assessment of direct abdominal adiposity phenotypes (Bertin et al, 

2000; Snijder et al, 2002; Lee, Janssen, and Ross, 2004) 
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Linkage Disequilibrium.  When markers correlating with an adiposity phenotype 

are discovered, their physical location illuminates the genetics underlying obesity in 

genotyped subjects.  For instance, a SNP’s A allele in the first intron of an unstudied gene 

functioning in synaptic plasticity strongly associates with increased BMI in a study 

cohort.  This hypothetical finding might suggest that variation of the first intron leads to 

changed gene expression and hypothalamic neural network formation, thus altering the 

neurobiology of energy homeostasis.  But in a well-designed study, this hypothetical 

finding would at least suggest involvement of the gene in obesity risk within genotyped 

subjects, and perhaps the global population.  The specifically uncovered adiposity 

variants are rarely directly responsible for alteration in physiology.  Rather, they are 

proxies for the truly responsible variant(s) on the same haplotype (a set of co-inherited 

alleles on the same chromosome).   

Noted studies have illustrated an extant genomic pattern whereby stretches of 

DNA, discretely aggregated in haplotype blocks, are inherited together over time and 

separated by short stretches where recombination events often occur (Daly et al, 2001).  

The DNA contained within haplotype blocks has been found to have relatively little 

sequence diversity, which can be thoroughly captured by as little as three SNP haplotypes 

an estimated 80% of the time (Patil et al, 2001).  An observation that two genetic variants 

occur together more often than expected under independent assortment (such as within 

haplotype blocks) is called linkage disequilibrium (LD), the extent of which is measured 

by high D’ or r
2
 statistics.  As applied to a pair of SNPs, D’ is a classical measure of LD 

that is fixed between 0 and 1.  D’ values close to 1 would imply the SNPs are inherited 

together nearly always, and D’ values close to 0 would imply the SNPs are almost never 
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inherited together.  D’ is calculated as D/Dmax, where Dmax is the theoretical maximum of 

D given the allele frequencies in the surveyed populations.  D is calculated as X11-p1q1, 

where X11 is the observed population frequency of a two-SNP haplotype, p1 is the allele 

frequency of allele 1 at locus 1, and q1 is the allele frequency of allele 1 at locus 2.  

Determining the D’ allows more refined interpretation of positive SNP associations in a 

candidate gene.  For instance, if a clustering of highly obesity-associated SNPs is within 

a discrete promoter haplotype block that extends 8 Kb, one can then conclude that the 

observed SNPs or an ungenotyped variant within said block are driving association with 

obesity phenotypes.  Also regarding SNPs, r
2 

is a measure of correlation between 0 and 1 

that is calculated as D
2
/p1q1p2q2.  Pairwise inter-SNP r

2 
values closer to 1 mean that one 

can completely predict information about one SNP from the information observed at the 

other, while values closer to 0 mean that one cannot predict anything about a SNP from 

observing the other SNP.  The r
2
 statistic allows discernment of discretely associated 

variants of candidate genes from redundantly associated variants.  For example, if four 

highly associated and inter-correlated SNPs exist within a haplotype block then one has 

only truly identified one associated genetic element rather than four.  However, the 

existence of multiple highly associated and inter-correlated SNPs does lend further 

credibility to said genetic element.  Though LD makes specific, physiologically 

functional variants difficult to clone, it amplifies the method’s ability to detect candidate 

adiposity loci or simultaneously assay large regions for genotype-phenotype relationship.  

If a single “tagging” SNP acts as an informative proxy for a wider number of SNPs, then 

one only need genotype that SNP to gain insight as to them all (Balding, 2006; Altshuler, 

Daly, and Lander, 2009).  Indeed, it is LD tagging that has enabled genome-wide 
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association scanning (GWAS) techniques, as well as thorough candidate adiposity gene 

interrogation. 

The Insulin Resistance Atherosclerosis Family Study. 

In essence, positional cloning is a step-wise process of increasing genetic marker 

resolution.  The process begins with genome-wide linkage (microsatellite-based) or 

GWAS (SNP-based) and ends with dense, haplotype-tagging candidate gene or regional 

SNP association analysis based on the genome-wide signals.  In this dissertation, the 

latter stage of positional cloning is applied to discover genetic variants and confirm 

candidate genes affecting quantitative adiposity phenotypes in ethnic minorities of the 

Insulin Resistance Atherosclerosis Family Study (IRASFS).  The IRASFS is a multi-

center, extended family-based study, which has collected the DNA and phenotype of HAs 

(n=1424) from San Antonio, TX (SA) and the San Luis Valley, CO (SLV).  It has done 

the same for AA (n=608) individuals from Los Angeles, CA (LA).  The IRASFS is 

unique in its possession of dual ethnic minority cohorts that have been extensively 

phenotyped with both anthropometric and direct quantitative measures of adiposity.  Not 

only can this study identify adiposity genes, but it elucidates ethnic differences in the 

genetic background of adiposity phenotypes, including those highly predictive of 

comorbidity like VAT. 

IRASFS Study Population and Recruitment.  The original goal of the IRASFS 

was to determine the common and separate genetic origins underlying visceral adiposity 

and insulin resistance.  The HA study population used throughout the IRASFS projects 

was recruited at major medical centers in SA and SLV.  Meanwhile, the IRASFS AA 

population was recruited from a nonprofit health maintenance organization in LA, again 
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chosen for a high number of AA individuals living in the vicinity.  Common to both 

IRASFS HAs and AAs, a practical reason for selecting these recruitment centers was 

their possession of medical history for local subjects (Henkin et al, 2003).  Probands for 

the IRASFS were drawn from the original IRAS epidemiological study, or IRAS Classic, 

which sought to identify the correlating factors between insulin resistance and 

cardiovascular disease in AAs, HAs, and EAs.   

Ethnicity in the IRAS Classic and the IRASFS was self-identified.  AAs likely to 

be impaired glucose tolerant or diabetic were initially identified from prior fasting blood 

glucose results at the LA health maintenance organization.  SLV and SA HAs of IRAS 

Classic were recruited from community surveys and clinical records used in two prior 

public health studies, all of which had the results of an oral glucose tolerance test 

(OGTT).  Glucose levels identify a person as falling into one of three categories: normal 

glucose tolerant (fasting glucose 70-99 mg/dL), impaired glucose tolerant (100-125 

mg/dL), and diabetic (>126 mg/dL).  The IRAS Classic performed an OGTT on all 

subjects to confirm equal sampling across these categories in its recruitment, along with a 

follow-up frequently sampled intravenous glucose tolerance test (FSIGT), and an 

extensive clinical exam (e.g. standard anthropometric measures, blood pressure, lipid 

panels, and behavioral questionnaires).  The IRAS Classic recruited from 1992 and 1994, 

and met its recruitment goals with 614 Caucasians, 548 Hispanics, and 464 African 

Americans (56% female; 44% normal glucose tolerant, 33% diabetic, 23% impaired 

glucose tolerant; equal representation across 40-69 age range; Wagenknecht et al, 1995).   

IRAS Classic probands and their extended families were recruited for the IRASFS 

over a 2.5 year period (1999-2002) based on large family size rather than disease 



 33 

phenotype.  Family size ranged from 4 to 39 individuals (mean family size=22) and each 

included family was required to have at least four living siblings with five living 

offspring among the four siblings.  The IRASFS also required the inclusion of a 

minimum of 12-13 total family members from each pedigree with at least 9 undergoing a 

full genotypic and phenotypic examination.  Initial recruitment resulted in 93 probands 

and 1286 family members, 68% of which were HA and 30% of which were AA (Henkin 

et al, 2003).  The IRASFS clinical exam included BMI, WAIST, WHR, VAT, SAT, 

VSR, the FSIGT-derived glucose homeostasis traits, and demographic questionnaires 

(those relevant to the dissertation).  Additionally, 12 mL of blood is sampled from each 

IRASFS subject, which usually provides around 400 ug of DNA.  Relevant IRASFS 

demographics are depicted on a per experiment basis for HAs and AAs in Chapters II, III, 

IV, and V.  14% of IRASFS subjects are diabetic as per fasting glucose (mean 103.3 

mg/dL) or the taking of prescription hyperglycemics.  Diabetic subjects are generally not 

included in any genetic studies involving glucose homeostasis phenotypes (Henkin et al, 

2003).  Diabetic subjects are additionally excluded from pilot genome-wide association 

studies (GWAS) of Chapters IV and V.   

IRASFS Phenotype Collection.  Standard anthropometric measures of adiposity in 

the IRASFS include BMI, WAIST, and WHR.  BMI (kg/m
2
) was obtained from height 

and weight measurements taken upon subject recruitment at the medical centers.  Waist 

circumference (WAIST, cm) was taken with a metric tape measure and consisted, at 

minimum, of the circumference between the tenth rib and the iliac crest.  Hip 

circumference was also obtained using a standard metric tape measure and consisted of 

the maximum circumference of the buttocks.  The WHR was computed by obtaining the 
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ratio of the previous two measurements.  Direct measures of adiposity utilized by the 

IRASFS include VAT, SAT, and VSR.  CT scans were used to estimate visceral and 

subcutaneous adipose tissue area (cm
2
), and the procedure consisted of a single scout of 

the abdomen that was followed by two 10mm thick axial images (obtained at L2-L3 and 

L4-L5 spinal discs).  The CT images were transferred to magnetic tape and sent to a 

reading center at the University of Colorado Health Sciences for analysis.  The VSR was 

the ratio of VAT and SAT estimates.  Each of the quantitative measurements was 

statistically transformed for data normalization.  The experiments utilizing these 

phenotypic measurements were performed using the square root of VAT and SAT, and 

the logarithm of BMI, WHR, and VSR after the addition of one.  Unless noted, it should 

be assumed that all analyses utilizing these transformed phenotypic measurements are 

adjusted for age, gender, recruiting center, and familiar relationship (Henkin et al, 2003; 

Norris et al, 2005; Sutton et al, 2006). 

Genome-Wide Linkage Mapping.  The development of sequencing technology in 

the 1970s was followed by Botstein et al’s proposal of using naturally occurring DNA 

polymorphism to compose human genome maps for tracing transmission of chromosomal 

regions in families (Botstein et al, 1980).  A preliminary map was constructed with ~400 

microsatellites in 1987, but was expanded to ~5000 by 1996 with physical locations 

established (Altshuler, Daly, and Lander, 2008).  Genome-wide linkage analysis 

identifies regions of chromosomes that are “linked” (on the same chromosome) with an 

unknown obesity gene or adiposity quantitative trait locus (QTL, such as for BMI).  In 

multipoint linkage scanning, the LOD score is plotted for each microsatellite of a 

genome-wide marker map upon genetic distance in centimorgans (cMs) and connected by 
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a continuous line.  The cM is a unit of distance between two chromosomal locations 

based upon the premise that greater interspersed physical distance results in greater 

probability of recombination.  Roughly, one cM corresponds to 1% recombination 

frequency or 1 million base pairs in physical distance.  However, mathematical mapping 

functions are used to deduce the cM between points in marker maps, accounting for 

occurrence of two-point crossovers (Haldane’s function) and also crossover interference 

(Kosambi’s function).  The LOD score is the logarithm of the likelihood that a 

microsatellite is coinherited with a QTL (linked) versus the likelihood that a 

microsatellite is separated from an adiposity QTL by recombination (not linked).  

Generally, a LOD score of > 3 is considered strong evidence of linkage for Mendelian 

disease, whereas anything above 1 could be considered for investigation for complex 

disease (Strachan and Read, 2004).  The IRASFS utilizes nonparametric, variance 

components, identity by descent, linkage scanning via Sequential Oligogenic Linkage 

Analysis Routines (SOLAR) software.  This method establishes evidence for linkage by 

correlating within family allele-sharing of a microsatellite with variance in an adiposity 

trait that departs from that across all families (Almasy and Blangero, 1998; Amos and de 

Andrade, 2001; Stein and Elston, 2009).   

In 2005, an IRASFS genome-wide linkage scan searched for QTL contributing to 

one or several adiposity measures.  This scan was performed in 66 extended pedigrees 

(45 HA and 21 AA), including 1049 individuals, from the IRASFS.  The 383 markers of 

the scan were spaced approximately 1/10 cMs, and part of the Screening Set 10 of the 

National Heart Lung and Blood Institute’s Mammalian Genotyping Service (Broman et 

al, 1998; Norris et al, 2005).  The scan revealed statistically significant LOD scores, the 
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greatest being a score of 2.76, identifying linkage of BMI with an ~40 cM region (~74-

114 cM) on chromosome 17q23 in HAs from SA and SLV.  Another notable result was 

strong evidence of linkage that was seen between VAT and the same region on 

chromosome 17q23 (LOD=2.15).  However, the VAT linkage decreased when the results 

were adjusted for BMI (Norris et al, 2005).  To verify the results of the previously 

described genome scan, a replication study and fine mapping of the linked chromosomal 

region was carried out.   

The replication study was conducted with the addition of 45 HA families 

collected for the IRASFS from both SA and SLV recruiting centers.  In the combined set 

of families, significant evidence of linkage was observed with BMI (LOD=2.81), VAT 

(LOD=3.11), and WAIST (LOD=2.5).  The linkage study had an estimated 89% power to 

detect linkage with a QTL (LOD>3) that accounts for 25% or more of the total 

phenotypic variance in a trait.  Ten additional microsatellites were added to the marker 

map of the observed 17q23-17q24 region in order to fine map the region in HA subjects.  

Fine mapping caused the LOD score of the major linkage peak to be reduced, but also 

caused it to be of a more narrow positional range (LOD BMI:2.44, VAT:3.05, 

WAIST:1.92; centered around 94 cM; Figure 1).   
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Figure 1 

Fine Mapping of Chromosome 17q Adiposity Linkage in IRASFS HAs 

 

Again, after adjusting the phenotypic values for VAT and WAIST by the subjects’ BMI, 

significant LOD scores for VAT and WAIST vanished (Sutton et al, 2006).  Other studies 

have replicated linkage at chromosome 17q; including genome-wide scans for severe 

BMI-measured obesity (LOD 3.16; 17q23.3-25.1) and SAT (LOD 2.2; 17q21) in largely 
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European-derived cohorts (Perusse et al, 2001; Bell et al, 2004).  Functional candidate 

genes (somatostatin receptor 2, galanin receptor 2, and growth hormone bound receptor 

2) were selected from between 94-102cM for dense SNP association analyses with 

adiposity traits.  However, there was no evidence of genetic association for these genes 

with BMI, VAT, or WAIST (Sutton et al, 2006).  Therefore, the genes driving linkage of 

chromosome 17q with adiposity measures had not been identified.   

Attempting to identify the gene(s) contributing to the evidence of linkage more 

directly, a custom 1536 LD-tagging SNP map of a proximal portion of the linkage peak 

(from 96 to 112 cM) was created and genotyped in 1250 IRASFS HAs.  Association 

analyses between the SNPs and BMI, WAIST, and VAT were completed with the 

variance components approach of SOLAR.  The results of the SNP map led to the 

selection of SOCS3 as a functional adiposity candidate, which was the subject of dense 

SNP association analysis as detailed in Chapter II of this dissertation. 

Genetic Association in the IRASFS.  Genetic association can be established 

between a SNP and obesity or adiposity trait by a variety of statistical methods.  In the 

case of obesity, a SNP is genotyped in both the obese (cases) and the non-obese 

(controls), and the allele frequencies are compared in the two groups for significant 

difference.  Alternatively, the frequency distribution of genotypes for that SNP in the 

obese and non-obese can be compared for significant difference.  The preceding are the 

simplest methodologies of genetic association, and are often calculated using a chi-

squared test.  Conversely, for quantitative adiposity traits, linear regression-based 

methods are often used, in which a trait such as BMI or VAT is modeled upon a series of 

arbitrary covariates including SNP genotype (Balding, 2006).  The IRASFS employs 
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SOLAR’s variance components method, which tests association by comparing the 

quantitative adiposity trait distributions (means and variances) for individuals of each 

SNP genotype with each other.  If the genotypic distributions are different by a portion of 

the trait’s overall standard deviation beyond the threshold of statistical significance, then 

the SNP is associated with said quantitative trait.  Another entire suite of genetic 

association tests are those testing haplotypic association; that is, the association of multi-

SNP units with obesity or an adiposity trait.  The IRASFS utilizes the quantitative 

pedigree disequilibrium test (QPDT; Zhang et al, 2001).  It determines if the over- or 

under- transmission of a SNP allele to offspring within families occurs with a significant 

departure of the within family trait variance from the overall trait variance.  Genetic 

association results are expressed as P-values based on a test statistic distribution, with a 

significance threshold of less than .05 corresponding to a < 5% chance that the observed 

result is due to random chance (assuming no correction for multiple testing). 

Hardy-Weinberg Equilibrium (HWE) is a long-standing assay for the 

evolutionary stability of a population accompanying genetic association studies.  The 

Hardy-Weinberg equation (p
2
+2pq+q

2
=1) generates a set of genotype frequencies 

expected in a population that has ceased to experience fluctuation in SNP prevalence due 

to non-random mating, genetic drift, or natural selection.  These expected values are 

compared to genotype frequencies after SNP genotyping using a Chi-squared test.  A 

significant departure is usually due to systematic genotyping error, evolutionary force 

acting at that locus, or an underlying biological phenomenon (Wittke-Thompson, 

Pluzhnikov, and Cox, 2005).  The IRASFS calculates HWE departure p-values for all 
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genotyped SNPs in 247 unrelated HAs and 48 unrelated AAs (Harwein software) of the 

IRASFS. 

An additional method of quality control that is employed in family studies prior to 

any sort of SNP association analysis is a survey for Mendelian inconsistencies.  The 

results of the genotyping for each subject are placed in the context of the subject’s 

pedigree to determine if the SNP genotype is impossible.  In other words, the child of two 

parents homozygous for the major allele of a SNP can not be heterozygous for that same 

SNP since there is no method for the minor allele to be transmitted to them.  The program 

PEDCHECK is utilized to run the IRASFS’s tests of Mendelian inconsistency, which is 

detailed elsewhere (O’Connell and Weeks, 1998).  If an individual SNP has extensive 

Mendelian inconsistencies, it can be dropped from further evaluation, as this likely 

indicates the SNP’s genomic region was not favorable for PCR-based genotyping. 

Genome-Wide Association Scanning.  Because humans grew from a relatively 

small population, there is an upper limit to the amount of natural genomic variation, and 

an estimated 90% of SNPs per individual are common and shared among continents 

(Altshuler, Daly, and Lander; 2009).  However, between continents, allele frequencies 

and LD patterns can be disparate, as reflective of ethnic differences in genetic 

background (Lewontin, 1973; Edwards, 2003).  This is especially noticeable in 

individuals of African descent, whom have smaller LD blocks due to a historically longer 

period for recombination events as per the “Out of Africa” hypothesis (Frisse et al, 2001; 

Adeyemo and Rotimi, 2009; Tishkoff et al, 2009; Tishkoff and Campbell, 2009).  The 

realization of intermittently concentrated LD led to efforts to catalogue human SNP 

frequencies and haplotype patterns for LD-tagging SNP association mapping of disease.  
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In 2002, the International HapMap Project was launched, which would go on to genotype 

over 3 million SNPs in 270 subjects evenly distributed across Europe, Asia, and West 

Africa.  The cohorts recruited are considered “ancestral” to the spectrum of human 

ethnicities, including the Yoruba of Ibadan, Nigeria (YRI) reflective of African ancestry 

and the U.S. residents with northern and western European ancestry (CEU) reflective of 

European ancestry.  The HapMap Project concluded that 500,000 tagging SNPs provided 

enough statistical correlation with the rest of the genome to test 90% of all common 

SNPs (MAF>5%) in non-African populations.  Meanwhile, 1 million tagging SNPs 

would be required to provide the same testing capacity in individuals of African descent 

(International HapMap Consortium, 2005; Altshuler, Daly, and Lander, 2009).   

Thus, a candidate adiposity gene and its physical surroundings can be evaluated 

for expected LD patterns in a given ethnicity, and then efficient selection of haplotype 

block tagging SNPs (on the basis of inter-SNP r
2
) interrogate the genomic space in as few 

variants as possible.  One of the most useful utilities for this purpose is Haploview, which 

is software that can directly import SNP genotype data from the HapMap Project.  In 

addition to calculation of pairwise SNP D’ and r
2
, the program can apply LD block 

definitions like the accepted Gabriel method, which arbitrates a haplotype block as a SNP 

cluster with one-sided 95% confidence bound for D’ between .7 and .98 (Gabriel et al, 

2002; Barrett et al, 2005).  Importantly, Haploview’s tagging algorithms automate the 

selection of block tagging SNPs.  The program allows two main parameters: minimum 

MAF for SNPs to be captured, and the acceptable minimum r
2
 for tagging SNPs with the 

un-genotyped variants of the genomic region.  If using the pairwise tagging algorithm for 

a MAF of 5% and a minimum r
2
 of .8, Haploview will return a set of tagging SNPs such 
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that all unselected, individual variants of frequency greater than 5% are correlated by an 

r
2
 of at least .8 with the tagging SNPs.  If using the aggressive tagging algorithm with the 

same parameters, Haploview will determine tagging SNPs for the interval such that all 

unselected individual SNPs or SNP haplotypes of frequency greater than 5% are 

correlated by an r
2
 of at least .8 with the tagging SNPs (Barret et al, 2005). 

The advancements of the HapMap project, combined with the rapid development 

of microarray-based genotyping platforms capable of simultaneously assaying up to 1 

million SNPs, have enabled GWAS (Wang et al, 1998; Stein and Elston, 2009).  In a 

GWAS, the entire genome is investigated using tagging SNPs, where strong signals of 

association directly identify candidate adiposity genes or regions for further analysis.  For 

the first time, geneticists are able to thoroughly test the “common disease-common 

variant” hypothesis, a belief that common diseases like complex obesity have underlying, 

common genetic variants (MAF>1%).  Though this is clearly oversimplification of the 

range of genetic architecture, the concept is what drives GWAS forward.  It is believed 

that haplotype tagging using HapMap’s common alleles localizes true adiposity loci for 

further exploration (Altshuler, Daly, and Lander, 2009). 

The earliest GWAS in obesity consisted of the typing of ~100,000 tagging SNPs 

in a family study of 694 EAs from the Framingham Heart Study Offspring cohort.  Of 

SNPs with the most estimated power to detect association, only rs7566605 was 

associated with BMI as per the family-based association test (FBAT, P-value of .0026).  

Homozygotes for the minor allele (C) of rs7566605 had an increased BMI regardless of 

age or gender.  More intriguing was that rs7566605 was 10 Kb proximal to the Insulin-

induced Gene 2 (INSIG2).  INSIG2 is an endoplasmic reticulum protein that prevents 



 43 

sterol response element binding proteins (SREBPs) from inducing transcription of genes 

involved in endogenous cholesterol synthesis during high dietary intake.  Furthermore, 

rs7566605’s association with BMI was replicated in several other populations, including 

three of European ancestry (combined n of over 7000), and one of AAs from Maywood, 

IL (n=866; Herbert et al, 2006).  A multitude of inconsistent replication studies followed 

in European, Asian, and Indian cohorts, but the focus was almost exclusively on 

rs7566605 and BMI.  The IRASFS’s systematic haplotype tagging SNP approach and 

application of its varied adiposity phenotypes in HAs have informed the debate regarding 

INSIG2 (see Chapter III for details). 

The implications of the mixed results of the INSIG2 finding drew attention to an 

obvious statistical issue with GWAS, type I error.  That is, the increasing probability per 

test conducted that a random, falsely significant result will be observed.  Indeed, 

compensation for the high risk of type I error in GWAS currently consists of a stringent 

threshold of genome-wide significance (P<5x10
-8

) and immense sample sizes.  Genome-

wide significance was estimated in convergence by two separate studies, one of which 

derived the threshold by assuming the number of tests at 10 per gene for 10
5
 genes and 

then performing a Bonferroni correction (Lander and Kruglyak, 1995).  The other study 

was performed by the HapMap Consortium using sequencing and genotyping of ~300 

unrelated subjects within 10 500 Kb regions.  The number of tests per 500 Kb was 

estimated at 350 in Africans and 150 in Europeans for SNPs of MAF>5%.  Assuming a 

genome size of 3.3 thousand megabase, a similar correction derives genome-wide 

significance of P<5x10
-8 

(Dudbridge and Koeleman, 2004; Hoggart et al, 2008).  There 

are also more practically defined thresholds of genome-wide significance, such as a 
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Bonferroni correction upon the true number of performed tests (e.g. P-value of .05 

divided by the number of SNPs in the GWAS).  In any case, the P-value for genome-wide 

significance is expectedly much lower than the standard α of .05. 

A demonstration of GWAS ability to detect replicable, genetic association in a 

well powered study was the fat mass and obesity associated gene’s (FTO’s) relationship 

to BMI.  The original study identifying FTO’s association with BMI used a 500K SNP 

array in 38,759 participants across 13 separate European-derived cohorts, united under 

the Wellcome Trust Case Control Consortium (WTCCC).  Of the fifteen SNPs reaching 

genome-wide significance, six fell within or near the FTO gene.  The 16% of adults 

homozygous for the minor allele of the FTO SNP rs9939609 were on average 3 kg 

heavier than individuals of other genotypes (P-value of 5x10
-8

).  DXA scanning in a 

subset of the study confirmed that the phenotypic contribution of genetic variation in 

FTO begins in early childhood and is to whole-body adiposity.  Rs9939609 is correlated 

by a mean r
2
 > .5 with 45 other variants within a 47 Kb region of FTO, including portions 

of the first intron and exon, as well as the second intron (Frayling et al, 2007).  The 

association of FTO SNPs with BMI has been replicated in a range of other populations, 

mostly European-derived, and has extended to other adiposity phenotypes such as plasma 

leptin, WAIST, SAT, weight, and fat mass (Loos and Bouchard, 2008).  Recently, Wing 

et al used the IRASFS HA and AA cohorts, as well as the full range of IRASFS adiposity 

phenotypes, to conduct a dense tagging SNP association analysis of FTO’s first intron.  In 

methodology, the approach is reflective of that used in the experiments of this 

dissertation, and is illustrative of its potency.  In a single study in IRASFS ethnic 

minorities, Wing et al’s association analysis was able to infer the same information that 
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had been synthesized from many independent genetic studies.  FTO intron 1 variants 

influenced whole-body adiposity phenotypes in IRASFS HAs and AAs, such as BMI, 

WAIST, and SAT, and do not contribute to preferential fat deposit in VAT.  Furthermore, 

FTO variants were associated with glucose homeostasis phenotypes, but manifested this 

effect mostly through the expected increase in BMI (Loos and Bouchard, 2008; Wing et 

al, 2009).  Not only was FTO a major success for GWAS and positional cloning methods, 

its physiologic importance has been confirmed in humans and knockout mice.  Studies in 

humans have demonstrated that carriers of FTO obesity risk alleles are at greater risk due 

to increased energy intake and diminished satiety signaling, perhaps as a result of altered 

gene expression in the brain (Wardle et al, 2008; Speakman, Rance, and Johnstone, 

2008).  FTO null mice have lower body mass despite normal eating behavior as a result 

of increased caloric expenditure from sympathetic nervous activity (Fischer et al, 2009).  

Following FTO, the WTCCC further analyzed GWAS data from ~17,000 

individuals of European descent to find that the second strongest BMI association signal 

was 188 Kb upstream of MC4R (rs17782313, P-value of 2.9x10
-6

).  This finding was 

confirmed in meta-analysis for over 60,000 additional individuals of European descent.  

MC4R SNPs were associated with adult height and had greater effect size in children, 

reflecting monogenic obesity’s effect on linear growth and early onset (Loos et al, 2008).  

The importance of neurobiological BMI candidate genes was clear following 

establishment of FTO and MC4R as unequivocal complex obesity genes.  The Genetic 

Investigation of Anthropometric Traits Consortium (GIANTC), which includes a subset 

of WTCCC subjects, conducted a meta-analysis of 15 GWAS for BMI (n of more than 

32,000) and performed de novo genotyping of top association signals in more than 59,000 
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additional samples from 14 European-derived cohorts.  This effort once again confirmed 

association of FTO and MC4R, but identified six additional BMI candidates of genome-

wide significance.  These candidates included transmembrane protein 18 (involved in 

neural stem cell migration) and other genes with high expression in the brain and 

hypothalamus (Willer et al, 2009).  A BMI candidate gene that trended towards genome-

wide significance in the preceding study; but was associated in another, was BDNF (a 

neurotrophic factor of the hypothalamus; Thorleifsson et al, 2009).   

Only recently have adiposity GWAS considered the genetic contributors to fat 

localization, using WAIST and WHR.  The GIANTC performed a meta-analysis of 16 

GWAS in over 38,000 subjects for WAIST and WHR.  Following the GWAS, they 

selected the 26 most disproportionately WAIST or WHR associated SNPs for follow-up 

analysis in over 70,000 additional subjects, including over 30,000 subjects of European 

descent from the Cohorts for Heart and Aging Research in Genomic Epidemiology 

Consortium (CHARGEC).  This study found two WAIST association signals of 

combined genome-wide significance: rs987237 (P-value of 1.9x10
-11

) for transcription 

factor activating enhancer-binding protein 2 beta (TFAP2B) and rs7826222 (P-value of 

8.9x10
-9

) for methionine sulfoxide reductase A (MSRA).  Only the association of the 

TFAP2B variant with WAIST persisted after BMI adjustment (Lindgren et al, 2009).  

TFAP2B is highly expressed in adipocytes, where over-expression is theorized to result 

in increased insulin sensitivity and glucose uptake based upon data from in vitro models 

(Maeda et al, 2005; Lindgren et al, 2009; Nordquist et al, 2009).  Interestingly, the study 

also found that in women, there is a significant association signal near 

lysophospholipase-like protein 1 (LYPLAL1, P-value of 1.3x10
-8

) for WHR that 
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strengthened with BMI adjustment (Lindgren et al, 2009).  LYPLAL1 is an obvious 

functional obesity candidate as a suspected triglyceride lipase with higher levels of 

expression in SAT (Steinberg, Kemp, and Watt, 2007; Lindgren et al, 2009).  A separate 

GWAS for WAIST was conducted in a combined cohort (of over 70,000) of European-

descent from populations including those of GIANTC and CHARGE.  This effort 

confirmed association of FTO and MC4R, but also identified a novel, BMI-independent 

signal near neurexin 3 (NRXN3, P-value of 5.3x10
-8

).  NRXN3 is a neural adhesion 

molecule with involvement in behavioral reward, addiction, and alcoholism (Clay, Allen, 

and Parran, 2008; Rapaka, Schnur, and Shurtleff, 2008; Heard-Costa et al, 2009).  

Three common trends are noticeable in the above GWAS.  Most all have been 

performed in large, European-derived cohorts, most all have focused on anthropometric 

traits, and the genes underlying BMI are not necessarily the same as those underlying 

other adiposity traits.  As such, the IRASFS is poised to make a unique contribution to 

extant adiposity trait GWAS.  The formulation of preliminary GWAS and follow-up 

exploration of candidate adiposity loci in both the IRASFS HA and AA populations are 

discussed in greater detail in Chapters IV and Chapter V, respectively.  Summary of the 

result implications, critical issues, and contextualization within the field of obesity 

genetics is presented in Chapter VI. 
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Abstract: 

The SOCS3 gene product participates in the feedback inhibition of a range of 

cytokine signals.  Most notably, SOCS3 inhibits the functioning of leptin and 

downstream steps in insulin signaling after being expressed by terminal transcription 

factors, such as STAT3 and c-fos.  The SOCS3 gene is located in the chromosome region 

17q24-17q25, previously linked to body mass index (BMI), visceral adipose tissue 

(VAT), and waist circumference (WAIST) in Hispanic families in the Insulin Resistance 

Atherosclerosis Family Study (IRASFS).  A high density map of 1536 single nucleotide 

polymorphisms (SNPs) was constructed to cover a portion of the 17q linkage interval in 

DNA samples from 1425 Hispanic subjects from 90 extended families in IRASFS.  

Analysis of this dense SNP map data revealed evidence of association of rs9914220 

(located 10 kb 5’ of the SOCS3 gene) with BMI, VAT, and WAIST (P-value ranging 

from 0 003 to 0.017).  Using a tagging SNP approach, rs9914220 and 22 additional 

SOCS3 SNPs were genotyped for genetic association analysis with measures of adiposity 

and glucose homeostasis.  The adiposity phenotypes utilized in association analyses 

included BMI, WAIST, waist to hip ratio (WHR), subcutaneous adipose tissue (SAT), 

VAT, and visceral to subcutaneous ratio (VSR).  Linkage disequilibrium (LD) 

calculations revealed three haplotype blocks near SOCS3. Haplotype Block 1 (5’ of 

SOCS3) contained SNPs consistently associated with BMI, WAIST, WHR, and VAT (P-

values ranging from 2.00x10
-4 

to .036).  Haplotype Block 3 contained single-SNPs that 

were associated with most adiposity traits except for VSR (P-values ranging from 0.002 

to 0.047).  When trait associated SNPs were included in linkage analyses as covariates, a 

reduction of VAT LOD score from 1.26 to .76 above the SOCS3 locus (110 cM) was 
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observed.  Multi-SNP haplotype testing using the quantitative pedigree disequilibrium 

test (QPDT) was broadly consistent with the single-SNP associations.  In conclusion, 

these results support a role for SOCS3 genetic variants in human obesity.
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Introduction: 

The Insulin Resistance Atherosclerosis Family Study (IRASFS) is a multi-center, 

family-based study with the goal of identifying genetic components underlying 

quantitative measures of adiposity and glucose homeostasis.  An initial linkage scan and 

subsequent fine mapping revealed suggestive evidence of linkage of Body Mass Index 

(BMI; LOD=2.81), Visceral Adipose Tissue (VAT; LOD=3.11), and waist circumference 

(WAIST; LOD=2.50) to a ~40cM interval (74-114 cM) on chromosome 17q24-17q25 in 

the Hispanic cohort (1, 2).  Though VAT was consistently the trait with the greatest 

evidence of linkage on chromosome 17q, VAT and WAIST showed greatly diminished 

LOD scores following adjustment for BMI (1, 2), consistent with the linked locus/loci 

contributing to overall adiposity rather than VAT specifically.  In an effort to identify the 

genes contributing to this evidence of linkage, a high-density tagging single nucleotide 

polymorphism (SNP) map was constructed that surveyed a proximal portion of the 

linkage region (from 96 to 112 cM).  Among genes near or containing adiposity-

associated SNPs in this densely mapped region is SOCS3 (rs9914220, 10 kb 5’ of 

SOCS3, associated with BMI, VAT, and WAIST with p-values ranging from .003 to 

.017).  SOCS3 is a gene implicated in obesity as a feedback inhibitor of the leptin signal, 

and in diabetes due to its similar inhibition of insulin-signaling components (3-6).  We 

have used a haplotype-tagging SNP approach to test whether variants within or near 

SOCS3 affect quantitative measures of obesity and/or diabetes in the IRASFS Hispanic 

cohort.  We hypothesize that more extensive investigation of genetic variants within or 

near SOCS3 will reveal SNPs associated with quantitative adiposity or glucose 

homeostasis phenotypes.  Subsequently, we hypothesize that by adjusting the adiposity 
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linkage intervals by adiposity-associated SOCS3 SNPs, we will observe a supportive 

decrease in the LOD scores. 

Materials and Methods 

Subjects.    

The study design and recruitment of the IRASFS Hispanic and African American 

cohorts are described in detail (11).  This report summarizes studies on the 90 

multigenerational Hispanic families (1425 individuals), which consisted of an urban 

sample from San Antonio, TX and a rural sample from San Luis Valley, CO.  Individuals 

were recruited over a 2.5 year period at the clinical centers on the basis of large family 

size: proband having at least four living siblings and five living offspring among the four 

siblings.  All subjects have provided informed consent.  Though the subjects were 

recruited on the basis of family size and not disease status, approximately 13.7% have 

been diagnosed with type 2 diabetes. Table 1 summarizes the primary phenotypes 

measured on study participants. 

Phenotypes.  

The IRASFS subjects have been extensively phenotyped for quantitative 

measures of adiposity and glucose homeostasis, the process of which was described in 

detail elsewhere (1, 2, 11).  Adiposity traits collected for IRASFS Hispanic participants 

included the standard anthropometric measures: Body Mass Index (BMI, kg/m
2
), waist 

circumference (WAIST, cm), and waist-to-hip ratio (WHR).  In addition to standard 

anthropometric measures of adiposity, measures of adiposity at specific abdominal depots 

were obtained from computed tomography (CT) scanning.  The collected CT-derived 
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measures of adiposity include visceral adipose tissue (VAT, cm
2
), subcutaneous adipose 

tissue (SAT, cm
2
), and visceral to subcutaneous ratio (VSR).     

Measures of glucose homoeostasis were assessed using the frequently sampled 

intravenous glucose tolerance test (FSIGT), and minimal model analyses (MINMOD 

software program), in order to calculate insulin sensitivity (SI) and glucose effectiveness 

(SG) (12, 13).  Other FSIGT-derived measures of glucose homeostasis included acute 

insulin response (AIR) and the disposition index (DI).  Plasma glucose (GFAST) and 

insulin (FINS) levels (or concentrations) were also obtained.  Diabetes-affected 

individuals were excluded from SNP association analysis with quantitative measures of 

glucose homeostasis. 

DNA Preparation.   

Genomic DNA was purified from whole blood PUREGENE DNA isolation kits 

(Gentra Inc., Minneapolis, MN, USA).  Quantification of the purified DNA was 

performed by fluorometric assay (Hoefer DyNA Quant 200 fluorometer; Hoefer 

Pharmacia Biotech Inc., San Francisco, CA, USA).  All of the samples were diluted to a 

final concentration of 5 ng/μl.     

SNP Genotyping and Selection.   

Initial genotyping across the 17q region was performed by the Center for 

Inherited Disease Research with the Illumina Goldengate© 1536 SNP Genotyping Assay 

and BeadLab (Illumina, Inc., San Diego, CA).  The 1536 SNPs cover a 6.85 Mb interval 

at a SNP density of 1 per 4.46 kb.  HapMap coverage of the mapped region in CEU & 

YRI populations for SNPs of MAF > 10% at an r
2 

of 0.65 is greater than 80% and 60%, 

respectively. 
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SOCS3 SNP genotyping was performed using the iPlex MassARRAY SNP 

genotyping system (Sequenom Inc., San Diego, CA, USA), which utilizes mass tagging 

to differentiate between alleles (14).  SNP selection for candidate gene analysis was 

performed in a ~13 kb genomic region 5’ to SOCS3, the ~3 kb SOCS3 genic region, and 

an ~31 kb region 3’ to SOCS3.  CEU HapMap tagging SNPs with an r
2
 threshold of 0.8 

were initially selected, and supplemented with HapMap (www.hapmap.org) genotyped 

SNPs, as well as those of dbSNP.  According to the tagging function of HapMap, the 15 

tagging SNPs and the 13 SNPs of dbSNP capture over 80-90% of the genomic variation 

of the region in CEU, YRI, and CHB ancestral populations.  No SNPs selected for 

genotyping had a listed MAF of less than 5%.  Each pedigree has previously been 

examined for consistency of stated family structure and is described in detail elsewhere 

(15).  Maximum likelihood estimates of allele frequencies were computed using the 

largest set of unrelated individuals (n=228) and tested for departures from Hardy-

Weinberg equilibrium proportions (HWE) using a chi squared goodness of fit test.  The 

largest set of unrelated individuals was also used to calculate the D’ and r
2
 inter-SNP 

linkage disequilibrium (LD) statistics.  Each of the SNPs evaluated in this work were 

examined for Mendelian inconsistencies in their genotypes using the program 

PEDCHECK (16).  Any genotypes inconsistent with Mendelian inheritance that could not 

be resolved by examination of the genotyping data were converted to missing.    

Statistical Analysis.    

Single-SNP analysis was performed using the variance components method as 

implemented in the software package, SOLAR (http://www.sfbr.org/solar/). Briefly, 

analysis consisted of the two degree of freedom overall test of genotypic association and 

http://www.sfbr.org/solar/
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the three individual models defined by the a priori genetic models (i.e., dominant, 

additive, recessive).  To minimize type 1 error, we considered the individual genetic 

models only when the genotypic association test suggested an association, or after 

adjusting the individual genetic model P-values by a Bonferroni correction.  Tests were 

computed by adjusting measures of adiposity and glucose homeostasis for age, gender 

and recruitment center (San Antonio, TX and San Luis Valley, CO) and, in parallel, 

adjusting for age, gender, BMI, and recruitment center.  When necessary, quantitative 

traits were transformed to best approximate the distributional assumptions of the test (i.e., 

conditional normality and homogeneity of variance).  The adiposity phenotypes were 

transformed by taking the square root of VAT and SAT, and the natural logarithm of 

BMI, WHR, and VSR after the addition of one.  The glucose homeostasis phenotypes 

were transformed by taking the natural logarithm of FINS and SI after the addition of one 

and by taking the sine of the square root of AIR and DI. 

The data were also analyzed using the quantitative pedigree disequilibrium tests 

(QPDT), using two, three, and four marker moving windows, which assess haplotype 

association.  The QPDT uses a moving window analysis method, which forms multi-SNP 

haplotypes out of progressively adjacent SNPs (by physical position).  In other words, it 

includes SNP 1, then SNP 1 and adjacent SNP 2 (2 marker), then SNPs 1-2 and SNP 3 (3 

marker), and finally SNPs 1-4 (4 marker).  The process then repeats, but it begins to form 

the haplotypes starting with SNP 2.  All of the different individual combinations of 

alleles comprising these small haplotypes are tested for over- or under-transmission to 

offspring in nuclear families whose trait variance departs from the expected.  A global p-

value is generated by the QPDT, which represents the overall significance based on the 
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association tests of all the individual allele combinations of that haplotype, and these are 

what are reported (in Supplementary Figure 2 and Supplementary Figure 3).  In addition, 

we report the most associated and sufficiently common (frequency > 5%) individual 

haplotypes underlying the global p-values (Supplementary Figure 4).  The QPDT uses the 

expectation-maximization algorithm to estimate the haplotype frequencies of individuals 

whom have an ambiguous phase, and is generally robust to potential population 

stratification. 

To test whether a particular subset of SNPs contributed either directly, or through 

linkage disequilibrium, to the evidence for linkage to the QTL, a subset of trait-associated 

SNPs was entered into the QTL linkage analysis and the change in the magnitude of the 

LOD score calculated. If the polymorphism directly or indirectly contributes to the 

evidence for linkage, the initial LOD score will be reduced in a model that includes the 

polymorphisms as a covariate. 

Results: 

Twenty-eight SNPs have been genotyped within or near SOCS3 in 1425 Hispanic 

IRASFS subjects and tested for association with quantitative adiposity and glucose 

homeostasis traits. Eight SNPs are located in the 5’ upstream/promoter region, 3 SNPs in 

the 3’-UTR, and 17 SNPs in the 3’ region that is distal to the UTR (see Figure 1).  The 

small SOCS3 genic region (~3 kb) has no genotyped SNPs due to the small number and 

low informativeness of tagging SNPs in the HapMap database (there are 2 tagging SNPs 

that were in the 3’-UTR, and were genotyped here).  Prior mutation scanning approaches 

have revealed no common genic SOCS3 SNPs linked to obesity or diabetes traits (7-10).  

The genotyped SNPs did not depart from Hardy-Weinberg Equilibrium (Supplementary 



 59 

Table 1).  The Gabriel et al. method of haplotype block definition, as implemented by 

Haploview, shows the presence of a 10 kb haplotype block 5’ of SOCS3, an 11 kb block 

3’ of SOCS3, and a <1 kb block further downstream in the 3’ direction (17, 18, Figure 1, 

Supplementary Figure 1).  The 5’ Gabriel-defined haplotype block is designated as 

Haplotype Block 3, the 11 kb 3’ block is designated as Haplotype Block 2, and the <1 kb 

block further downstream is designated as Haplotype Block 1. 

Analysis of the single SNP data reveals evidence for association of multiple 

SOCS3 SNPs with adiposity measures, the most prominent of which are 4 highly 

correlated SNPs that are ~10 kb 5’ of the gene and within 2 kb of one another (Table 2).  

rs9914196, rs9914220, rs8070204, and rs8074003 were associated with BMI, WAIST, 

WHR, and VAT (P-values ranging from 2x10
-4

 to .036; MAF=12-14%).  rs8070204 

shows additional association with VSR (P-value of.002).  SOCS3 SNPs of the 3’-

UTR/downstream region also show evidence of association with adiposity measures, the 

most prominent of which was rs7221341 association with BMI, WAIST, WHR, VAT, 

and SAT (P-values range from .002 to .036; MAF=31%).  Notable also is rs4969168’s 

association with WAIST, WHR, and SAT (P-values range from .004 to .044; 

MAF=26%). rs2280148 is associated with multiple measures of adiposity, but is poorly 

polymorphic (MAF=1%).  Finally, the 3’ SNPs rs8076673 and rs6501199 show nominal 

evidence of association with VAT (P-values range from .034 to .047; MAF=16%-30%).   

A second analysis was performed adjusting for BMI in addition to age, gender, 

and center, to evaluate evidence of association after adjustment for overall body size 

(Table 2).  In the promoter region, the highly correlated SNPs rs9914196, rs9914220, and 

rs8070204 retain some evidence of association with WAIST and WHR (P-values range 
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from .003 to .046).  Other 5’ SNPs, rs8070204 (VAT; P-value of .060) and rs8074003 

(WHR; P-value of .097), have reduced evidence of association.  SNPs of the 3’ region, 

e.g. rs7221341, also have reduced evidence for association, but evidence of association 

for rs4969168 with WAIST and WHR remains (P-values range from .009 to .015).  

Similarly, evidence for association of rs16971055 with WAIST and WHR remains 

following BMI adjustment (P-values range from .013 to .018; MAF=7%).   

The 4 highly correlated and closely spaced SNPs in the promoter region have 

nominal evidence of association with glucose homeostasis measures when adjusting for 

age, gender, and center.  rs9914196, rs9914220, rs8070204, and rs8074003 are associated 

with SI and SG (P-values range from .002 to .050).  Rs8074003 is additionally associated 

with FINS and DI (P-values range from .020 to .040).  There is no evidence for 

association between glucose homeostasis measures and SNPs 3’ to the coding region 

(Data not shown).  To evaluate the influence of body size on evidence of association with 

glucose homeostasis measures, the association analysis was repeated adjusting for BMI, 

in addition to age, gender, and center.  Adjustment for BMI results in limited evidence for 

association of SOCS3 SNPs with glucose homeostasis traits (Data not shown; P-values 

range from .007 to .048).  Only a single SNP of the 3’-UTR, rs8069976, is associated 

(with FINS) by a p-value of < .01 after BMI adjustment.   

The phenotypic effects of common (MAF>5%) adiposity trait-associated SNPs 

under SOLAR are presented as genotypic means in Table 3.  A single SNP that is 

associated with a trait under the 2df model is tested for association with the dominant, 

additive, and recessive a priori genetic models.  Table 3 illustrates that most SOCS3 

SNPs associated under the 2df model operated by a recessive model, in which two copies 
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of the minor allele are protective from obesity.  Inheriting two minor alleles of SNP 

rs8070204, which was one of the correlated SNPs in the promoter/5’ region of SOCS3, 

was associated with a 38.9 cm
2
 decrease in VAT and a 3.5 kg/m

2
 decrease in BMI in 

IRASFS Hispanics. 

The QPDT was performed on the genotyped SNPs in order to determine if 

SOCS3 variants are part of multi-SNP haplotypes that show association with adiposity 

traits.  The QPDT shows results that are partially supportive of the single-SNP results as 

calculated by SOLAR (Supplementary Figures 2 and 3).  However, in contrast to the 

SOLAR results, there are no SOCS3 SNPs in the 5’ region that were associated with 

adiposity measures.  In the 3’ region, there are associations of multi-marker SNP 

haplotypes with BMI, WAIST, WHR, SAT, and VSR (P-values range from .001 to .045).  

Additional adjustment of the QPDT adiposity measure association results by BMI causes 

changes in the genetic association profile of 3’ SOCS3 SNPs (Supplementary Figure 3).  

There is no longer association of multi-marker haplotypes with WAIST.  However, 

association of multiple SNP haplotypes is observed with WHR (association seems to shift 

further in the 3’ direction; P-values range from .022 to .036), VAT (P-value of .031), and 

VSR (most association persists; P-values range from .001 to .043).  The SNPs rs8076673 

and rs7221341 are prominently associated with adiposity measures after BMI adjustment 

due to their inclusion in nearly all WHR, VAT, and VSR-associated haplotypes.  When 

the genotyped SOCS3 variants are tested for association with glucose homeostasis 

measures via QPDT, while adjusted for age, gender, and center, there is again limited 

evidence of association (Data Not Shown).  The SNPs of the 5’ region comprised 

haplotypes that were nominally associated with SG and SI (P-values range from .017 to 
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.049).  Elsewhere in the genotyped SOCS3 interval, there is no association with glucose 

homeostasis measures before or after BMI adjustment (Data Not Shown).   

The IRASFS previously found linkage of BMI, VAT, and WAIST (only before 

adjustment for BMI) to a ~40 cM region (74-114 cM) of chromosome 17q24-17q25 (1, 

2).  Similarly, the present results reflect an association of SOCS3 SNPs with whole-body 

adiposity, but preferential deposit of increased adiposity to the abdomen and viscera.  

Therefore, we have adjusted the 17q adiposity linkage intervals by adiposity-associated 

SOCS3 SNP genotypes, which theoretically capture meaningful haplotypic variation.  

Subsequently, this adjustment will enable us to conclude if polymorphism in SOCS3 

accounts for IRASFS linkage results.  After adjusting the chromosome 17q BMI, 

WAIST, and VAT linkage intervals by adiposity-associated SOCS3 SNP genotype, there 

is a corroborative decrease in the LOD score for VAT at a minor peak just over the 

mapped position of SOCS3.  The SNPs selected with which to adjust the linkage intervals 

included rs7221341, rs7222391, rs4969168, rs9914220, rs8070204, rs9914196, 

rs8074003, rs6501199, rs8076673, and rs16971055.  The minor linkage peak for VAT at 

the approximate location of the SOCS3 gene (maps to 110 cm) was most affected by 

adjustment for SOCS3 SNP genotypes, decreasing from a LOD of 1.26 to .76 when 

adjusted for age, gender, and associated SOCS3 SNPs (Figure 2).  There is a more 

modest decrease from a LOD of 2.83 to 2.57 at 94 cM under the largest VAT linkage 

peak.  Linkage evidence for VAT or LOD reduction after SNP adjustment was not 

apparent when BMI was also used as a covariate (Figure 2).  The linkage interval for 

BMI on 17q shows a largely unaffected LOD score after adjustment for SOS3 SNP 

genotype (Supplementary Figure 5).  The linkage interval for WAIST on 17q modestly 
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decreases from a LOD of 1.84 to 1.62 at 95 cM, the site of the greatest evidence for 

linkage.  As with VAT, linkage evidence for WAIST and LOD reduction after SNP 

adjustment was not apparent when BMI was also used as a covariate (Supplementary 

Figure 6).   

Discussion: 

In this study we have evaluated a region on 17q24-q25 for association with 

measures of adiposity in Hispanic subjects from the IRASFS.  Initial analysis of the 1536 

SNP data from this linkage-defined interval revealed evidence for association of SNP 

rs9914220 with BMI, VAT, and WAIST with P-values ranging from 0.003 to .017.  This 

SNP is approximately 10 kb upstream of the SOCS3 gene.  SOCS3 plays a central role in 

feedback inhibition of the leptin signaling pathway.  Expression of SOCS3 is induced by 

STAT3 transcription factors, which are an endpoint of the leptin receptor’s JAK-STAT 

signaling pathway.  Once expressed, SOCS3 modulates the leptin signal through direct 

binding of signal transduction components that utilize phosphorylated tyrosines 

(including the leptin and insulin receptors, JAK proteins; 20-22).  Abnormally 

functioning or expressed SOCS3 may be a result of inherited genetic variation within or 

near the gene, and may be partly responsible for the “leptin resistance” observed in 

obesity (23, 24).  Furthermore, SOCS3’s ability to inhibit shared downstream leptin and 

insulin signaling components (e.g. IRS proteins), and the finding that SOCS3 is 

downstream of major inflammatory mediators (such as TLR-4 and TNF-α), suggests that 

SOCS3 may be a direct genetic determinant of obesity and diabetes (6, 25, 26).   

To further investigate the influence of SOCS3 in obesity and diabetes, we used a 

tagging SNP approach to comprehensively evaluate this gene for association with 
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quantitative adiposity and glucose homeostasis measures.  The 3.3 kb SOCS3 gene is 

within the ~47 kb genotyped region composed of 3 major LD blocks (Gabriel method, 

Figure 1).  We found evidence for association between SNPs both 5’ and 3’ of the gene 

and adiposity measures. 

Strongest evidence of association was with adiposity measures in the Promoter 

region, 3’-UTR, and 3’-downstream region of the gene (Haplotype Block 3, Haplotype 

Block 1; Figure 1; Table 2).  Adiposity association in the promoter region was most 

prominent between BMI, WAIST, WHR, VAT and the highly correlated SNPs 

rs9914196, rs9914220, rs8070204, and rs8074003 (P-values ranged from 2.0x10
-4

 to 

.036).  Meanwhile, adiposity association in the 3’-UTR was most prominent between 

BMI, WAIST, WHR, SAT and the SNPs rs4969168 and rs2280148 (P-values ranged 

from .004 to .044).  Finally, adiposity association in the 3’-downstream region was most 

prominent between all tested adiposity traits except VSR and the SNP rs7221341 (P-

values ranged from .002 to .036). Adjustment for BMI caused SNP association with 

WAIST and WHR to be emphasized, which implies a primary influence of SOCS3 SNPs 

on whole-body adiposity with preferential deposition of abdominal fat (P-values ranged 

from .003 to .046; Table 2).  Analyses with measures of glucose homeostasis suggest that 

polymorphism in SOCS3 has a primary effect upon adiposity, and that any genetic 

association with glucose homeostasis measures is mediated through adiposity.  There is 

no evidence of association with glucose homeostasis traits in BMI-adjusted analysis of 

the 5’/promoter region.  Moreover, there is only limited evidence for association in the 3’ 

region between SNPs in Haplotype Blocks 1 and 2 and glucose homeostasis traits.  The 
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only strong glucose homeostasis trait association following BMI adjustment was 

rs8069976’s with FINS in the 3’UTR (P-value is .007, Data not Shown). 

When the adiposity-associated tagging SNPs rs7221341, rs7222391, rs4969168, 

rs9914220, rs8070204, rs9914196, rs8074003, rs6501199, rs8076673, and rs16971055 

were used to adjust the BMI, VAT, and WAIST linkage intervals on chromosome 17q, 

(Supplementary Figures 2-4) it was clear that the most significant effect was observed at 

a minor LOD peak within the VAT linkage interval (Figure 2).  The adiposity-associated 

tagging SNPs were utilized as a unit to adjust the linkage peak because, in theory, these 

SNPs capture meaningful genomic information.  The LOD score decreases at the minor 

VAT peak from 1.26 to .76, which is the approximate mapped position of the SOCS3 

gene (110 cM).  Subsequently, the LOD reduction in BMI-unadjusted VAT suggested 

that the positional evidence of linkage with VAT (when considered as a component of 

overall adiposity) at this minor peak is partly explained by these SOCS3 SNPs.  Because 

BMI-unadjusted VAT was the only linkage interval with a modest linkage peak directly 

above the mapped position of SOCS3, this was unsurprising.  These results lend 

additional significance to single-SNP associations with VAT prior to BMI adjustment, 

which includes the previously noted adiposity-associated SNPs of Blocks 1 and 3, and 

further suggests a mechanism for SOCS3 SNPs in increased overall adiposity with 

preferential deposition of abdominal fat.  Though the LOD reduction is supportive of our 

single-SNP association results, we note that the major linkage peaks for VAT, BMI, and 

WAIST are largely unaffected by adjustment for SOCS3 SNPs.  Thus, we do not 

conclude that SOCS3 is the major contributor to our evidence of linkage in the region 

overall.   
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These results have not been adjusted for type I error as presented, and should be 

considered with some caution, especially in regard to the glucose homeostasis results.  

One perspective on accounting for type I error would utilize a standard Bonferroni 

correction for all SNP and trait comparisons.  Such a correction may be too stringent 

since there is a strong prior hypothesis that this gene possesses obesity-associated 

variants, which is based on a body of physiologic evidence.  Additionally, there is a non-

trivial amount of inter-trait and inter-SNP correlation present in this data set, which 

makes the number of conducted tests difficult to determine.  For instance, the estimated 

genetic correlation between BMI and WAIST, WHR, SAT, or VAT ranges from an r
2
 of 

.61 to .94, and the mean inter-SNP D’ is .56.  The correlations between adiposity 

phenotypes and SNPs present a scenario for which a consistent multiple corrections 

strategy has not been proposed.  Subsequently, a finite threshold of significance 

following a multiple comparisons adjustment could potentially mischaracterize the 

results. 

To date, there have been no reports of functional analyses that directly link 

SOCS3 gene expression to the region of most prominent association.  However, 

Haplotype Block 1 (Figure 1 and Supplementary Figure 1) is 10 Kb in size, and it 

contains associated SNPs in high LD (e.g. rs9914196, rs9914220, rs8070204, 

rs8074003).  Since SOCS3 is downstream of many critical biological pathways, such as 

the leptin receptor, insulin receptor, and toll-like receptors, the SOCS3 promoter should 

contain many response elements.  Most prior studies of the SOCS3 promoter have 

focused on the “functional” region ~1 to 3 Kb upstream of the gene. 
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We have evaluated the 10 kb Haplotype Block 1 using the bioinformatics tool, 

MatInspector.  A twenty-one base pair sequence for each variant (10 bps on either side of 

each SNP) was scanned using MatInspector, restricting the results to humans and 

requesting a sequence alignment (28).  As is common with this approach, several SNPs 

appear to be in putative transcription factor binding sites.  However, rs9914220 and 

rs8074003 are within putative response elements that are congruent with SOCS3 biology 

and expression.  The SNP rs9914220 was adjacent to a putative growth factor 

independent 1 (GFI1) response element (Matrix Similarity=.919).  GFI1 is a 

transcriptional repressor that regulates cell differentiation in hematopoietic stem cells, T 

cells, neutrophils, and dendritic cells.  In performing its function, some evidence suggests 

that GFI1 inhibits SOCS3 expression (29).  The SNP rs8074003 was within the core 

sequence for putative X-box-binding protein 1 (XBP-1; Matrix Similarity=.891) and 

hypoxia-inducible factor response elements (Matrix Similarity=.946).  XBP-1 is a 

transcription factor that is critical in responding to endoplasmic reticulum stress, which 

can be caused by obesity through accumulation of misfolded proteins, lipids, glucose 

deprivation, and excessive demand for secretory proteins.  XBP-1 knock-outs show 

hyper-activation of JNK, reduced insulin receptor signalling (partly through inhibition of 

IRS-1), and systemic insulin resistance (30).  Additionally, mechanically stressed 

adipocytes that are distant from the circulation may become hypoxic.  Expression of the 

hypoxia-inducible factor-1 alpha is elevated in mouse models of obesity, and can 

promote increased levels of leptin (31).  The preceding suggests that SNP interference in 

the promoter binding of GFI1, XBP-1, or hypoxia-inducible factor-1 alpha may lead to 

abnormal expression of SOCS3, which would then have implications in obesity and 
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diabetes.  Assuming that any of these putative response elements are functionally 

meaningful, and the association of SOCS3 SNPs is confirmed, this could provide a 

starting point for further study.  

Contrary to the negative results of prior genetic analyses of SOCS3 and the 

immediate promoter region (7-10), we report that multiple SNPs farther 5’ and 3’ of the 

genic region are associated with adiposity, and nominally so with glucose homeostasis 

measures.  Furthermore, these SNPs provide an explanation for the modest VAT linkage 

peak just over the mapped position of SOCS3, previously observed in the IRASFS 

Hispanics (1, 2).  Three distinctive haplotype blocks were identified upon the 

determination of the LD structure, and all three contained associated genetic variants.  

The chief mechanism by which these SNPs affect obesity appears to be through overall 

body mass with preferential deposit of adipose tissue in the abdominal and visceral area.  

The implications of these SNPs in diabetes are more limited, and much of the observed 

effect on glucose homeostasis traits is mediated through increased adiposity.  

Interestingly, a majority of the minor allele effect of common associated genetic variants 

was protective.  Clearly, these SNPs and SNP haplotypes should be tested for association 

with obesity and diabetes traits in other cohorts for validation.  Consistently associated, 

sufficiently common, genetic variants with even a modest prevalence or effect on SOCS3 

could be highly significant in the pathogenesis of obesity.    
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Table 1) Demographics of the IRASFS total Hispanic cohort. 

 

 

 

 

 

 

Hispanic individuals in 

IRASFS  

Phenotype Mean (SD) Median 

Demographic 
    

Age (yrs) 
42.8 (14.6) 41.3 

Female gender (%) 
58   

Adiposity 
    

Body Mass Index (kg/m
2
) (BMI) 

28.9 (6.1) 28.1 

Waist Circumference (cm) 
89.8 (14.3) 89.1 

Weight (kg) 
77.6 (18.2) 75.5 

Waist/Hip Ratio (WHR) 
0.86 (0.08) 0.85 

Subcutaneous Fat Area L4/L5 

(cm
2
) (SAT) 338.7 (154.7) 313.7 

Visceral Fat Area L4/L5 (cm
2
) 

(VAT) 113.8 (61.2) 105.9 

Visceral: Subcutaneous Ratio 

(VSR) 0.38 (0.21) 0.33 

Glucose Homeostasis     

Insulin Sensitivity (SI, X10
-5

 min
-

1
/[pmol/L]) 

2.0 (1.9) 1.5 

Acute Insulin Response (AIR, 

pmol/L) 695 (655) 534 

Disposition index (DI; 10
-5

 min
-1

) 
1205.3 (1238.2) 918.7 

glucose effectiveness (SG; min
-1

) 
0.02 (.009) 0.02 

fasting insulin (FINS) 16.1 (12.9) 13 

fasting glucose (FGLU; mg/dL)  103.2 (34.8) 93.5 
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Table 2) Single-SNP Genotypic Association (2df test) Results in the IRASFS Hispanics.  

The physical location, MAF, and SNP designations are in the far left columns.  Results 

adjusted by standard parameters (age, gender, center) and those adjusted by standard 

parameters and BMI are presented.  SAT is not included in the BMI adjusted results due 

to high correlation with BMI (r
2
>.90).  A dot (“.”) represents no association.  Note that 

only phenotypes with at least one associated SNP are displayed below, and no glucose 

homeostasis results are presented.   

 

ADJUSTED FOR AGE, CENTER, GENDER

SNP MAF Alleles BMI WAIST WHR VAT SAT VSR WAIST WHR

rs12449451 20% C/T . . . . . . . .

rs4789575 13% A/T . . . . . . . .

rs11651398 6% C/T . . . . . . . .

rs4436839 41% A/C . . . . . . . .

rs16971055 7% A/G . . . . . . 0.013 0.018

rs7222391 6% A/G . . . . . . . .

rs12936911 2% C/T . . . . . . . .

rs17642091 10% A/G . . . . . . . .

3' rs8076673 16% A/G . . . 0.047 . . . .

rs7221341 31% C/T 0.021 0.035 0.007 0.036 0.002 . . 0.025

rs6501199 30% C/G . . . 0.034 . . . .

rs4447485 12% C/T . . . . . . . .

rs11077359 22% C/T . . . . . . . .

rs7216115 5% G/T . . . . . . . .

rs12944581 29% C/G . . . . . . . .

rs8069976 12% A/C . . . . . . . .

rs8071356 12% G/T . . . . . . . .

rs4969168 26% A/G . 0.011 0.004 . 0.044 . 0.009 0.015

rs4969169 14% C/T . . . . . . . .

GENE

rs2280148 1% A/C 0.003 0.005 0.011 . . . 0.023 .

rs11868378 24% A/G . . . . . . . .

rs4969170 46% A/G . . . . . . . .

rs9914196 13% A/C 0.018 0.006 0.001 0.012 . . . 0.012

5' rs9914220 14% C/T 0.019 0.006 0.001 0.012 . . . 0.011

rs8070204 13% A/G 0.017 0.003 2.00E-04 0.003 . 0.002 0.046 0.003

rs8074003 12% C/T 0.036 0.035 0.011 0.022 . . . .

rs4994934 13% C/T . . . . . . . .

rs4969172 46% C/T . . . . . . . .

ADJUSTED FOR 

BMI

 



 74 

Table 3) The genotypic means of associated SNPs under the 2df test of SOLAR, which 

have MAF >5% with standard deviations in parentheses.  Beginning from the far left, the 

columns list: the SNP designations, the physical location of the SNP, the traits with 

which the SNP was associated, the genetic model with which the SNP was associated, 

and the MAF of the SNP.  The far right column contains the genotypic means for each 

associated trait and each SNP: 1/1 represents individuals homozygous for the major 

allele, ½ represents heterozygous individuals, and 2/2 represents minor allele 

homozygotes.  The SNP marked with *** is the most associated of the four highly-

correlated promoter SNPs (rs9914220, rs8074003, rs8070204, and rs9914196).  Units: 

Body Mass Index (BMI) kg/m
2
, Waist circumference (WAIST) cm, Waist to Hip Ratio 

(WHR) Visceral Adipose Tissue (VAT) cm
2
, Subcutaneous Adipose Tissue (SAT) cm

2
, 

fasting insulin (FINS) mg/dL 

 

Genotypic Means (SD)

SNP Region Trait Best Model MAF 1,1 1,2 2,2

rs7221341 3' of gene BMI RECESSIVE 31% 28.9 (6.28) 29.2 (5.97) 27.4 (5.40)

WAIST 89.8 (14.3) 90.3 (14.3) 86.7 (13.6)

WHR .856 (.084) .859 (.085) .842 (.092)

VAT 111 (57.2) 120 (66.2) 104 (62.5)

SAT 339 (156) 345 (154) 304 (143)

rs8069976 3' of gene FINS RECESSIVE 12% 15 (12) 15 (9) 10 (7)

rs4969168 3'-UTR WAIST RECESSIVE 26% 90 (15) 90 (14) 87 (14)

SAT 337 (155) 347 (158) 307 (124)

rs8070204*** Promoter BMI RECESSIVE 13% 29.0 (6.23) 28.8 (5.94) 25.5 (5.07)

WAIST 89.9 (14.4) 90.0 (13.8) 80.2 (11.5)

WHR .855 (.085) .860 (.084) .805 (.085)

VAT 115 (62.2) 114 (59.1) 76.1 (45.6)

SAT 341 (153) 337 (158) 280 (144)  
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Figure 1) A schematic representing the genomic locations and number of genotyped 

SOCS3 SNPs.  SNP locations are not to scale; however, efforts were made in placing 

them so they approximated the inter-variant distance.  The demarcated haplotype blocks 

are estimated using the Gabriel method and inter-SNP D’ and r2 calculations, see 

Supplementary Figure 1. 
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Figure 2) The chromosome 17q VAT linkage interval with and without adjustment for 

BMI and/or SOCS3 SNP genotype.  Microsatellite designations appear at the top of the 

diagram, the maximum log of the odds of linkage (LOD score) is on the Y axis, and 

genetic distance in centimorgans (cM) is on the X axis.  The LOD plot is adjusted for age 

and gender.  The black line represents the linkage scan without adjustment for SOCS3 

SNPs, the dashed line represents the linkage scan with adjustment for SOCS3 SNPs, the 

lower black line represents the linkage scan with adjustment for BMI, and the lower 

dashed line represents the linkage scan with adjustment for SOCS3 SNPs and BMI.  

SOCS3 maps to 110 cM on this plot. 

 

Visceral Adipose Tissue; Chromosome 17; Covariates: Age, Sex, Center 
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Supplementary Figure 1) Haploview image of LD calculations and “to scale” genomic 

location of genotyped SOCS3 SNPs (http://www.broad.mit.edu/mpg/haploview/).  The 

“to scale” gene representation and distance bar are downloaded from the International 

HapMap Project (www.hapmap.org).  SNPs with a typed MAF < 5% are not represented 

in this figure.  Color schema is based upon D’ calculations: where dark red represents a 

high degree of inter-SNP D’, blue represents statistically ambiguous D’, and white 

represents low D’.  The dark numbers in the center of the squares represents the inter-

SNP r2, and a solid red square with no number in the center represents an inter-SNP 

correlation of 1.0.  Block definitions are calculated using the Gabriel et al. method.  The 5 

right-most genotyped SNPs in the LD diagram are not included in association analyses, 

as they are part of the phosphatidylglycero-phosphate synthase (PGS-1) gene 5’ of 

SOCS3.  However, they are included here to further illustrate the haplotype block 

structure of the region. 
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Supplementary Figure 2) QPDT association analysis of multi-marker SNP haplotypes 

with adiposity phenotypes.  Bold numbers in shaded boxes represent association (P<.05).  

Only those phenotypes with some evidence of association are shown here, others are 

excluded.  Results are adjusted for age, gender, and center.  SNPs are listed starting at the 

3’ of the gene at the top of the table and proceed in the 5’ direction.  The bold line that 

divides the SNPs on the table represents the location of the SOCS3 gene. 

 

ADJUSTED FOR AGE, CENTER, GENDER

SNP BMI WAIST WHR SAT VSR

rs12449451

rs4789575

rs11651398

rs4436839

rs16971055

rs7222391 0.022 0.041

rs12936911 0.011 0.029 0.017 0.012 0.024

rs17642091

rs8076673 0.032

rs7221341 0.008 0.02 0.001 0.007 0.017

rs6501199 0.011 0.042

rs4447485 0.045

rs11077359

rs7216115

rs12944581

rs8069976

rs8071356

rs4969168

rs4969169

rs2280148

rs11868378

rs4969170

rs9914196

rs9914220

rs8070204

rs8074003

rs4994934

rs4969172
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Supplementary Figure 3) QPDT association analysis of multi-marker SNP haplotypes 

with adiposity phenotypes.  Bold numbers in shaded boxes represent association (P<.05).  

Only those phenotypes with some evidence of association are shown here, others are 

excluded.  Results are adjusted for age, gender, center, and BMI.  SNPs are listed starting 

at the 3’ of the gene at the top of the table and proceed in the 5’ direction.  The bold line 

that divides the SNPs on the table represents the location of the SOCS3 gene. 
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Supplementary Figure 4) The allelic identities and frequencies of associated individual 

haplotypes, which underlie the global QPDT P-values reported in Supplementary Figures 

2 and 3.  Those adjusted for age, gender, and center are seen at left and those adjusted for 

age, gender, center, and BMI are seen at right.  The leftmost column lists those SNPs 

comprising the globally associated haplotypes, the Alleles column lists the alleles 

comprising the associated individual haplotypes, the Frequency column lists the 

frequency of each individual haplotype, the Traits column notes the trait with which the 

haplotypes were globally associated, and the P-value column notes the P-values of 

association of the individual haplotypes.   
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Supplementary Figure 5) The chromosome 17q BMI linkage interval with and without 

adjustment for SOCS3 SNP genotype.  Microsatellite designations appear at the top of 

the diagram, the maximum log of the odds of linkage (LOD score) is on the Y axis, and 

genetic distance in centimorgans (cM) is on the X axis.  The LOD plot is adjusted for age 

and gender.  The black line represents the linkage scan without adjustment for SOCS3 

SNPs and the green line represents the linkage scan with adjustment for SOCS3 SNPs. 

 

Body Mass Index; Chromosome 17; Covariates: Age, Sex, Center 
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Supplementary Figure 6) The chromosome 17q WAIST linkage interval with and without 

adjustment for BMI and/or SOCS3 SNP genotype.  Microsatellite designations appear at 

the top of the diagram, the maximum log of the odds of linkage (LOD score) is on the Y 

axis, and genetic distance in centimorgans (cM) is on the X axis.  The LOD plot is 

adjusted for age and gender.   
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Supplementary Table 1) Calculations for departure from Hardy Weinberg Equilibrium 

expectations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

SNPs 
Chi-Square P 

Value Exact P-value 

rs12449451 0.181 0.220 

rs4789575 0.706 1.000 

rs11651398 0.701 0.508 

rs4436839 0.637 0.677 

rs16971055 0.267 0.607 

rs7222391 0.336 1.000 

rs12936911 0.786 1.000 

rs17642091 0.704 0.717 

rs8076673 0.643 0.808 

rs7221341 0.945 1.000 

rs6501199 0.760 0.751 

rs4447485 0.512 0.747 

rs11077359 0.616 0.563 

rs7216115 0.571 0.447 

rs12944581 0.474 0.507 

rs8069976 0.638 0.538 

rs8071356 0.752 0.758 

rs4969168 0.538 0.603 

rs4969169 0.622 0.572 

rs2280148 0.920 1.000 

rs11868378 0.574 0.589 

rs4969170 0.979 1.000 

rs9914196 0.249 0.386 

rs9914220 0.476 0.777 

rs8070204 0.249 0.386 

rs8074003 0.389 0.543 

rs4994934 0.822 0.764 

rs4969172 0.815 0.893 
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Abstract 

 The genome-wide association study by Herbert and colleagues identified the 

INSIG2 single nucleotide polymorphism (SNP) rs7566605 as contributing to increased 

BMI in ethnically distinct cohorts.  The present study sought to further clarify by testing 

whether SNPs of INSIG2 influenced quantitative adiposity or glucose homeostasis traits 

in Hispanics of the Insulin Resistance Atherosclerosis Family Study (IRASFS).  Using a 

tagging SNP approach, rs7566605 and 31 additional SNPs were genotyped in 1425 

IRASFS Hispanics.  SNPs were tested for association with six adiposity measures: BMI, 

waist circumference (WAIST), waist to hip ratio (WHR), subcutaneous adipose tissue 

(SAT), visceral adipose tissue (VAT), and VAT to SAT ratio (VSR).  SNPs were also 

tested for association with fasting glucose (GFAST), fasting insulin (FINS), and three 

measures obtained from the frequently sampled intravenous glucose tolerance test: 

insulin sensitivity (SI), acute insulin response (AIR), and disposition index (DI).  Most 

prominent association was observed with direct CT-measured adiposity phenotypes, 

including VAT, SAT, and VSR (P-values range from 0.007 to 0.044 for rs17586756, 

rs17047718, rs17047731, rs9308762, rs12623648, and rs11673900).  Multiple SNP 

associations were observed with all glucose homeostasis traits (P-values range from 

0.001 to 0.031 for rs17047718, rs17047731, rs2161829, rs10490625, rs889904, and 

rs12623648). Using BMI as a covariate in evaluation of glucose homeostasis traits 

slightly reduced their association.  However, association with adiposity and glucose 

homeostasis phenotypes is not significant following multiple comparisons adjustment.  

Trending association after multiple comparisons adjustment remains suggestive of a role 

for genetic variation of INSIG2 in obesity, but these results require validation. 
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Introduction 

INSIG2 is a ~21.5 Kb gene located on chromosome 2q14 that has been 

functionally linked to obesity, most notably due to its role in cholesterol and fatty acid 

synthesis feedback inhibition (1, 2).  After conducting a genome-wide association study 

evaluating the contributions of single-nucleotide polymorphisms (SNPs) to obesity, 

Herbert et al. reported compelling evidence that SNP rs7566605 was associated with 

increased Body Mass Index (BMI) in a cohort of the Framingham Heart Study (FHS).  

Their finding of association of rs7566605 with BMI was replicated in ethnically distinct 

populations, including several European-derived and an African American cohort (3).  

The rs7566605 SNP is located ~10 Kb upstream of the transcription start site for Insulin-

induced gene 2 (INSIG2).   

Subsequent to the report by Herbert et al., association studies of INSIG2 have 

been reported in several populations.  A majority of these replication studies have 

focused efforts solely on the initial rs7566605 and BMI.  Several of these replication 

studies did not corroborate the INSIG2 findings in European American, Indian, Chinese, 

and Afro-Caribbean samples (4-11).  However, rs7566605 association with BMI was 

reported in other European-derived cohorts (12).  In addition, a recent study reported that 

a SNP in the INSIG1 promoter was associated with higher plasma glucose and post-load 

plasma glucose in middle-aged men (13).  This finding implies additional consideration 

of a role for INSIG2 in glucose homeostasis maintenance.  The diverse results from these 

studies suggest that INSIG2 (and rs7566605) could evince its genetic effect through other 

adiposity phenotypes, such as those affecting adiposity at specific depots rather than 

whole-body BMI.  Furthermore, the variance in association results could be explained if 
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other SNPs near or within INSIG2, and in linkage disequilibrium (LD) with rs7566605, 

have true biological effects that vary between populations and/or also require differing 

levels of power for detection.   

In light of these observations, we evaluated INSIG2 using a systematic SNP 

tagging approach in a Hispanic study sample from the Insulin Resistance and 

Atherosclerosis Family Study (IRASFS).  The IRASFS possesses more sophisticated 

measures of adipose tissue distribution that are assessed using computed tomography 

(CT), as well as standard anthropometric adiposity measures, and detailed measures of 

glucose homeostasis (14).  We hypothesized that SNPs of INSIG2 will be associated with 

multiple measures of adiposity and/or glucose homeostasis, further clarifying the role of 

this well-studied gene.   

Methods and Procedures. 

Subjects.    

The IRASFS is a multi-center family-based study designed to discern genetic 

components of quantitative measures of adiposity and glucose homeostasis in Hispanic 

and African Americans.  IRASFS subjects were recruited from three sites: San Luis 

Valley, CO, a rural Hispanic population; San Antonio, TX, an urban Hispanic population; 

and Los Angeles, CA, an African American population.  The study design, recruitment, 

and phenotyping are described elsewhere in more detail (14, 15).  We have chosen to 

focus this report on the 90 multigenerational Hispanic families (1425 individuals).  Study 

of INSIG2 polymorphisms in our African American cohort is underway.  Individuals 

were recruited over a 2.5 year period at the clinical centers on the basis of large family 

size, rather than disease phenotype.  Proband recruitment required at least four living 
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siblings and five living offspring among the four siblings.  Family size ranged from 4 to 

39 individuals.  All subjects provided informed consent.  Though the subjects were 

recruited on the basis of family size and not disease status, approximately 13.7% were 

diagnosed with type 2 diabetes (by self report).  The actual number of diabetics in the 

total Hispanic cohort is n=181 (14.2%), confirmed during clinical exams.  Table 1 

summarizes the primary phenotypes measured on study participants. 

Phenotypes.  

The IRASFS subjects have been extensively phenotyped with adiposity and 

glucose homeostasis quantitative traits.  Body Mass Index (BMI, kg/m
2
) was obtained 

from height and weight measurements taken for each subject at the study exam.  Waist 

circumference (WAIST, cm) was taken with a standard metric tape measurer and 

consisted, at minimum, of the circumference between the tenth rib and the iliac crest.  

Hip circumference was also obtained using a standard metric tape measure and consisted 

of the maximum circumference of the buttocks.  The waist-to-hip ratio (WHR) was 

calculated as the ratio of the WAIST and hip circumference measurements.  In addition to 

standard anthropometric measures of adiposity, the IRASFS incorporates direct measures 

of adiposity at specific abdominal depots with the use of computed tomography (CT) 

scanning.  Visceral and subcutaneous adipose tissue (VAT; SAT; respectively, cm
2
) were 

acquired in a standard protocol consisting of a single scout of the abdomen that was 

followed by two 10mm thick axial images (obtained at L2-L3 and L4-L5 spinal discs).  

The CT images were transferred to magnetic tape and sent to a reading center at the 

University of Colorado Health Sciences for analysis (15).  The visceral to subcutaneous 
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ratio (VSR) was obtained by calculating the ratio of the visceral to subcutaneous adipose 

tissue estimates.   

Measures of glucose homoeostasis were assessed using the frequently sampled 

intravenous glucose tolerance test (FSIGT), and minimal model analyses (MINMOD 

software program), in order to calculate insulin sensitivity (SI) and glucose effectiveness 

(SG; 16, 17).  Acute insulin response (AIR) was calculated as the mean insulin increment 

in plasma insulin concentration above basal during the first 8 minutes following glucose 

infusion.  Disposition Index (DI) was calculated as DI=AIR x SI.  Plasma glucose 

(GFAST) and insulin (FINS) values were obtained using standard methods.  Diabetes-

affected individuals were excluded from SNP association analysis with glucose 

homeostasis traits. 

DNA Preparation.   

Genomic DNA was purified from whole blood PUREGENE DNA isolation kits 

(Gentra Inc., Minneapolis, MN, USA).  Quantification of the purified DNA was 

performed by fluorometric assay (Hoefer DyNA Quant 200 fluorometer; Hoefer 

Pharmacia Biotech Inc., San Francisco, CA, USA).  All of the samples were diluted to a 

final concentration of 5 ng/μl.     

SNP Genotyping and Selection.   

Genotyping was performed using the iPlex MassARRAY SNP genotyping system 

(Sequenom Inc., San Diego, CA, USA), which utilizes mass tagging to differentiate 

between alleles (18).  SNPs were selected to cover a 52.46 Kb genomic region, which 

included the INSIG2 gene, 26 Kb 5’ to the gene, and 8 Kb 3’ to the gene.  At the time of 

SNP selection for this study, only the Phase 2 HapMap Project data was available, and 
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thus did not include a Hispanic population.  However, existing Phase 2 HapMap Project 

population tagging SNPs had been shown to be largely transferable as tagging SNPs for 

other ethnic cohorts, such as the IRASFS Hispanics (19).  Thus, the Hapmap pairwise 

tagging algorithm was run to select CEU HapMap tagSNPs with an r
2
 threshold of 0.8 at 

the MAF cut-off of 5%.  The tagging SNPs were supplemented with additional HapMap 

(www.hapmap.org) genotyped SNPs, as well as those of dbSNP.  According to the 

tagging function of HapMap, over 90% of the CEU haplotypic variation in the genomic 

region is captured by the 31 selected SNPs at an r
2 

threshold of 0.8.  This same set of 

SNPs also captures over 75% of the haplotypic variation in the INSIG2 genomic region at 

an r
2 
threshold of 0.8 in the YRI HapMap population. 

Each pedigree has previously been examined for consistency of stated family 

structure and is described in detail elsewhere (20).  Maximum likelihood estimates of 

allele frequencies were computed using the largest set of unrelated individuals (n=228) 

and tested for departures from Hardy-Weinberg equilibrium proportions (HWE) using a 

chi squared goodness of fit test.  The largest set of unrelated individuals was also used to 

calculate the D’ and r
2
 inter-SNP linkage disequilibrium (LD) statistics.  Each of the 

SNPs evaluated in this work were examined for Mendelian inconsistencies in their 

genotypes using the program PEDCHECK (21).  Any genotypes inconsistent with 

Mendelian inheritance that could not be resolved by examination of the genotyping data 

were converted to missing.    

Statistical Analysis.    

Single-SNP analysis was performed using the variance components method as 

implemented in the software package, SOLAR (http://www.sfbr.org/solar/). Briefly, 

http://www.sfbr.org/solar/
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analysis consisted of the two degree of freedom overall test of genotypic association and 

the three individual models defined by the a priori genetic models (e.g., dominant, 

additive, recessive).  To minimize type 1 error, we reported the individual genetic models 

only when the genotypic association test (2df test) suggested an association, or after 

adjusting the individual genetic model P-values by a principal component analysis 

method.  Tests were computed by adjusting measures of adiposity and glucose 

homeostasis for age, gender and recruitment center (San Antonio, TX and San Luis 

Valley, CO) and, in parallel, adjusting for age, gender, BMI, and recruitment center.  

When necessary, quantitative traits were transformed to best approximate the 

distributional assumptions of the test (i.e., conditional normality and homogeneity of 

variance).  

 The data were also analyzed using the quantitative pedigree disequilibrium test 

(QPDT), using one, two, three, and four marker moving windows, which assess single 

SNP and haplotype association.  The moving window analysis considers progressive 

combinations of physically adjacent SNPs as part of multi-SNP haplotypes.  The method 

determines whether those haplotypes are under- or over- transmitted to offspring in 

family units whose quantitative trait variance departs from that expected based upon the 

quantitative trait variance and mean of the population (22).  A global p-value is generated 

by the QPDT, which represents the overall significance based on the association tests of 

all the individual allele combinations of that haplotype, and these are what are initially 

reported (in Figure 2).  Additionally reported are the most associated combinations of 

alleles for each globally associated haplotype (Supplementary Table 2).  The QPDT uses 
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the expectation-maximization algorithm to estimate the haplotype frequencies and is 

generally robust to potential population stratification.   

 In order to adjust for multiple comparisons, we computed a principal component 

analysis to estimate the number of independent dimensions in the dataset (23).  The 

number of independent dimensions in the phenotypic data was determined using the 

estimated genetic correlations between adiposity traits (Supplementary Table 3).  It was 

found that 3 dimensions accounted for approximately 96% of the variation in the 

adiposity traits (data not shown).  The number of independent dimensions in the 

genotypic data was determined using the pairwise D’ and r
2
 statistics, calculated and 

represented in Supplementary Figure 1.  It was found that 9 dimensions accounted for 

approximately 95% of the variation in the genotyped SNPs (data not shown).  

Subsequently, the estimated number of independent dimensions across the dataset (9 x 3 

= 27) is used to determine a standard Bonferroni threshold of statistical significance 

(.05/27 = .002).  

Results 

The present study genotyped rs7566605 and 31 additional Phase 2 HapMap CEU 

tagSNPs in 1425 Hispanic Americans of the IRASFS.  In total, 17 genotyped SNPs are in 

the region 5’ to INSIG2, 9 are in introns of the genic region, and 6 are within the 3’ UTR 

(locations represented to scale in Supplementary Figure 1).  As such, the present study 

depicts one of the first higher density haplotype block structures of the INSIG2 genomic 

region.  Furthermore, now that the Phase 3 Hapmap Project data is available, we were 

able to compare the IRASFS-genotyped MAFs for INSIG2 tagging SNPs to those 

represented for the Mexican Ancestry in Los Angeles, California cohort (MEX).  As 
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expected, we found that the INSIG2 SNP MAFs are more reflective of those of the MEX 

cohort than those of the CEU cohort.   

Only one SNP, rs3849327, was found to depart significantly from HWE 

(Supplementary Table 1).  Inter-SNP D’ calculation revealed that linkage disequilibrium 

(LD) was generally high (mean D’ > .80), and inspection of results shows three major 

haplotype blocks (Gabriel method; Supplementary Figure 1).  The largest haplotype 

block is ~28Kb and encompasses a large portion of the promoter and 5’ end of the genic 

region (Haplotype Block 1), the second haplotype block is ~3Kb and encompasses 

portions of the second and third introns (Haplotype Block 2), and the third haplotype 

block is less than 1Kb within the 3’-UTR (Haplotype Block 3).  Additionally, r
2 

calculations show an overall low degree of inter-SNP correlation (grand mean r
2 

< .13), 

consistent with the selection of tagging SNPs for genotyping.  However, inter-SNP 

correlation was significantly higher within and near Gabriel-defined Haplotype Blocks 1 

and 2, where the mean r
2
 is ~.90 across 7 distinct intra-correlated SNP elements, 

consisting of 20 variants among them (mean calculated using variants with pairwise r
2 

statistics > .70; Supplementary Figure 1).  

The results of single-SNP association analyses using the 2df test of SOLAR are 

depicted in Figure 1, while significant a priori genetic model test results for 2df-

associated SNPs are depicted in Table 2.  The SNP rs7566605 did not show evidence of 

association with any measure of adiposity or glucose homeostasis. The MAF of 

rs7566605 was similar to that observed in previous studies (~30%), and it was in LD with 

virtually every other genotyped SNP (mean D’ with other variants = .936; D’ range =.05-

1.0).  Moreover, rs7566605 shows low inter-SNP correlation with all but two variants, 
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rs17047697 (r
2
=.96) and rs2161830 (r

2
=.75), which also were not associated with any 

measures of adiposity or glucose homeostasis.  Overall, associated SNPs under SOLAR 

were spread throughout the surveyed genomic region, with a higher concentration in the 

promoter and 5’ region of the gene.  Standard anthropometric measures of adiposity (e.g. 

BMI, WAIST, and WHR) had little evidence of association with INSIG2 SNPs.  

However, one low frequency SNP showed evidence of association with BMI and WAIST 

(MAF ~3%, rs10490626, P=.016-.053), and another with WHR (MAF ~33%, rs9308762, 

P=.026).  The SNP rs10490626 has a genotyped MAF < 5%, which is reflective of a bias 

in tag SNP selection towards the CEU HapMap population, as a Mexican American 

cohort in the HapMap Phase 3 release also has a lower rs10490626 MAF.  More striking 

was evidence of association with CT-measured adiposity phenotypes, including VAT, 

SAT, and VSR.  Most prominent are 3 moderately correlated SNPs that were associated 

with VAT (rs17047718 in promoter, rs17047731 in promoter, rs12623648 in 3’-UTR 

MAF=~7%-10%; P=.007-.044; mean r
2
 is ~.65).  The intronic SNP rs9308762 was also 

associated with VAT (MAF=33%; P=.021). 

When the single-SNP adiposity phenotype results incorporated adjustment for 

BMI, in addition to age, gender, and center, there were additional associations with 

WAIST and WHR (rs17587352, rs9308762, MAF=9-33% P=.009-.046).  Adjustment for 

BMI also had varying effects on associations with CT-measured adiposity phenotypes.  

SNP associations with VAT largely persisted after BMI adjustment, save for the loss of 

one SNP (rs17047731, P=.196), and the appearance of an additional association 

(rs7565584, MAF=34%, P=.032).  The SNP rs17586756 remains associated with VSR 
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(P=.011), while rs17047733 shows newly modest association with VSR (MAF=21%; 

P=.043).  The BMI adjusted single-SNP association results are also depicted in Figure 1. 

 Interestingly, in addition to evidence of association with obesity, correlated SNPs 

rs17047718, rs17047731, and rs12623648 accounted for the association with glucose 

homeostasis phenotypes gauging insulin resistance (Figure 1).  These SNPs shared strong 

associations with GFAST, FINS, and SI, and appear to follow a recessive model with 

minor allele homozygotes exhibiting a protective effect (MAF=7%-9%; P=.001-.027).  3 

SNPs in intron 2 were associated with glucose homeostasis phenotypes that measure β-

cell function, including AIR and DI.  The SNPs rs2161829 (MAF=49%) and rs10490625 

(MAF=7%) were associated with DI (P=.010-.031), and rs889904 was associated with 

AIR (MAF=34%, P=.026).  The effects of prominently associated SNPs rs17047718, 

rs17047731, and rs12623648 on glucose homeostasis and adiposity phenotypes are 

represented in Table 2. 

When the single-SNP association analysis with glucose homeostasis traits was 

performed adjusting for BMI, evidence of association with GFAST was no longer 

observed.  Significant association with SI was also reduced (P=.017-.149).  Meanwhile, 

all association with FINS persisted.  The SNP rs2161829 remained associated with DI, 

while rs10490625 did not (P=.078).  Lastly, rs889904’s association with AIR persisted.   

Single and multi-marker SNP association with adiposity and glucose homeostasis 

phenotypes was also assessed by the QPDT method.  Generally, QPDT associations were 

more modest than those observed with SOLAR, but were consistent in both the 

localization of and the traits involved in genetic associations.  However, there are 

exceptions, as exemplified in the lack of single-marker association of rs17047718, 
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rs17047731, and rs12623648 (Figure 2).  Though “1 marker haplotype” testing using 

QPDT is roughly equivalent in premise to the single-SNP testing of SOLAR reported in 

Figure 1, it has considerably reduced power due to loss of data in implementing the 

analysis method (see Methods and Procedures).  The most associated individual allele 

combinations underlying the significant global P-values reported here can be found in 

Supplementary Table 2.  1, 2, 3, and 4 adjacent SNP haplotypes, as formed by QPDT’s 

moving window analysis, were modestly associated with adiposity phenotypes, including 

WHR (P=.039-.043) and VSR (P=.049-.050).  1, 2, 3, and 4 marker haplotypes were 

modestly associated with glucose homeostasis phenotypes, including GFAST (P=.025), 

SI (P=.010-.043), and DI (P=.030-.042).  Similar results were seen following QPDT 

analysis adjusted for BMI, as well as age, gender, and center.  Single and multi-marker 

SNP haplotypes were associated with BMI-adjusted adiposity measures, including WHR 

(P=.017-.048) and VAT (P=.042).  Single and multi-marker SNP haplotypes were also 

associated with BMI-adjusted glucose homeostasis measures, including GFAST (P=.046) 

and SI (P=.040).   

Given the prominence and linkage disequilibrium of the moderately correlated 

SNPs rs17047718, rs17047731, and rs12623648 in the presented single-SNP associations 

(Figure 1), we conducted an additional QPDT test involving only these three SNPs.  The 

test revealed moderate association with VSR.  Single and multi-marker SNP haplotypes 

including SNPs rs17047718 and rs17047731 were associated with VSR (p=.005-.049).  

Following the additional adjustment of the dataset for BMI, single and multi-marker SNP 

haplotypes including rs17047718 and rs17047731 were again associated with VSR 

(p=.009-.087).  These results are consistent with the inter-SNP correlation pattern of 
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these three variants.  That is, rs17047718 and rs17047731 have a pairwise r
2
 of .84, but 

each of the preceding variants share a pairwise r
2 

of ~.55 with rs12623648.  These results 

are more clearly depicted in Supplementary Figure 2. 

The potential for type I error as a result of multiple testing raises concerns about 

these results.  The principal component analysis described previously estimated that a 

majority of the genotypic variation in the dataset could be explained in 9 independent 

dimensions, while the phenotypic variation in the dataset could be explained in 3 

independent dimensions.  Therefore, 27 total dimensions are sufficient to explain a 

majority of the variance in the dataset, and are then used to establish a new threshold of 

significance to account for type I error.  The standard Bonferroni correction yields a new 

threshold of p=.0018 for significance (p=.05/27).  Though some of the associated SNPs 

approach significance by this estimated threshold, none of the more notable SNPs 

actually survive the correction (ex. rs17047718’s noted association with VAT, p=.007, 

and FINS, p=.002, prior to adjustment for BMI; Figure 1). 

Discussion  

The insulin-induced genes INSIG1 and INSIG2 inhibit Sterol Response Element 

Binding Protein (SREBP) activation in response to high cholesterol and are partially 

regulated by insulin.  When uninhibited by INSIGs or other genes, SREBPs act as 

transcription factors promoting expression of endogenous cholesterol and fatty acid 

synthesis genes.  As their namesake suggests, INSIG function is affected by insulin, 

which is aberrantly secreted in obesity and diabetes (1, 2).  Clearly, there are many 

avenues by which genetically-driven alterations in the transcription or function of 

INSIG2 could contribute to excess circulation of cholesterol and fatty acids, leading to 
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increased adiposity.  The findings of Herbert et al. and some subsequent replication 

studies have suggested a role for inherited genetic variation of INSIG2 in human obesity.  

The mixed nature of all INSIG2 genetic studies (especially those targeting BMI) suggests 

that INSIG2 polymorphisms might affect obesity through additional modalities.  

Association of an INSIG1 SNP with plasma glucose, the insulin-responsiveness of the 

INSIG proteins, and findings of SREBP binding sites near metabolic genes, imply an 

additional role for INSIG2 in the regulation of glucose homeostasis (1, 2, 13).   

Our findings suggest an association of INSIG2 with human obesity, but also its 

potential involvement in physiological control of glucose homeostasis.  Relevant to prior 

reports, we observed no evidence for association between rs7566605 and any phenotypic 

measures of adiposity (or glucose homeostasis) in the IRASFS.  The strongest observed 

SNP associations with obesity measures was with CT-measured fat deposits at specific 

abdominal depots (VAT, SAT, VSR; Figure 1).  Many of the same SNPs associated with 

adiposity levels also accounted for a majority of the association with glucose homeostasis 

measures, which included phenotypes gauging insulin response/resistance (FINS, 

GFAST, and SI).  Significant evidence of association with AIR and DI was also 

observed, most of which was within intron 2 of INSIG2.  The most prominent of the 

adiposity- or glucose homeostasis-associated INSIG2 SNPs were rs17047731, 

rs17047718, and rs12623648.  The preceding three SNPs exhibited moderate inter-SNP 

correlation, as well as some haplotypic association with VSR, and so they are not 

completely independent elements (Supp Figure 2).  Likewise, a similar amount of high 

inter-SNP correlation exists between many other INSIG2 SNPs of the promoter and the 

first and second introns (e.g. 20 SNPs can be approximately grouped into 7 intra-
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correlated elements with a mean r
2 

> .90 in this region).  A visual representation of the 

data regarding inter-SNP correlations is presented in Supplementary Figure 1 (Results; 

Figure 1; Supp Figure 1).  

Generally, a mechanism by which an INSIG2 SNP may affect adiposity or 

glucose homeostasis is by altering the gene’s transcription or response to 

insulin/cholesterol, resulting in aberrant SREBP activation and thus gene transcription 

(13).  Given INSIG2’s regulatory role in the amount of circulating fatty acids and 

cholesterol, as well as the inability of BMI to distinguish between lean and fat mass, 

abdominal fat depot size (VAT, SAT, VSR) may be a more sensitive measure of the 

gene’s function.  Adjustment for BMI caused the appearance of some additional single 

SNP associations with adiposity phenotypes, but did not alter a majority of the statistical 

significance of previous associations (Figure 1).  These effects of BMI adjustment further 

confirm that BMI is not as consistent a gauge of INSIG2 function as direct adiposity 

measures (Figure 1).  Furthermore, this could be an indication that downstream SREBPs 

initiate transcription of genes involved in bodily fat patterning, which may explain the 

persistent association of INSIG2 SNPs with VAT after BMI adjustment. 

These results have not been adjusted for type I error as presented, and should thus 

be considered with caution.  One perspective on accounting for type I error would utilize 

a standard Bonferroni correction for all SNP and trait comparisons, but this may be too 

conservative (23, 24).  Such a correction may be too stringent because there is a strong 

prior hypothesis that this gene harbors obesity-associated variants, which is based on a 

body of genetic and functional evidence (25-27).  Secondly, a predetermined set of 

adiposity and glucose homeostasis traits were used to test each variant for genetic 
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association, rather than “fishing” for evidence (24).  Thirdly, the glucose homeostasis 

traits could be considered secondary and/or exploratory analyses for the purposes of 

determining the number of conducted tests.  Lastly, there is a non-trivial amount of inter-

trait and inter-SNP correlation present in this data set, which makes the number of 

conducted tests difficult to determine (23, 24).  For instance, the estimated genetic 

correlation between BMI and WAIST, WHR, SAT, or VAT ranges from an r
2
 of .61 to 

.94 (Supplementary Table 3).  Furthermore, as discussed, the inter-SNP D’ and r
2
 

statistics have shown that most INSIG2 SNPs are within a region of high, but not 

complete, overall LD (Results, Supplementary Figure 1).   

Therefore, we utilized a principal components method to estimate the number of 

independent dimensions in the dataset given the genotypic and phenotypic correlation 

(Methods, Results).  The number of independent dimensions (n=27) was then used in a 

standard Bonferroni adjustment to obtain a new threshold of significance (p=.05/27).  The 

newly estimated threshold of p=.0018 technically excludes all observed association with 

adiposity measures.  Thus, multiple comparisons adjustment does not strictly allow an 

interpretation of statistically significant difference in INSIG2 SNP genotypic means and 

variances.  Nevertheless, we believe that we present multiple comparisons-adjusted 

suggestive evidence of association, which is both consistent with and augmentative to 

prior genetic studies of INSIG2.  Furthermore, the correlations between SNPs and 

adiposity phenotypes have made the appropriate method of adjustment for type I error, 

and thus the proper α, somewhat speculative (23, 24).   

We feel the findings following adjustment for multiple comparisons do not meet 

the criteria for firm acceptance of a null hypothesis.  That is, the null hypothesis that 
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genetic variation within and near INSIG2 has no bearing on adiposity or glucose 

homeostasis traits.  Despite the inferences based on our suggestive results that follow, it 

remains possible that this and other reports of INSIG2 genetic association are type I 

errors, thus requiring cautious validation.  It also remains a possibility that the 

inconsistent association of INSIG2 SNPs is due to inter-study differences in statistical 

power, levels of genetic heterogeneity, and gene-environment interaction, such as in 

populations of different ethnicity as studied here (24, 28).   

It has been hypothesized that rs7566605 associations with BMI are observed only 

in cases of pre-existing or extreme obesity, implying a prerequisite genetic or 

environmental predisposition (6, 9, 11, 12).  Replicated associations with rs7566605 have 

most consistently appeared with varying forms of qualitative obesity or overweight/obese 

subgroup analyses (9, 12, 29-31).  Meanwhile, evaluation of rs7566605’s contribution to 

BMI as a continuous trait and/or in cohorts not selected for obesity most often report 

more modest or negative results (6, 8, 11, 12, 32-37).  The results of testing rs7566605 

for association with BMI as a continuous trait in the IRASFS Hispanics, recruited on the 

basis of family-size and are on average of the overweight classification, are consistent 

with the latter trend.  However, the above trend is imperfect and some qualitative obesity 

analyses have reported no rs7566605 association with BMI (7, 11, 32-34, 36).   

One possibility is that selecting and/or sub-grouping subjects for higher BMI may 

indirectly select from the higher ranges in alternative obesity phenotypes (such as VAT).  

The extent of indirect augmentation of an alternative adiposity phenotype would be 

subject to individual and inter-population differences, which have been most apparent in 

comparisons of race, gender, or age (38-40).  Subsequently, the continuing mixed 
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association between rs7566605 and BMI could be because INSIG2 contribution to BMI 

is secondary to its contribution to an alternative adiposity phenotype.  Of relevance to the 

current study are the results of Boes et al., which has tested rs7566605’s association with 

CT-measured abdominal fat area using linear regression, and report no association of 

rs7566605 with VAT (or lipoprotein metabolism) in accordance with our results (34).  

From this, it seems likely that rs7566605 is not directly associated with CT-derived 

abdominal adiposity measures.  

Rather, the present association of rs17047718, rs17047731, and rs12623648 with 

VAT and measures of glucose homeostasis implies that rs7566605’s prior associations 

with BMI were an indirect result of physiologically meaningful SNPs in LD.  We found 

that rs7566605 is in LD with all but one of the SNPs that showed association in our study 

(rs12623648), and lies within a large ~28Kb haplotype block.  SNPs of true genetic effect 

in LD with rs7566605 would exert biological influences that some studies may not have 

the statistical power, or the phenotypic capacity, to detect.   

One study has putatively identified a physiologically functional SNP (-102G/A) 

just upstream of the transcription start site of INSIG2.  The novel SNP was modestly 

associated with BMI in two cohorts of European descent.  Moreover, the A allele of SNP 

-102G/A was related to decreased nuclear protein DNA binding, decreased DNA 

competiveness for nuclear proteins, and a decreased trend of mRNA expression in 

primary subcutaneous fat biopsies (P-value was .07) compared to the G allele (41).  The 

SNP lies within the demonstrated large LD block that encompasses the INSIG2 promoter, 

the first intron, as well as rs7566605, rs17047718, and rs17047731.  Furthermore, 

INSIG2 -102G/A possessed a MAF similar to the primarily associated SNPs in our study 
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(e.g. 10%), a high D’ (D’ is .96) but low r
2 

(r
2
 is .04) with rs7566605, and a reduced BMI 

accompanied the minor allele in two European cohorts (Supplementary Figure 1, Table 

2).  These findings are consistent with our data and primary inferences, suggesting that 

the SNPs we present may also have functional relevance.  Further study of -102G/A in 

other cohorts is needed, but it is possible that a haplotype including such a functional 

SNP, rs17047718, and rs17047731 is the genetic mechanism for increased adiposity 

involving INSIG2 in our population.  

The study also detected association between INSIG2 SNPs and measures of 

glucose homeostasis. Association between INSIG2 SNPs and glucose homeostasis 

phenotypes could reflect a direct influence of INSIG on glucose homeostasis or, 

alternatively, could reflect the indirect influence of adipose tissue (42, 43) on these 

measures.  Evidence of association with glucose homeostasis measures is inconclusively 

reduced when BMI is added as a covariate in the analysis (Figure 1, Figure 2).  In the 

single-SNP results, BMI adjustment caused the moderately inter-correlated and 

prominently associated SNPs rs17047731, rs17047718, and rs12623648, to have a 

reduction in association with GFAST (P=.05-.10), SI (P=.02-.11), and FINS (P=.01-.02).  

We further explored this possibility by adjusting for VAT, but not BMI (data not shown).  

VAT adjustment caused the three prominently associated SNPs to have a similar 

reduction in significance of association with GFAST (P=.14-.17), FINS (P=.03-.08), and 

SI (P=.07-.28).  Finally, adjustment of the three SNPs by BMI and VAT was found to 

have a reduction in significance of the association with GFAST (P=.15-.20), FINS 

(P=.04-.09), and SI (P=.06-.31), which closely resembled the effects of VAT adjustment 

alone.  These explorations imply that the mechanism by which these three SNPs affect 



 108 

glucose homeostasis is their effect on adiposity levels, especially fat area of abdominal 

depots.  It should be emphasized, though; that adjustment for measures of adiposity 

reduces, but does not eliminate, evidence of association with glucose homeostasis traits. 

Therefore, we cannot exclude an adiposity-independent role for INSIG2 in regulation of 

glucose homeostasis. 

This study has investigated INSIG2 genetic variants and tested these for 

association with several adiposity and glucose homeostasis phenotypes in the IRASFS 

Hispanic population.  Though we do not observe replication of rs7566605’s association 

with adiposity measures in our study, we do observe novel association of SNPs (most 

notably rs17047731, rs17047718, and rs12623648) with more direct measures of 

adiposity and measures of glucose homeostasis.  The SNP rs7566605 was not correlated 

with the novel associated SNPs via high r
2
, but was in LD with practically every SNP by 

high D’.  This underscores the need for more extensive haplotype block tagging 

approaches in addressing histories of mixed association in candidate genes, due to the 

potential link between regional LD and said mixed association.  The novel SNP 

associations with adiposity and glucose homeostasis traits reported above should be 

validated through analysis in other cohorts, especially given the present results of 

multiple comparisons adjustment.  In conclusion, more extensive study of the genomic 

interval suggests that polymorphism of the INSIG2 genic region plays a role in human 

obesity and diabetes.  Future study of INSIG2 should consider genetic variants near 

rs7566605, alternative adiposity phenotypes, and functional evaluation of novel or 

associated SNPs.  

Supplementary Material is available at www.nature.com/obesity 

http://www.nature.com/obesity
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Table 1) Demographics of the IRASFS total Hispanic cohort. 

 
 Hispanic individuals in IRASFS  

Phenotype Mean (SD) Median 

Demographic     

Age (yrs) 42.8 (14.6) 41.3 

Female gender (%) 58   

Adiposity     

Body Mass Index (kg/m
2
) (BMI) 28.9 (6.1) 28.1 

Waist Circumference (cm) 89.8 (14.3) 89.1 

Weight (kg) 77.6 (18.2) 75.5 

Waist/Hip Ratio (WHR) 0.86 (0.08) 0.85 

Subcutaneous Fat Area L4/L5 (cm
2
) (SAT) 338.7 (154.7) 313.7 

Visceral Fat Area L4/L5 (cm
2
) (VAT) 113.8 (61.2) 105.9 

Visceral: Subcutaneous Ratio (VSR) 0.38 (0.21) 0.33 

Glucose Homeostasis     

Diabetics in Cohort (n; %) 181; 14.2%  

Insulin Sensitivity (SI, X10
-5

 min
-1

/[pmol/L]) 2.0 (1.9) 1.5 

Acute Insulin Response (AIR, pmol/L) 695 (655) 534 

Disposition index (DI; 10
-5

 min
-1

) 1205.3 (1238.2) 918.7 

glucose effectiveness (SG; min
-1

) 0.02 (.009) 0.02 

fasting insulin (FINS) 16.1 (12.9) 13 

fasting glucose (FGLU; mg/dL)  103.2 (34.8) 93.5 

 

Insulin Resistance Atherosclerosis Family Study (IRASFS) 
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Table 2) Genotypic means and significant a priori genetic model association results for 

prominently associated SNPs under the SOLAR 2DF test from Figure 1.  These results 

have not been adjusted for multiple comparisons or inter-marker correlation. 

 

Each of the genotypic mean values have accompanying standard deviations in 

parentheses.  Second from left column lists the genomic region the SNP was located 

within, the third from left notes the genetic model under which the SNP was associated 

(as well as the p-value by which it was associated in parenthesis), the fourth from left 

notes the traits the SNP was associated with, the fifth from left notes the MAF, and the 

final 3 columns hold the genotypic means.  A majority of the SNPs were associated under 

a recessive model.  The additive model represents an effect that is dosage dependent with 

the minor allele, the dominant model represents an effect that is maximized when only 

one copy of the minor allele is inherited, and the recessive mode represents an effect that 

is significant only when two copies of the minor allele are inherited.  1/1 represents 

individuals homozygous for the major allele, ½ represents heterozygous individuals, and 

2/2 represents minor allele homozygotes. 

 

Visceral Adipose Tissue (VAT); Subcutaneous Adipose Tissue (SAT); Fasting Glucose 

(GFAST); Fasting Insulin (FINS); Insulin Sensitivity (SI); Minor Allele Frequency 

(MAF) 
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Figure 1) Single SNP Genotypic Association (2df test) Results in the IRASFS Hispanics.  

The MAF and SNP designations are in the far left columns.  Results adjusted by standard 

parameters (age, gender, center) and those adjusted by standard parameters and BMI are 

presented.  SAT is not included in the BMI adjusted results due to high correlation with 

BMI (r
2
>.90).  Associated P-values are in bold (P<.05) and those trending towards 

association are italicized (P<.10).  A dot (“.”) represents no association.  These results 

have not been adjusted for multiple comparisons or inter-SNP correlation.  BMI, WAIST, 

and BMI-ADJUSTED GFAST not included below due to scarce association. 

 

 

Region SNP Alleles MAF WHR VAT SAT VSR GFAST FINS SI AIR DI

rs11687724 C/T 8% . . . . . . . . .

rs17586455 A/T 4% . . . . . . . . .

rs7565584 A/G 34% . . . . . . . . .

rs17047697 A/G 29% . . . . . . . . .

rs17586756 C/T 3% . . . 0.011 . . . . .

rs13412017 A/T 21% . . . . . . . . .

rs7571323 C/T 21% . . . . . . . . .

rs4848490 C/T 23% . . . . . . . . .

rs10490626 C/T 3% . . . . . . . . .

rs7566605 C/G 29% . . . . . . . . .

Promoter rs17047718 A/G 9% . 0.007 0.014 . 0.016 0.002 0.003 . .

Promoter rs2161830 C/T 33% . . . . . . . . .

Promoter rs17047728 A/G 22% . . . . . . . . .

Promoter rs17047731 A/G 10% . 0.044 0.05 . 0.022 0.002 0.027 . .

Promoter rs17047733 C/T 21% . . . . . . . . .

Promoter rs17587254 A/G 8% . . . . . . . . .

Promoter rs17587352 C/T 9% . . . . . . . . .

Intron rs1352083 C/T 19% . . . . . . . . .

Intron rs13393332 C/G 19% . . . . . . . . .

Intron rs12464355 A/G 3% . . . . . . . . .

Intron rs17528296 C/T 9% . . . . . . . . .

Intron rs2161829 C/T 49% . . . . . . . . 0.031

Intron rs10490625 C/T 8% . . . . . . . 0.074 0.01

Intron rs889904 A/G 34% . . . . . . . 0.026 .

Intron rs10490624 A/G 10% . . . . . . . . .

Intron rs9308762 C/T 33% 0.026 0.021 . . . . . . .

Downstream rs17047764 C/G 13% . . . . . . . . .

Downstream rs17047773 A/G 15% . 0.076 . 0.066 . . . . .

Downstream rs12623648 G/T 7% . 0.01 . . 0.016 0.005 0.02 . .

Downstream rs10207953 C/T 6% . . . . . . . . .

Downstream rs3849327 C/T 14% . . . . . . . . .

Downstream rs11673900 G/T 10% . . . 0.067 . . . . .

ADJUSTED FOR AGE, CENTER, GENDER
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Region SNP Alleles MAF WAIST WHR VAT VSR FINS SI AIR DI

rs11687724 C/T 8% . . . . . . . .

rs17586455 A/T 4% . . . . . . . .

rs7565584 A/G 34% . . 0.032 . . . . .

rs17047697 A/G 29% . . . . . . . .

rs17586756 C/T 3% . . 0.064 0.01 . . . .

rs13412017 A/T 21% . . . . . . . .

rs7571323 C/T 21% . . . . . . . .

rs4848490 C/T 23% . . . . 0.064 . . .

rs10490626 C/T 3% . . . . . . . .

rs7566605 C/G 29% . . . . . . . .

Promoter rs17047718 A/G 9% . . 0.017 . 0.008 0.017 . .

Promoter rs2161830 C/T 33% . . . . . . . .

Promoter rs17047728 A/G 22% . 0.013 . . . . . .

Promoter rs17047731 A/G 10% . . . . 0.023 . . .

Promoter rs17047733 C/T 21% . . 0.07 0.043 . . . .

Promoter rs17587254 A/G 8% . . . . . . . .

Promoter rs17587352 C/T 9% 0.046 . . . . . . .

Intron rs1352083 C/T 19% . . . . . . . .

Intron rs13393332 C/G 19% . . . . . . . .

Intron rs12464355 A/G 3% . . . . . . . .

Intron rs17528296 C/T 9% . . . . . . . .

Intron rs2161829 C/T 49% . . . . . . . 0.042

Intron rs10490625 C/T 8% . . . . . . 0.079 0.078

Intron rs889904 A/G 34% . . . . . . 0.044 .

Intron rs10490624 A/G 10% . . . . . . . .

Intron rs9308762 C/T 33% 0.009 . 0.025 . . . . .

Downstream rs17047764 C/G 13% . . . . . . . .

Downstream rs17047773 A/G 15% . . . . . . . .

Downstream rs12623648 G/T 7% . . 0.03 0.079 0.02 . . .

Downstream rs10207953 C/T 6% . . . . . . . .

Downstream rs3849327 C/T 14% . . . . . . . .

Downstream rs11673900 G/T 10% . . . 0.056 . . . .

ADDITIONALLY ADJUSTED FOR BMI

 

Body Mass Index (BMI); Waist Circumference (WAIST); Waist to Hip Ratio (WHR); 

Visceral Adipose Tissue (VAT); Subcutaneous Adipose Tissue (SAT); Visceral to 

Subcutaneous Ratio (VSR); Fasting Glucose (GFAST); Fasting Insulin (FINS); Insulin 

Sensitivity (SI); Acute Insulin Response (AIR); Disposition Index (DI) 
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Figure 2) Global P-values from QPDT association analysis of single and multi-marker 

SNP haplotypes with adiposity and glucose homeostasis phenotypes.  Italicized numbers 

represent trending association of a single-SNP or haplotype with a trait (P<.08) and bold 

numbers in shaded boxes represent association (P<.05).  Only those phenotypes with two 

or more trending/associated elements are shown here, others are excluded.  SAT is not 

included under BMI adjusted results due to high correlation with BMI.  Results adjusted 

for age, gender, and center are on the left and those adjusted for age, gender, center, and 

BMI are on the right.  These results have not been adjusted for multiple comparisons or 

inter-SNP correlation. 

 

Waist to Hip Ratio (WHR); Visceral Adipose Tissue (VAT); Subcutaneous Adipose 

Tissue (SAT); Visceral to Subcutaneous Ratio (VSR); Fasting Glucose (GFAST); Fasting 

Insulin (FINS); Insulin Sensitivity (SI); Acute Insulin Response (AIR); Disposition Index 

(DI) 
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Supp. Figure 1) Haploview image of LD calculations and “to scale” genomic location of 

genotyped INSIG2 SNPs (http://www.broad.mit.edu/mpg/haploview/).  The “to scale” 

gene representation and distance bar are downloaded from the International HapMap 

Project (www.hapmap.org).  Color schema is based upon D’ calculations: where dark red 

represents a high degree of inter-SNP D’, blue represents statistically ambiguous D’, and 

white represents low D’.  Where inter-SNP R
2 
is high, the number is darkened and 

displayed in the center of each LD square.  Block definitions are calculated using the 

Gabriel et al. method.  SNPs with a gentoyped MAF of less than 5% are dropped from 

LD analysis.  A red box outlining a SNP means that it was associated with at least one 

phenotype under single-SNP SOLAR analysis. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 121 

 



 122 

Supplementary Figure 2) Global P-values from QPDT association analysis of 

rs17047718, rs17047731, and rs12623648 with adiposity and glucose homeostasis 

phenotypes.  Italicized numbers represent trending association of a single-SNP or 

haplotype with a trait (P<.08) and bold numbers in shaded boxes represent association 

(P<.05).  Only those phenotypes with some evidence of association are shown here, 

others are excluded.  SAT is not included under BMI adjusted results due to high 

correlation with BMI.  Results adjusted for age, gender, and center are on the left and 

those adjusted for age, gender, center, and BMI are on the right.  These results have not 

been adjusted for multiple comparisons or inter-SNP correlation. 
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Supplementary Table 1) Calculations for departure from Hardy Weinberg Equilibrium 

expectations. 

 

SNPs 
Chi-Square P-

Value Exact P-value 

rs11687724 0.221 0.620 

rs17586455 0.500 1.000 

rs7565584 0.487 0.549 

rs17047697 0.849 1.000 

rs17586756 0.628 1.000 

rs13412017 0.488 0.683 

rs7571323 0.481 0.550 

rs4848490 0.889 1.000 

rs10490626 0.653 1.000 

rs7566605 0.939 1.000 

rs17047718 0.512 1.000 

rs2161830 0.639 0.651 

rs17047728 0.495 0.562 

rs17047731 0.450 0.701 

rs17047733 0.512 0.681 

rs17587254 0.186 0.372 

rs17587352 0.127 0.228 

rs1352083 0.656 0.662 

rs13393332 0.629 0.660 

rs12464355 0.625 1.000 

rs17528296 0.147 0.230 

rs2161829 0.180 0.181 

rs10490625 0.202 0.373 

rs889904 0.718 0.765 

rs10490624 0.092 0.139 

rs9308762 0.290 0.358 

rs17047764 0.092 0.140 

rs17047773 0.093 0.122 

rs12623648 0.936 1.000 

rs10207953 0.375 1.000 

rs3849327 0.049 0.056 

rs11673900 0.538 0.456 
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Supplementary Table 2) Allele combinations and frequencies of associated individual 

haplotypes, which underlie the global QPDT P-values reported in Figure 1.  Those 

adjusted for age, gender, and center are at the top of the table and those adjusted for age, 

gender, center, and BMI are at the bottom of the table.  The leftmost column lists those 

SNPs comprising the globally associated haplotypes, the Alleles column lists the alleles 

comprising the associated individual haplotypes, the Frequency column lists the 

frequency of each individual haplotype, the Traits column notes the trait with which the 

haplotypes were globally associated, and the P-value column notes the P-values of 

association of the individual haplotypes.  Those individual haplotypes that have asterisks 

(*) in table fields did not have an individually associated haplotype (P<.05) or were rare 

(MAF<5%).  These results have not been adjusted for multiple comparisons or inter-SNP 

correlation. 
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Supplementary Table 3) The total estimated genetic and environmental adiposity trait 

correlations (r
2 
statistics) in the 1425 IRASFS Hispanic subjects.  The genetic correlation 

between BMI and other adiposity traits ranges from -.33 (VSR) to .94 (SAT), but most 

are higher than ~.60. 

 

  Genetic Correlation 
 E

n
v
ir

o
n
m

en
ta

l 

C
o
rr

el
at

io
n
  

 BMI SAT VAT VSR Waist WHR 

BMI * 0.93966 0.81494 -0.3277 0.9525 0.61447 

SAT 0.81873 * 0.76583 -0.4936 0.92645 0.51487 

VAT 0.68008 0.60307 * 0.18907 0.89408 0.81823 

VSR 0.13741 -0.1099 0.65216 * -0.2081 0.37049 

Waist 0.85877 0.78838 0.72067 0.22455 * 0.71748 

WHR 0.34631 0.33096 0.45194 0.1661 0.66743 * 

 

Body Mass Index (BMI); Waist Circumference (WAIST); Waist to Hip Ratio (WHR); 

Visceral Adipose Tissue (VAT); Subcutaneous Adipose Tissue (SAT); Visceral to 

Subcutaneous Ratio (VSR) 
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CHAPTER IV 

 

 

BMI AND VAT GWAS CANDIDATE QTLs IN HISPANIC AMERICANS: THE 

INSULIN RESISTANCE ATHEROSCLEROSIS FAMILY STUDY 

 

 

 

 

 

 

 

 

 

 

The results of this study were a major component of a manuscript entitled “Genome-wide 

Association Study and Follow-up Analysis of Adiposity Traits in Hispanic Americans: 

The IRAS Family Study.”  The article was authored by J.M. Norris and was published in 

Obesity, volume 17, issue 10, pages 1932 to 1941, 2009.  M.E. Talbert theorized the 

Stage 3 experiments for BMI and BMI adjusted VAT, executed them, and interpreted the 

results.  M.E. Talbert also wrote large segments of the publication’s Discussion section. 
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CHAPTER IV 

Introduction 

Study Rationale.  This dissertation has noted the disproportionately high rate of 

obesity and its comorbidities in ethnic minorities, which usually persists following 

adjustment for environmental factors (See Chapter I).  For instance, nearly 25% of US 

adults are estimated to have the metabolic syndrome, and of those affected adults; it was 

found that HAs made up the greatest proportion (Ford et al, 2002).  Though HAs and 

AAs have elevated insulin resistance and adiposity compared to EAs, the disparity 

remained only in HAs after adjustment for body fat distribution and behavioral factors 

(including SES; Haffner et al, 1996; Henkin et al, 2003).  As also presented, prior 

adiposity GWAS have focused on large European-derived cohorts, and have met with 

success in identifying replicable adiposity genes.  Considering that European ancestry 

may not convey the same adiposity QTLs as other ancestries, not all prior GWAS 

findings can be generalized.  This consideration is based largely on observed ethnic and 

geographic differences in polymorphism frequency (Frisse et al, 2001; Shaffer et al, 

2007; Adeyemo and Rotini, 2009; Greene et al, 2009; Hendrickson et al, 2009).  One 

salient example of this is the ectoenzyme nucleotide pyrophosphate phosphodiesterase 1 

(ENPP1) gene.  ENPP1 belongs to a family of genes that controls levels of 

pyrophosphates and nucleotides in circulation, but also regulates insulin receptor tyrosine 

kinase activity through interaction with its alpha subunit (Costanzo et al, 2001).  ENPP1 

over-expression is present in the skin and adipose of diabetic subjects, and is correlated 

with extent of insulin resistance in mammals (Maddux et al, 1995; Frittitta et al, 1997; 
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Maddux et al, 2006).  There is substantial heterogeneity in ENPP1 association results in 

Europeans, but a larger meta-analysis concluded that the K121Q variant conveys a 

modest risk of T2DM that is modulated by BMI in over 40,000 subjects (McAteer et al, 

2008).  However, looking across US ethnicity, the K121Q variant has dramatically 

different allele frequencies.  The Dallas Heart Study reported that the allele frequency of 

K121Q is ~78.5% in AAs, ~21.9% in HAs, and ~11.7% in EAs, and that it conveyed a 

greater risk of T2DM and obesity in ethnic minorities (Chandalia et al, 2007).  Additional 

support that ethnic minorities may have heterogenous adiposity loci is the proven 

feasibility of ethnic admixture mapping.  Admixture mapping is positional cloning that 

utilizes a genome-wide map of ancestral informative markers (AIMS), which are 

polymorphisms of ethnically disparate allele frequency.  During an admixture mapping 

scan, locally estimated proportions of genetic ancestry (derived from AIMs) can be 

linked to the presence of obesity or variance in an adiposity trait (Basu et al, 2009; Cheng 

et al, 2009; Molineros et al, 2009).  AIM maps can also be used to estimate the genome-

wide ancestry proportions (global ancestry) in an admixed cohort (Tang et al, 2006).  In 

the Health ABC study, the proportion of global European ancestry in AAs correlated with 

increased adipocytokines, such as IL-6 and adiponectin (Wassel Fyr et al, 2007).  

Therefore, GWAS in sizable ethnic minority cohorts are critical to elucidate additional 

adiposity candidate genes, which may result in advances personalized to genetic 

background. 

When this chapter’s results were published, no other GWAS had been performed 

using direct measures of VAT at the same time as standard anthropometric measures.  As 

discussed previously, abdominal obesity has been recognized as a significant predictor of 
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obesity comorbidity and mortality since the 1950s, when a series of publications 

recognized that more upper-body fat was present in those with disease than lower-body 

fat (Vague, 1956; Kissebah et al, 1982).  Using imaging methods, abdominal obesity’s 

connection to comorbidity was localized to the visceral depot, and a range of 

epidemiological studies affirm the profound VAT-disease relationship (Montague and 

O’Rahilly, 2000; Carr et al, 2004; Vega, 2004; Despres and Lemieux, 2006; Rosen and 

Spiegelman, 2006).  Furthermore, VAT contributes to both increased comorbidity risk 

and severity even after accounting for BMI, and regardless of ethnicity, gender, or age 

(Brochu et al, 2000; Bacha et al, 2003; Goodpaster et al, 2003; Henkin et al, 2003 

Wagenknecht et al, 2003; Carr et al, 2004; Fox et al, 2007; Pou et al, 2009).  VAT has a 

molecular profile distinct from other adipose depots, including an increased: level of 

inflammatory indicators, expression of metabolically critical enzymes, expression of 

androgen and glucocorticoid receptors, sensitivity to the sympathetic nervous system, and 

rate of lipolysis (Montague and O’Rahilly, 2000; Wachjenberg et al, 2002; Poussin et al, 

2008; Liu et al, 2009; Ibrahim, 2009).  Moreover, in the IRASFS HAs, h
2
 ranges from > 

60% for BMI and SAT to < 30% for BMI-adjusted VAT (Norris et al, 2005; Norris et al, 

2009).  Therefore, it would be unsurprising for VAT to have genetic components distinct 

from anthropometric adiposity phenotypes, and is a matter requiring investigation. 

 Study Approach.  In this chapter, a three-stage, GWAS-derived investigation of 

BMI and BMI-adjusted VAT candidate regions is performed in HAs of the IRASFS.  

BMI data was available for all 1424 IRASFS HAs, while VAT data was available in 

1190.  In Stage 1, a GWAS using the Illumina HumanHap 300 BeadChip (consisting of 

~317,000 SNPs) was conducted in 229 HAs of the SA cohort.  A selection of SNPs, 



 131 

including the fifty most adiposity associated under the additive model of SOLAR 

(P<.001, adjusting for age and sex) for each trait, was genotyped in the remaining 

IRASFS HAs.  In Stage 2, the entire IRASFS HA cohort was tested for association using 

this selection of SNPs, adjusting for age, sex, center, and admixture.  The data of most 

relevance to the dissertation was Stage 3’s, in which Stage 1 and Stage 2 BMI and BMI-

adjusted VAT associated SNPs marked genes for dense LD-tagging association analysis.  

A schematic of the flow of the IRASFS HA adiposity GWAS is depicted below in Figure 

2.  In Stage 1, a full GWAS was conducted in a subset of the IRASFS HAs.  In Stage 2, a 

custom 1536 SNP chip, including the 50 SNPs most associated with BMI and VAT was 

genotyped in the entire IRASFS HA cohort.  In Stage 3, the focus was on identifying 

candidate adiposity genes on the basis of physiology and then surveying them with 

haplotype tagging SNPs. 
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Figure 2 

A Schematic of the Three-stage IRASFS HA Adiposity GWAS 

 

Progression of IRASFS HA GWAS

317,000 SNPs in 229 subjects

1536 “Winning”

SNPs in all Hispanic 

subjects

Additional SNPs genotyped 

in genes with evidence of 

association

Stage 1

Stage 2

Stage 3

 

Candidate genes were selected on the basis of physiologic relevance and strength 

of their respective GWAS SNPs’ additive association.  As such, candidates included the 

BMI candidate, Neuronal Guanine Exchange Factor (NGEF; rs4973062; P-value of 

.002), and the BMI-adjusted VAT candidate, Regulator of G Protein Signaling 6 (RGS6; 

rs2239227; P-value of 5x10
-4

).  The aggressive tagging algorithm of the International 

HapMap Project is used to obtain thorough coverage of CEU-visualized LD-blocks that 

contained NGEF’s rs4973062 and RGS6’s rs2239227.  Over 75% of the haplotype 

variation in these blocks in both CEU and YRI HapMap populations was captured in the 

tagging step.  A total of 23 NGEF tagging SNPs covering a 40 Kb region were carried 

forward for analysis with SOLAR under the additive model, a number of which showed 
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strong association with BMI and SAT (P-values range from 2x10
-4

 to .036).  Notably, the 

genetic association of NGEF SNPs with BMI and SAT do not survive an additional 

adjustment for BMI.  Meanwhile, a total of 51 RGS6 tagging SNPs covering a 100 Kb 

region were carried forward for analysis, a number of which were strongly associated 

with VAT and VSR (P-values range from 4x10
-4

 to .050).  However, the magnitude and 

number of RGS6 VAT and VSR-associated SNPs increase following an adjustment for 

BMI (P-values range from 5x10
-5

 to .048).  Thus, NGEF and RGS6 are GWAS-cloned, 

novel BMI and VAT candidate genes of physiologic relevance in HAs of the IRASFS. 

Materials and Methods 

IRASFS Subjects.  IRASFS is a multi-center family-based study designed to 

discern genetic components of quantitative measures of adiposity and glucose 

homeostasis in Hispanic and African Americans.  IRASFS subjects were recruited from 

three sites: San Luis Valley, CO, a rural Hispanic population; San Antonio, TX, an urban 

Hispanic population; and Los Angeles, CA, an African American population.  The study 

design, recruitment, and phenotyping are described elsewhere in more detail (Henkin et 

al, 2003; Norris et al, 2005).  These experiments are focused on the 90 multigenerational 

Hispanic families (1425 individuals).  Individuals were recruited over a 2.5 year period at 

the clinical centers on the basis of large family size, rather than disease phenotype.  

Proband recruitment required at least four living siblings and five living offspring among 

the four siblings.  Family size ranged from 4 to 39 individuals.  Though the subjects were 

recruited on the basis of family size and not disease status, approximately 13.7% were 

diagnosed with type 2 diabetes (by self report).  The actual number of diabetics in the 

total Hispanic cohort is n=181 (14.2%), confirmed during clinical exams.  The IRBs at 



 134 

each participating analysis and clinical site approved the study protocol, and all subjects 

have provided informed consent.  The IRASFS clinical examination included an 

interview, an FSIGT, anthropometric measurements, biomarker quantification, and CT 

measurement of fat depot areas (Norris et al, 2005; Norris et al, 2009; Talbert et al, 

2009). 

IRASFS Phenotype Collection.  Body Mass Index (BMI, kg/m
2
) was obtained 

from height and weight measurements taken for each subject at the study exam.  Waist 

circumference (WAIST, cm) was taken with a standard metric tape measurer and 

consisted, at minimum, of the circumference between the tenth rib and the iliac crest.  

Hip circumference was also obtained using a standard metric tape measure and consisted 

of the maximum circumference of the buttocks.  The waist-to-hip ratio (WHR) was 

calculated as the ratio of the WAIST and hip circumference measurements.  In addition to 

standard anthropometric measures of adiposity, the IRASFS incorporates direct measures 

of adiposity at specific abdominal depots with the use of computed tomography (CT) 

scanning.  Visceral and subcutaneous adipose tissue (VAT; SAT; respectively, cm
2
) were 

acquired in a standard protocol consisting of a single scout of the abdomen that was 

followed by two 10mm thick axial images (obtained at L2-L3 and L4-L5 spinal discs).  

The CT images were transferred to magnetic tape and sent to a reading center at the 

University of Colorado Health Sciences for analysis (Norris et al, 2005).  The visceral to 

subcutaneous ratio (VSR) was obtained by calculating the ratio of the visceral to 

subcutaneous adipose tissue estimates (Talbert et al, 2009). 

IRASFS Blood/DNA Collection.  Genomic DNA was purified from whole blood 

PUREGENE DNA isolation kits (Gentra Inc., Minneapolis, MN, USA).  Quantification 
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of the purified DNA was performed by fluorometric assay (Hoefer DyNA Quant 200 

fluorometer; Hoefer Pharmacia Biotech Inc., San Francisco, CA, USA).  All of the 

samples were diluted to a final concentration of 5 ng/μl (Talbert et al, 2009). 

GWAS Subjects (Stage 1).  The subset of 229 IRASFS HAs from 34 families of 

the SA recruitment site was chosen based on a number of criteria.  Subjects were selected 

to be as unrelated as possible, nondiabetic, and complete for adiposity (and glucose 

homeostasis) phenotypic exams.  Additionally, individuals of this subset needed to have 

lymphoblastoid cell lines to enable clean DNA extraction for the GWAS.  Finally, the 

subset was selected to reflect the age, gender composition, and BMI of the full IRASFS 

HA cohort.  The demographics of the GWAS subset (Stage 1) and the remaining IRASFS 

HAs (Stage 2) are depicted in Table I (Norris et al, 2009).   
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Table I 

Demographics and Adiposity Traits of the IRASFS HA Subset and Full Cohort 

 
GWAS Hispanic Subset 

(n=229) 
Entire Hispanic Cohort 

(n=1190) 

Sex (n,% male) 83 (36.2%) 493 (41.4%) 

Age (years) 41.3±13.9 (40.3) 42.8±14.5 (41.3) 

T2DM (n, %) 0 (0%) 147 (12.4%) 

BMI (kg/m
2
) 29.4±5.9 (28.5) 29.0±6.2 (28.1) 

WAIST (cm) 90.9±13.6 (91.0) 90.0±14.4(89.4) 

WHR 0.85±.08 (.85) .86±.09(.85) 

VAT (cm
2
) 115±61.9 (102.7) 114.7±62.3(105.7) 

SAT (cm
2
) 341.8±151.6 (311.6) 339.7±155.7(313.7) 

VSR 0.37±.21 (.32) .37±.22 (.32) 
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The values above are reported as means ± standard deviations (medians) unless noted to 

the contrary in the left-most column.  Note that T2DM-affected individuals were not 

included in the Stage 1 subset.  The presented figures include only those IRASFS 

subjects with an adiposity exam including CT-derived measures.  The differences in 

percentages or means above are not statistically significant, and remain not significant 

when those without CT-derived measures are added.  The individuals selected for the 

GWAS subset also were genetically homogenous as assessed by STRUCTURE analysis 

of microsatellite data from prior IRAFS linkage studies (see Chapters I and II; Norris et 

al, 2005; Sutton et al, 2006).  STRUCTURE analysis assumes that an individual with a 

set of available allele frequencies belongs to one or more subgroups as defined by said 

alleles.  Thus, individuals are assigned to one or several subgroups on the basis of 

probabilistic clustering with other subjects’ allele frequencies.  Only individuals with 

structure scores of >.90 on the Hispanic axis were chosen (Pritchard et al, 2000; Norris et 

al, 2009).   

 GWAS Genotyping.  DNA purified from transformed lymphoblastoid cell lines 

was used for genotyping.  The GWAS platform was the Illumina Infinum II HumanHap 

300 Duo BeadChip (San Diego, CA), executed at Cedars-Sinai Medical Center using a 

standard protocol (Gunderson et al, 2006).  The Beadchips are comprised of HapMap 

tagging SNPs that provide genomic coverage of both CEU and YRI populations.  The 

genotyping method uses 50-mer oligonucleotides annealed to synthetic beads of a 

microarray that each binds a specific SNP.  Digested genomic DNA of a study subject is 

annealed to the microarray, binding to the beads, before being fluorescently labeled and 

scanned for allelic identity (Steemers and Gunderson, 2007).  Genotype calls were based 



 138 

on clustering of the fluorescent intensity data for two separate dyes using Illumina Bead 

Studio software.  Repeat genotyping of 96 DNA samples was performed only if the 

overall call rate was < 98%, resulting in sample rejection if there was no improvement in 

genotyping call rate (Norris et al, 2009).   

GWAS Statistical Cleaning.  A total of 2,258 Mendelian inconsistencies were 

identified using PedCheck for 1,657 SNPs across the entire GWAS, and these genotypes 

were converted to missing (O’Connell and Weeks, 1998; Norris et al, 2009).  All 

successfully typed GWAS SNPs were tested for departure from HWE using a Chi-

Squared test.  SNPs that departed from the expectations of Hardy-Weinberg (P<.01) or 

had a MAF of less than 5% were excluded from further analysis.  Subsequently, a total of 

309,200 GWAS SNPs were carried forward for association analysis with adiposity 

measures in the IRASFS HA subset.   

GWAS Analysis.  The primary test of genetic association between the GWAS 

SNPs and BMI or BMI-adjusted VAT was the additive model under the variance 

components approach of SOLAR (Almasy and Blangero, 1998).  If less than 10 

individuals were homozygous for the minor allele of a SNP, the dominant model was 

applied.  The variance components approach assumes conditional normality and 

homogeneity of variance, necessitating transformation of primary phenotypes (log 

transformation of BMI after addition of one and the square root of VAT).  Covariates for 

genetic association of GWAS SNPs with BMI included age and gender, while the 

covariates for VAT included age, gender, and BMI.  The Quantile–Quantile (QQ) plots 

for BMI and BMI-adjusted VAT in Stage 1 are shown in Figures 3 and 4.  Observed (-

log10P) is on the Y-axis, while Expected (-log10P) is on the X-axis. 
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Figure 3 

QQ Plot for BMI adjusted for age and gender in the IRASFS HAs 

 

Figure 4 

QQ Plot for VAT adjusted for age, gender, and BMI in the IRASFS HAs 
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These plots compare the observed vs. expected values of the Z-test statistics under the 

null hypothesis of no association across the genome.  As one would expect, the observed 

distribution of P-values matches expectation for the majority of the observed GWAS 

data, but departs from the null distribution at an approximate P<10
-3

.  The results of Stage 

1 were prioritized and SNPs were selected for genotyping in the full IRAFS HA cohort in 

Stage 2 (Norris et al, 2009). 

 Stage 2 SNP Selection and Quality Control.  SNP selection for Stage 2 

genotyping and analysis was primarily based on the strength of SNP association with the 

available IRASFS phenotypes (P<.001 in Stage 1).  At least the top 50 SNPs for each 

trait available in the IRASFS were included on a custom 1536 SNP Illumina Golden Gate 

Assay at Cedars-Sinai Medical Center.  The genotyping technology operates by a similar 

principle to that of Stage 1’s GWAS arrays.  Following genotyping, DNA samples with a 

< 95% call rate were excluded from analysis, while SNPs with a < 95% genotyping rate 

were inspected and manually re-clustered (this occurred for ~15% of SNPs).  149 AIMs 

were included on the SNP chip, including a collection of 80 known Hispanic AIMs, such 

as is seen in the literature (Mao et al, 2007; Price et al, 2007).  The remainder of the 

AIMs was comprised of CEU/YRI or CEU/Asian Hapmap cohort differentiating 

polymorphisms by an allele frequency shift of magnitude > 60%.  Hapmap Project 

genotype data for these AIMs was merged with the IRASFS HA genotype data from the 

1536 chip.  Finally, 349 unique SNPs were incorporated from Stage 1, located within 

genes that harbored 1 SNP in the top 10 most associated for one phenotype and another 

SNP for a different phenotype P < .001.   
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Maximum likelihood estimates of allele frequencies were computed using the 

largest set of unrelated HA individuals (n=247) and then genotypes were tested for 

departure from HWE expectations.  SNPs selected for further analysis were those with 

<5% missing genotypes and no evidence of Stage 2 departure from HWE (P-value> 

0.0001). 

Stage 2 Analysis.  A principal components (PC) analysis was performed on the 

merged IRASFS HA/Hapmap AIM data to estimate the greatest dimensions of variance 

in ethnogenetic ancestry.  PC analysis revealed the three greatest dimensions of variance 

for the merged subjects.  PC1 explained 10.3% of the total variance and accounted for a 

complete separation of the IRASFS HAs from the YRI subjects.  PC2 explained 4.8% of 

the total variance, and separated the IRASFS HAs from the CEU subjects, but indicated 

some admixture.  PC3 and thereafter only explained 1.9% or less of the variance and 

were therefore not considered.  Given the results of PC analysis, PC2 was used for 

admixture adjustment in genetic association analysis of the typed 1536 SNPs. 

The variance component approach of SOLAR (additive model) was used to test 

genotyped Stage 2 SNPs for association with BMI and VAT.  Genetic association 

analysis for BMI adjusted for age, gender, center, and admixture.  Genetic association 

analysis for VAT adjusted for age, gender, center, admixture, and BMI.  A model of 

genetic association for VAT without adjustment for BMI was also utilized, but did not 

yield results significantly different as to impact SNP prioritization for Stage 3.  Under an 

additive model, MAF= 0.15, and α = 0.0001, Stage 2 has an estimated power of 0.90 to 

detect a 0.30 standard deviation change in the genotypic means in 1,190 HAs of the 

IRASFS (Norris et al, 2009).   
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 Stage 3 Target Prioritization.  The highest priority SNPs would be those that were 

associated with BMI or BMI-adjusted VAT in the GWAS, and also associated in the 

Stage 2 replication in all IRASFS HAs.  The first step in prioritization was the assortment 

of all Stage 1 BMI or BMI-adjusted VAT associated SNPs from lowest to highest 

additive P-values.  Following this, the most associated Stage 1 SNPs were extracted, 

matched to their Stage 2 additive P-values (adjusted for age, sex, center, and BMI when 

appropriate), and sorted from lowest to highest on the basis of the Stage 2 P-values.  

Admixture adjustment of Stage 2 P-values made minimal difference in the top SNPs 

selected by this method.  Because Stage 3’s dense tagging SNP analysis represents a 

substantial investment of time and resources, a gene-centric approach was adopted that 

would most efficiently yield results.  Therefore, SNPs were annotated for genomic 

location, and those that fell within or near (~<50 Kb) known genes were considered 

potential candidates for haplotype tagging.  In order to maximize power and minimize 

type I error, physiologic relevance to obesity was the final determining factor for the 

selection of initial candidate regions for haplotype tagging.  The BMI candidates included 

the Na+/K+ transporting ATPase Interacting 2 (TCBA1 or NKAIN2) gene and the 

Neuronal Guanine Exchange Factor (NGEF or Ephexin).  The BMI-adjusted VAT 

candidates included the Regulator of G-protein Signaling 6 (RGS6) and Semaphorin 3A 

(SEMA3A).   

 Stage 3 Tagging SNP Selection.  CEU genotypes from the genomic interval 

containing the candidate gene ± 5 Kb were exported from the HapMap database and 

imported into Haploview (Barrett et al, 2005).  The CEU haplotype block containing the 

Stage 1/Stage 2-associated SNP of interest was visualized (based on pairwise D’) and 
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then subjected to haplotype tagging.  YRI tagging SNPs were selected using the 

aggressive tagging algorithm, a minimum MAF of 10%, and a minimum r
2
 of 0.8.  

Selected YRI tag SNPs were force included, to the exclusion of all other tag SNPs, in the 

HapMap genotype data set for the CEU cohort for the same genomic region.  The 

percentage of variation in the genomic region captured was estimated at >75% in both the 

YRI and CEU HapMap cohorts.  A second round of SNP selection for NGEF and RGS6 

occurred due to highly localized, strong genetic association with BMI and BMI-adjusted 

VAT, as depicted in the Results.  In addition, following the first round of NGEF and 

RGS6 genotyping, mean inter-SNP r
2
 was .025 (D’=.264) and .178 (D’=.787), 

respectively.  Though r
2
 is expected to be low due to the selection of haplotype tagging 

SNPs, this seemed to suggest that even denser genotyping would be informative.  The 

objective of a second round of genotyping was to increase the percentage of genomic 

variation captured in CEU and YRI (to >90%) by decreasing the average inter-SNP 

distance to ~1 Kb.  In the first round of NGEF genotyping, 17 SNPs were successfully 

genotyped to cover a ~40 Kb LD block, while in the second round an additional 11 SNPs 

were typed to yield a total of 28 SNPs.  In the first round of RGS6 genotyping, 19 SNPs 

were successfully genotyped to cover a 100 Kb LD block, while in the second round an 

additional 32 SNPs were typed to yield a total of 51 SNPs.  A total of 8 SNPs of the BMI 

candidate TCBA1 were genotyped to cover a 20 Kb LD block, while a total of 8 SNPs of 

the BMI-adjusted VAT candidate SEMA3A were genotyped to cover a 30 Kb LD block.   

Stage 3 Tagging SNP Genotyping.  The end result of the high-throughput 

procedure is PCR products that are designed to “tag” one of the alleles of a SNP with a 

heavier molecular mass than the other allele.  After creating PCR products with easily 
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distinguishable allele-specific masses for each SNP, the products are read in a MALDI-

TOF mass spectrometer.  Primers for amplification and the subsequent PCR extension 

reactions were designed using MassArray 3.0 assay design software (Sequenom Inc., San 

Diego, CA), which checks genomic sequence provided by the SNPPer database 

(http://snpper.chip.org/) for all known PCR incompatibilities.  NCBI Blast searches were 

used to confirm primer specificity before they were ordered from Integrated DNA 

Technologies (IDT, Coralville, IA).  In order to reduce pipette transfer errors, a Biomek 

FX robot (Beckman Coulter Inc., Fullterton, CA) was employed for nearly all PCR-plate 

loading procedures.  The robot transfer protocol utilizes disposable pipette tips and 

interspersed automated washing steps to minimize DNA contamination risk.  The iPlex 

MassARRAY SNP genotyping system (Sequenom Inc., San Diego, CA) utilizes a PCR 

and mass spectrometry protocol, which is extensively characterized elsewhere (Buetow et 

al, 2001).  Briefly, the genomic region containing each SNP is PCR amplified using a 5-

ul reaction that contains 1x Hot Start Taq PCR buffer, MgCl2, dNTPs, .1 U Hot Start Taq 

polymerase (Qiagen, Valencia, CA), each forward and reverse primer quartile (Integrated 

DNA Technology, Coralville, IO), and 10 ng genomic DNA.  The resultant products 

from the amplification step are treated with shrimp alkaline phosphatase (SAP) in order 

to inactivate unincorporated dNTPs and PCR primers.  After SAP treatment, the mass 

tagging single base extension PCR reaction utilizes provider-determined units of iPlex 

terminator, buffer, and polymerase enzyme.  Before loading the completed and mass 

tagged PCR products into the spectrometer, a resin step is used to remove any impurities 

or salts.  Following MALDI-TOF spectrometry, the resultant mass spectra had their 

genotypic identity determined automatically by SpectroTyper software (Sequenom), and 

http://snpper.chip.org/
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each spectrum was inspected manually for contamination and/or genotyping error 

(suspicious samples are discarded).  Additional quality controls were present in the form 

of “quality check (QC) samples” and water blanks that were incorporated randomly into 

each PCR plate.  QC samples are PCR wells where duplicate DNA samples have been 

placed in a blinded fashion, and these duplicate DNA samples would subsequently have 

had the same genotype after PCR.  Intuitively, water blanks are randomly inserted 

samples of water in the PCR plate that should not yield an amplifiable genotype.  Finally, 

any 384 sample PCR plate that does not achieve at least 90% success is discarded and re-

genotyped.  Likewise, any individual genotyped SNP that does not achieve more than 

90% efficiency is discarded.    

 Stage 3 Tagging SNP Analysis.  Maximum likelihood estimates of allele 

frequencies were computed using the largest set of unrelated individuals (n=228) and 

tested for departures from Hardy-Weinberg equilibrium proportions (HWE) using a chi 

squared goodness of fit test.  The largest set of unrelated individuals was also used to 

calculate the D’ and r
2
 inter-SNP linkage disequilibrium (LD) statistics per candidate 

gene.  Each of the evaluated SNPs was examined for Mendelian inconsistencies in their 

genotypes using PEDCHECK.  Only those SNPs that were in HWE and had a MAF 

>0.10 were included in association analysis.  Any genotypes inconsistent with Mendelian 

inheritance and not resolved by examination of the genotyping data were converted to 

missing (Talbert et al, 2009; Norris et al, 2009).  The successfully genotyped SNPs were 

analyzed for genetic association with BMI and VAT using the additive model of SOLAR.  

The association for BMI was adjusted for age, gender, center, and admixture, and the 

association analysis for VAT was adjusted for age, gender, center, admixture, and BMI.    
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Results 

As with all of the experiments detailed in this dissertation, the work of this 

chapter is focused on haplotype tagging SNP association analysis of candidate adiposity 

genes as a final step in genome-wide scanning.  This chapter has described the 

progression of a three-stage GWAS in the IRASFS HAs (Figure 2) with a focus on the 

results of BMI and VAT mapping.  Stage 1 consisted of a full GWAS in 229 IRASFS 

HAs for the full range of IRASFS adiposity traits.  Stage 2 included an analysis of the 

most significantly associated GWAS SNPs in the entire IRASFS HA cohort (n=1424 for 

BMI, n=1190 for VAT).  Stage 3 is a focused analysis of candidate adiposity genes based 

on the Stage 2 results for BMI and VAT.   

Stage 1 and Stage 2 Results: BMI.  As described previously, SNPs that were 

significantly associated with BMI in Stage 1 (P-value<.001), were genotyped in the entire 

IRASFS HA cohort in Stage 2.  Those SNPs that were associated with BMI in both Stage 

1 and Stage 2, and that were within or near known genes, are depicted in Table II below. 

Depicted in the table in the left-most column is the SNP designation, then the 

chromosome of the gene, then the gene name or symbol.  In the right-most three columns, 

the Stage 1 P-value for the SNP (n=229) is shown, then the P-value for that SNP in the 

entire IRASFS HA cohort in Stage 2 (n=1424), and the final column shows the effects of 

admixture adjustment.  All P-values have been adjusted for age, gender, and center.  

Shading indicates selection for dense SNP analysis in Stage 3.  GALNTL4 is UDP-N-

acetyl-alpha-D-galactosamine:polypeptide N-acetylgalactosaminyltransferase-like 4. 
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Table II 

Stage 1 or Stage 2 BMI-associated SNPs Near/Within Known Genes 

MMaarrkkeerr  CChhrr  GGeennee  NNaammee//SSyymmbbooll  
SSttaaggee  11  

GGWWAASS  
SSttaaggee  22  

CCoommbb  
SSttaaggee  22  

AAddmmiixx  

RRss887700558833  66  
TTCCBBAA11  NNaa++//KK++  ttrraannssppoorrttiinngg  AATTPPaassee  

iinntteerraaccttiinngg  22  44..9955EE--0055  00..000011444455  00..000011119977  

RRss1111002211994411  1111  GALNTL4 00..000022444433  00..000022115533  00..000022224488  

RRss11663388556677  1111  
44..11  kkbb  ffrroomm  PPOOLLDDSS  --  rrss11663388556677  --  66..44  kkbb  ffrroomm  

CCLLCCFF11  00..0000660011  00..000022441155  00..000011883399  

RRss44997733006622  22  
NNGGEEFF  nneeuurroonnaall  gguuaanniinnee  nnuucclleeoottiiddee  eexxcchhaannggee  

ffaaccttoorr  00..000022448833  00..000022448822  00..000022000011  

RRss1100448855225544  66  BBAAII33  bbrraaiinn--ssppeecciiffiicc  aannggiiooggeenneessiiss  iinnhhiibbiittoorr  33  00..001100330011  00..000044881177  00..000044773366  

RRss22336622664400  77  
MMAAGGII22  mmeemmbbrraannee  aassssoocciiaatteedd  gguuaannyyllaattee  

kkiinnaassee,,  WWWW  aanndd  PPDDZZ  ddoommaaiinn  ccoonnttaaiinniinngg  22  00..004400882266  00..000055113322  00..000055334433  

RRss22005555331144  33  
CCHHLL11  cceellll  aaddhheessiioonn  mmoolleeccuullee  wwiitthh  hhoommoollooggyy  

ttoo  LL11CCAAMM  ((cclloossee  hhoommoolloogg  ooff  LL11))  00..001122333333  00..0000775588  00..000077228899  

RRss11887777442277  66  BBAAII33  bbrraaiinn--ssppeecciiffiicc  aannggiiooggeenneessiiss  iinnhhiibbiittoorr  33  00..001122556677  00..000088777799  00..000088559955  

RRss22119911331188  77  GGLLCCCCII11  gglluuccooccoorrttiiccooiidd  iinndduucceedd  ttrraannssccrriipptt  11  00..000000445599  00..001100446611  00..001100887788  

RRss997711556644  66  BBAAII33  bbrraaiinn--ssppeecciiffiicc  aannggiiooggeenneessiiss  iinnhhiibbiittoorr  33  00..001199337788  00..001122660088  00..001122338811  

RRss22005555331155  33  
CCHHLL11  cceellll  aaddhheessiioonn  mmoolleeccuullee  wwiitthh  hhoommoollooggyy  

ttoo  LL11CCAAMM  ((cclloossee  hhoommoolloogg  ooff  LL11))  00..000088449966  00..001155440022  00..001144998855  

RRss22991177775566  77  IIQQCCEE  IIQQ  mmoottiiff  ccoonnttaaiinniinngg  EE  55..5511EE--0055  00..002200110099  00..002200441166  

RRss22331177229999  22  CCEENNTTGG22  cceennttaauurriinn,,  ggaammmmaa  22  00..001199665588  00..002200440011  00..002200665555  

RRss1111115544226600  66  
TTCCBBAA11  NNaa++//KK++  ttrraannssppoorrttiinngg  AATTPPaassee  

iinntteerraaccttiinngg  22  00..0000007799  00..002211225533  00..001199223399  

RRss77225500883333  1199  PPEEPPDD  ppeeppttiiddaassee  DD  00..000077777799  00..002244223355  00..002244221155  

RRss1122004466220088  11  
CCAAPPZZAA11  ccaappppiinngg  pprrootteeiinn  ((aaccttiinn  ffiillaammeenntt))  

mmuussccllee  ZZ--lliinnee,,  aallpphhaa  11  00..000022996633  00..002255550088  00..002222336666  

RRss777799445522  66  BBAAII33  bbrraaiinn--ssppeecciiffiicc  aannggiiooggeenneessiiss  iinnhhiibbiittoorr  33  00..003344005522  00..003366112255  00..003344110011  

RRss44778855664444  1166  
2255..88  kkbb  ffrroomm  ZZNNFF777788  --  rrss44778855664444  --  1122..77  kkbb  

ffrroomm  AANNKKRRDD1111  00..000022334466  00..004400009966  00..003388117722  
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TCBA1 and NGEF were chosen for initial follow-up in Stage 3 because of the 

combination of physiologic relevance to obesity and SNPs within them had the lowest 

additive Stage 2 P-values.  TCBA1’s rs870583 was associated with BMI in Stage 1 (P-

value is 4.95x10
-5

), and was reduced in magnitude in Stage 2 (P-value is .0015; Table II).  

Notably, rs870583 was additionally associated with SAT (P-value is .0011) and WAIST 

(P-value is .0007) in Stage 2 after adjustment for age, gender, center, and admixture (data 

not shown).  TCBA1 is a membrane-expressed protein that interacts with the β subunit of 

the sodium-potassium ATPase, and is critical for its function.  It is highly expressed in 

the brain and thymus.  Chromosomal translocations involving this gene have induced 

extreme physical and developmental deformity in humans, making it essential in neural 

development and metabolic function (Tagawa et al, 2002; Bocciardi et al, 2005; Yue et 

al, 2006).  Additionally, NGEF’s rs4973062 was associated with BMI in Stage 1 (P-value 

of .0025), but unchanged in magnitude in Stage 2 (P-value of .0025; Table II).  Like 

TCBA1, rs4973062 showed additional associations with SAT (P-value of .0011) and 

WAIST (P-value of .0017) in Stage 2 after adjustment for age, gender, center, and 

admixture (data not shown).  NGEF is a downstream signaling component of the ephrin 

A4 tyrosine kinase receptor.  NGEF is important for the appropriate formation of neural 

networks, and it can serve to either promote neural outgrowth or neural growth cone 

collapse.  It is thought to regulate neural growth cone collapse, following the specific 

phosphorylation of Tyr87, by acting primarily to promote GTP/GDP exchange on RhoA 

GTPase.  RhoA GTPase then becomes favored in GTPase equilibrium with Cdc42 and 

Rac1.  Subsequently, RhoA GTPase activates Rho kinase, which inhibits myosin light 

chain phosphatase, and thus affects the actinomyosin network in a neural growth cone 
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(Schmucker and Zipursky, 2001; Sahin et al, 2005).  Genetic polymorphisms within or 

near TCBA1 or NGEF may affect the well-documented feedback mechanisms between 

the central nervous system, adiposity, and metabolism (Norris et al, 2009; see Chapter I). 

Stage 3 Results: TCBA1.  8 tagging SNPs of the BMI candidate TCBA1 were 

genotyped to cover a ~20 Kb LD block of Intron 5 as defined by the CEU and YRI 

HapMap population genotypes.  2 of the 8 genotyped tagging SNPs were included for 

Illumina and Sequenom cross-comparison, and were the TCBA1 SNPs of primary 

inference in Stage 1 and Stage 2.  No TCBA1 SNPS departed from HWE.  The genetic 

association results for TCBA1 SNPs under the additive model of SOLAR adjusting for 

age, gender, center, and admixture are depicted in Table III below.  On the right-hand 

side of the table, SOLAR adjusts for age, gender, center, admixture, and BMI.  SAT is 

not included in the model that adjusts for BMI due to a high trait correlation with BMI 

(r
2
>.9).  The left-most column contains SNP designations, the next contains the physical 

position on Chromosome 6, and the next to the right contains the SNP’s MAF in the 

IRASFS HAs.  A bold and italicized SNP designation is indicative that these were those 

originally associated with BMI in Stage 1 and Stage 2.  A “.” represents a non-significant 

P-value (P>.05), while a bold P-value denotes association (P<.05). 
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Table III 

Stage 3 Association Results with IRASFS Adiposity Traits for TCBA1 

SNP Position MAF BMI WAIST WHR VAT SAT VSR WAIST WHR VAT VSR

rs11154260 125094976 0.281 0.013 0.007 . 0.045 0.024 . . . . .

rs12663834 125095375 0.343 . . . . . . . . . .

rs10782227 125095879 0.431 . . . . . . . . . .

rs870583 125097228 0.205 0.001 0.0007 . 0.003 0.014 . . . . .

rs1538197 125101484 0.441 . . . . . . . . . .

rs9491228 125103083 0.326 . . . . . . . . . .

rs9385343 125103854 0.327 . . . . . . . . . .

rs4466264 125106985 0.498 . . . . . . . . . .
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Only rs11154260 and rs870583 were associated with any IRASFS adiposity phenotypes, 

and included BMI, WAIST, VAT, and SAT (P-values range from .0007 to .045).  The 

relationship between these SNPs and the range of adiposity phenotypes does not persist 

following adjustment for BMI.  The LD structure and inter-correlation of the SNPs above 

are depicted in Figure 5.  The top (white background) of the image includes a to-scale 

representation of the physical distance covered on chromosome 6 and the allelic identity 

of HapMap genotyped SNPs.  Color scheme is based upon D’ calculations: where darker 

red represents a high degree of inter-SNP D’, blue represents ambiguous D’, and white 

represents low D’.  The gray or black numbers in the center of the squares represent the 

inter-SNP r
2
, with a gray number indicating that r

2
 is below .5 and a black number 

indicating that r
2
 is above .5.  A solid dark square with no number in the center represents 

an inter-SNP correlation of 1.0.  Block definitions are calculated using the Gabriel et al. 

method.   
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Figure 5 

Haploview image of the pairwise D’ and r
2
 statistics between Stage 3 TCBA1 SNPs 

 

There were two < 4 Kb, Gabriel-defined LD blocks, but correlation existed between 

them.  The GWAS SNPs of interest, rs11154260 and rs870583, were also correlated (r
2
 

of .68), but not with any other SNPs in the interval.  Thus, it is apparent that haplotype 

tagging of the surrounding LD block showed no additional evidence for TCBA1’s 

association with BMI.   

 Stage 3 Results: NGEF.  A total of 28 tagging SNPs were genotyped in two 

rounds within a ~40 Kb interval of NGEF as detailed previously.  The tagging SNPs 

achieved over 90% coverage of YRI and CEU haplotypes in the Intron 1 interval.  

Rs4973062 was the primary NGEF SNP of interest and was included for comparative 

genotyping in Stage 3.  Meanwhile, rs11678490 was not typed in Stage 3 due to primer 
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design failure, but was associated with WAIST, WHR, VAT, and SAT in Stage 1 and 

Stage 2 (P-values range from .016 to .035).  Rs4973591 was the only NGEF variant 

departing from HWE, and was thus considered with caution.  The genetic association 

results for the NGEF SNPs and the full range of IRASFS adiposity phenotypes using the 

additive model of SOLAR and adjusting for age, gender, center, and admixture are 

depicted in Table IV below.  On the right-hand side of the table, SOLAR adjusts for age, 

gender, center, admixture, and BMI.  SAT is not included in the model that adjusts for 

BMI due to a high trait correlation with BMI (r
2
>.9).  A “.” represents a non-significant 

P-value (P>.05).  The left-most column contains SNP designations, the next contains the 

physical position on Chromosome 2, and the next to the right contains the genotyped 

SNP’s MAF in the IRASFS HAs.  A bold and italicized SNP designation is indicative 

that these were those originally associated with BMI or WAIST in Stage 1 and Stage 2.  

A lack of MAF signifies that these SNPs were genotyped successfully in Stage 1, but not 

in Stage 2.  The asterisk beside of rs4973591 denotes a departure from HWE.  Bolded p-

values denote association (P<.05) while italics denote a trend towards association 

(P<.10). 
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Table IV 

Stage 3 Association Results with IRASFS Adiposity Traits for NGEF 

SNP Position MAF BMI WAIST WHR VAT SAT VSR WAIST WHR VAT VSR

rs11678490 233539194 . 0.029 0.016 0.035 0.028 . . . . .

rs4973588 233543219 0.09 . . . . . . . . . .

rs6711651 233544969 0.49 . . . . . . . . . .

rs3817321 233547296 0.39 . . . . 0.078 . . 0.098 . .

rs954526 233548307 0.47 . . . . . . . . . .

rs938572 233549544 0.46 . . . . . . . . . .

rs10165217 233552070 0.14 . . . . . . . 0.092 . .

rs4973591* 233553999 0.39 0.085 0.085 . 0.044 0.010 . . . . .

rs6719152 233557895 0.02 . . . . . . . . . .

rs6437080 233563705 0.33 0.001 0.001 . 0.077 0.0006 . . . . .

rs6745724 233562485 0.34 0.002 0.0007 . 0.019 0.0002 . . . . .

rs4973061 233564593 0.11 . . . . . . . . . .

rs4973062 233566880 0.33 0.003 0.001 . 0.033 0.0002 . . . . .

rs6743851 233570903 0.11 . . . . . . . . . .

rs1400348 233571835 0.10 . . . . . . . . . .

rs13404304 233572741 0.23 0.008 0.002 . 0.055 0.003 . . . . .

rs12471240 233572871 0.14 . . . . . . . . . .

rs884089 233574273 0.37 0.088 0.068 . 0.008 0.010 . . . . .

rs6720354 233575910 0.48 0.036 0.009 . 0.005 0.003 . . . 0.087 .

rs6727341 233576922 0.04 . . . . . . . . . .

rs1104953 233578610 0.42 . 0.039 . 0.015 0.007 . 0.085 . . .

rs10933423 233579711 0.18 . . . . . . . . . .

rs10169320 233579863 0.41 0.061 0.028 . 0.006 0.003 . . . . .

rs10169752 233580293 0.42 0.064 0.051 . 0.015 0.010 . . . . .

rs10933424 233580652 0.11 . . . . . . . . . .

rs13383577 233582643 0.44 0.008 0.001 0.034 0.006 0.0005 . 0.069 . . .

rs3811589 233583960 0.15 . . . . . . . . . .

rs3811588 233584219 0.12 . . . . . . . . . .

rs6725244 233585309 0.38 . 0.085 . . 0.097 . . . . .  
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The results show the association of 6 NGEF SNPs with BMI in the IRASFS HAs (P-

values range from .001 to .036).  Slightly more NGEF variants were associated with 

WAIST (8 SNPs, P-values range from 7x10
-4 

to .039) and VAT (9 SNPs, P-values range 

from .005 to .044).  Even more striking is the association of 11 NGEF SNPs with SAT, a 

trait that is a near perfect proxy for BMI (P-values range from 2x10
-4

 to .010).  Additional 

incorporation of BMI as a covariate in the SOLAR analysis eliminated any association of 

NGEF SNPs with adiposity traits in the IRAFS HAs.  This profile of association is 

consistent with a gene whose role in obesity physiology is to increase total body adiposity 

irrespective of fat location.  Variation within NGEF’s Intron 1 contribution to WAIST or 

VAT appears through BMI, which is expected since NGEF is a BMI candidate.  The LD 

structure and inter-correlation of the SNPs above are depicted in Figure 6.  The top (white 

background) of the image includes a to-scale representation of the physical distance 

covered on chromosome 2 and the allelic identity of HapMap genotyped SNPs.  Color 

scheme is based upon D’ calculations: where dark red represents a high degree of inter-

SNP D’, blue represents ambiguous D’, and white represents low D’.  The gray or black 

numbers in the center of the squares represent the inter-SNP r
2
, with a gray number 

indicating that r
2
 is below .5, and a black number indicating that r

2
 is above .5.  A solid 

red square with no number in the center represents an inter-SNP correlation of 1.0.  Block 

definitions are calculated using the Gabriel et al. method. 
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Figure 6 

Haploview Image of the Pairwise D’ and r
2
 Statistics Between Stage 3 NGEF SNPs 
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There were four Gabriel-defined LD blocks of varying size and, given the two-round 

genotyping strategy, there was surprisingly little correlation between them.  The GWAS 

SNP of interest rs4973062 was located within the 13 Kb Haplotype Block 3, and was in 

perfect r
2
 with only rs6473080.  BMI and SAT-associated NGEF variants within this 

interval demonstrate an additive protective effect, which is shown in Table V.  SNP 

genotypic means were selected for presentation to vary in MAF and ordered from lowest 

to highest in BMI P-values.  The top section contains BMI genotypic means and the 

bottom section contains SAT genotypic means.  Starting at left is the SNP designation; 

the genotypic mean ± standard deviation (number of individuals) for major allele 

homozygotes (1/1), heterozygotes (1/2), and minor allele homozygotes (2/2); and the 

additive P-values from SOLAR adjusted for age, gender, center, and admixture.  

Rs4973062 is bolded and italicized as the Stage 1/Stage 2 SNP of interest for NGEF. 
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Table V 

Genotypic Means for NGEF SNPs of Varying Effect Size and Frequency.   

SNP 1/1 1/2 2/2

Add P-value

rs6745724 29.8 ± 6.5 (557) 28.3 ± 5.6 (540) 27 ± 5.7 (124) 0.002

rs4973062 29.8 ± 6.5 (560) 28.4 ± 5.8 (528) 26.9 ± 5.5 (116) 0.003

rs13404304 29.5 ± 6.4 (749) 28 ± 5.6 (422) 26.9 ± 5.3 (68) 0.008

rs13383577 29.9 ± 6.4 (403) 28.5 ± 6.0 (620) 27.7 ± 5.7 (205) 0.008

rs6720354 29.5 ± 6.53 (359) 28.9 ± 6.0 (617) 27.8 ± 5.8 (251) 0.036

SNP 1/1 1/2 2/2

Add P-value

rs6745724 357 ± 161 (535) 328 ± 147 (526) 297 ± 151 (115) 0.0002

rs4973062 358 ± 160 (535) 330 ± 150 (515) 293 ± 144 (108) 0.0002

rs13404304 350 ± 158 (726) 322 ± 146 (403) 297 ± 144 (62) 0.003

rs13383577 364 ± 159 (390) 331 ± 151 (596) 311 ± 152 (197) 0.0005

rs6720354 357 ± 166 (345) 340 ± 151 (594) 311 ± 144 (242) 0.003

BMI Genotypic Means ± SD (n)

SAT Genotypic Means ± SD (n)
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Stage 1 and Stage 2 Results: VAT.  As was done for SNPs associated with BMI, 

the variants most associated with BMI-adjusted VAT (P<.001) in Stage 1 were genotyped 

in the entire IRASFS HA cohort in Stage 2.  Table VI below contains SNPs that were 

associated with BMI-adjusted VAT in Stages 1 and 2, and near or within known genes.  

Depicted in the left-most column is the SNP’s designation, then its chromosome, then the 

nearby gene name or symbol.  In the right-most three columns, the Stage 1 P-value for 

the SNP (n=229) is shown, then the P-value for that SNP in the entire IRASFS HA cohort 

in Stage 2 (n=1190), and the final column shows the effects of admixture adjustment.  All 

P-values were adjusted for age, gender, center, and BMI.  Shading indicates selection for 

dense SNP analysis in Stage 3.   
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Table VI 

Stage 1 or Stage 2 BMI-adjusted VAT SNPs Near/Within Known Genes 

MMaarrkkeerr CChhrr GGeennee 
SSttaaggee  11  

GGWWAASS 
SSttaaggee  22  

CCoommbb 
SSttaaggee  33  

AAddmmiixx 

rrss22223399222277 1144 RRGGSS66  rreegguullaattoorr  ooff  GG--pprrootteeiinn  ssiiggnnaalliinngg  66 00..000022779944 00..000000660044 00..000000552299 

rrss22001155998833 22 AASSBB1188  aannkkyyrriinn  rreeppeeaatt  aanndd  SSOOCCSS  bbooxx--ccoonnttaaiinniinngg  1188 00..000011779933 00..0000110077 00..000011009988 

RRss22223399224477 1144 RRGGSS66  rreegguullaattoorr  ooff  GG--pprrootteeiinn  ssiiggnnaalliinngg  66 00..000066112255 00..000033336699 00..000033119977 

RRss11002266222288 88 
4422..11  kkbb  ffrroomm  YYWWHHAAZZ  --  rrss11002266222288  --  220011..55  kkbb  ffrroomm  

ZZNNFF770066 00..000011337777 00..000033550011 00..000033224455 

RRss666699444433 99 VVAAVV22  vvaavv  22  gguuaanniinnee  nnuucclleeoottiiddee  eexxcchhaannggee  ffaaccttoorr 22..3399EE--0055 00..000055885511 00..000066448866 

RRss22005533993311 88 
4488  kkbb  ffrroomm  YYWWHHAAZZ  --  rrss22005533993311  --  119955..66  kkbb  ffrroomm  

ZZNNFF770066 00..000000448833 00..000066667711 00..000066224499 

RRss44778855664444 1166 
2255..88  kkbb  ffrroomm  ZZNNFF777788  --  rrss44778855664444  --  1122..77  kkbb  ffrroomm  

AANNKKRRDD1111 00..001100552244 00..000077444455 00..000066558866 

RRss66000088882266 2222 
CCEELLSSRR11  ccaaddhheerriinn,,  EEGGFF  LLAAGG  sseevveenn--ppaassss  GG--ttyyppee  

rreecceeppttoorr  11  ((ffllaammiinnggoo  hhoommoolloogg,,  DDrroossoopphhiillaa)) 00..003366993355 00..001122886611 00..0011335544 

RRss88001188997788 1144 SSYYTT1166  ssyynnaappttoottaaggmmiinn  XXVVII 00..0000002277 00..001133442244 00..001177002211 

RRss442288223333 1166 
4488..44  kkbb  ffrroomm  SSOOXX88  --  rrss442288223333  --  2288..66  kkbb  ffrroomm  

AAKK005566881144 00..000022559966 00..002200771122 00..002200553388 

RRss1111222233339966 1111 CCNNTTNN55  ccoonnttaaccttiinn  55 00..000033999999 00..002211008866 00..002200223388 

RRss552244663333 1188 CCOOLLEECC1122  ccoolllleeccttiinn  ssuubb--ffaammiillyy  mmeemmbbeerr  1122 22..4422EE--0055 00..002222777799 00..002211665588 

RRss1122770077662288 77 
SSEEMMAA33AA  sseemmaa  ddoommaaiinn,,  iimmmmuunnoogglloobbuulliinn  ddoommaaiinn  ((IIgg)),,  

sshhoorrtt  bbaassiicc  ddoommaaiinn,,  sseeccrreetteedd,,  ((sseemmaapphhoorriinn))  33AA 00..001188334433 00..0022664444 00..002277996688 

RRss22225511003366 2211 GGRRIIKK11  gglluuttaammaattee  rreecceeppttoorr,,  iioonnoottrrooppiicc,,  kkaaiinnaattee  11 00..000011229922 00..002288660066 00..002299118855 

RRss22003300883344 1111 
LLDDLLRRAADD33  llooww  ddeennssiittyy  lliippoopprrootteeiinn  rreecceeppttoorr  ccllaassss  AA  

ddoommaaiinn  ccoonnttaaiinniinngg  33 00..000000228855 00..002299883355 00..002299889933 

RRss11997766440033 11 NNBBPPFF33  nneeuurroobbllaassttoommaa  bbrreeaakkppooiinntt  ffaammiillyy,,  mmeemmbbeerr  33 00..000022007755 00..004422771155 00..004400669966 

RRss99887744117777 33 
CCAACCNNAA22DD33  ccaallcciiuumm  cchhaannnneell,,  vvoollttaaggee--ddeeppeennddeenntt,,  aallpphhaa  

22//ddeellttaa  33  ssuubbuunniitt 00..0033112299 00..004433443399 00..0044440055 
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 SEMA3A and RGS6 were selected for tagging SNP association analysis in Stage 

3 primarily because they have a potentially direct physiologic role in regulation of VAT.  

SEMA3A’s rs12707628 was associated with BMI-adjusted VAT in Stage 1 (P-value is 

.018) and Stage 2 (P-value is .026).  There were two RGS6 SNPs among the most 

significantly associated in Stage 2 for BMI-adjusted VAT (rs2239227 and rs2239247, P-

values of .0006 and .003, respectively).  In addition, both RGS6 SNP associations with 

BMI-adjusted VAT increased in magnitude with the increase in sample size between 

Stage 1 and Stage 2.  Interestingly, SEMA3A’s rs12707628, as well as RGS6’s 

rs2239227 and rs2239247, were associated with BMI-adjusted VSR in Stage 2 (P-values 

range from .0009 to .006, data not shown).  Also, the RGS6 SNP rs2239250 was 

associated with BMI-adjusted VAT and VSR in Stage 2 (P-values are 5x10
-5

 and 4x10
-4

), 

but not in the original GWAS. 

SEMA3A is a chemorepulsion factor that is highly expressed in innervated tissue, 

such as white and brown adipose (Giordano et al, 2001; Giordano et al, 2003).  The 

protein functions to guide both sympathetic and sensory neurons to their proper targets in 

development and adaptation.  SEMA3A is also an inhibitor of neural regeneration, which 

has been investigated as a target for inhibitory pharmaceuticals (Carmeliet, 2003; Imai et 

al, 2009; Montolio et al, 2009; Schwarz et al, 2009).  As has been described, appropriate 

innervation of metabolic tissues is instrumental in maintaining energy homeostasis (see 

Chapter I).   

The RGS6 gene is one of the R7 subfamily of regulators of G-protein signaling, 

which has slow-acting GTPase activity (Garzon et al, 2001; Garzon et al, 2003; Adam 

and Epel, 2007).  RGS6 may bind to the active alpha subunits of G-proteins to effectively 
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increase their sequestration, thusly slowing reformation of ready G-proteins at G-protein 

coupled receptors (GPCRs; Garzon et al, 2003).  RGS6 may become part of the standard 

G-protein heterotrimer (R7/α/β) and bind to GPCRs, whereby when said GPCR is 

activated, R7/β5 complexes and Gα-GTP subunits are released.  The RGS6/β5 complexes 

may then act to sequester active Gα-GTP subunits provided by the same and other 

GPCRs (Sierra, Popov, and Wilkie, 2000; Garzon, et al, 2003).   

It has long been appreciated that there is a strong connection between stress and 

diet-induced obesity, mediated in large part by the potent hormone, cortisol.  Cortisol is 

the chief effector of the stress response.  In response to stress and in combination with 

other metabolic components, cortisol can promote changes in energy resource 

management by modulating lipid metabolism, insulin sensitivity, insulin secretion, leptin 

sensitivity, and leptin secretion that favor obesity (Garvey et al, 1989; Coderre et al, 

1996; Lambillotte, Gilon, and Henquin, 1997; Papaspyrou-Rao et al, 1997; Adam and 

Epel, 2007).  For instance, rodents show increased secretion of cortisol and obesogenic 

change in feeding behavior when subjected to chronic or social stress, as well as prior 

caloric restriction, or fatty food choice (Dallman et al, 2003; Dallman, Pecoraro, and la 

Fleur, 2005; Adam and Epel, 2007).  Adrenalectomized rats do not produce endogenous 

cortisol, and this has been shown to be sufficient enough to eliminate obesity in ob/ob 

mice by affecting changes in insulin sensitivity.  Upon administration of cortisol in 

adrenalectomized rats, a dose-dependent increase in chow feeding with no change in food 

preference occurs.  However, cortisol and insulin administration has a synergistic action 

that appears to provoke increased preference for, and feeding upon, higher-fat content 

foods in adrenalectomized rats (Tataranni et al, 1996; la Fleur et al, 2004; Adam and 
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Epel, 2007).  Similarly, humans taking prednisone display increased leptin/insulin 

resistance and secretion.  In addition, humans display comparable eating behaviors under 

chronic stress (Morley, Levine, and Rowland, 1983; Greeno and Wing, 1994; Brillon et 

al 1995; Papaspyrou-Rao et al, 1997; Laferrere, 2000; Adam and Epel, 2007).   

Cortisol causes opioid release to protect the organism from the negative effects of 

extreme or prolonged stress, which (in addition to the psychological effects) inhibits 

further cortisol secretion.  Palatable foods (such as those with a high sugar or fat content) 

likewise cause opioid release, which explains why “stress feeding” has been observed 

across species, as increased eating of palatable food is likely an instinctual choice when 

stressed (Drolet et al, 2001; Adam and Epel, 2007; Koob and Kreek, 2007).  Therefore, 

the eating of palatable food can become “addictive.”  Opioid receptors do display 

tolerance, and the brain’s downstream “reward circuitry” can be modified by agents that 

are often elevated in diet-induced obesity, including LEP, insulin, and NPY (Figlewics 

and Woods, 2000; Fulton, Woodside, and Shizgal, 2000; Cota et al, 2006; Adam and 

Epel, 2007).  RGS6 (and other R7 proteins) regulate tachyphylaxis and acute tolerance at 

μ-opioid receptors, and may thus contribute to modulation of opioid and opioid receptor 

function (Garzon, Lopez-Fando, Sanchez Blazquez, 2003; Adam and Epel, 2007).  

Therefore, it is possible that polymorphism near or within RGS6 alters the expression or 

function of the gene, favoring increased adiposity by altering the opioid response, and 

thus cortisol secretion and feeding behavior. 

Stage 3 Results: SEMA3A.  8 tagging SNPs were genotyped within a 30 Kb LD 

block of SEMA3A’s Intron 1, capturing over 80% of the CEU and YRI variation therein.  

The rs12707628 variant of SEMA3A was among the 8 genotyped SNPs, and was the 
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SNP of primary inference for the gene’s selection in Stage 3.  None of the SEMA3A 

SNPs departed from HWE.  The results of association analysis for the SEMA3A variants 

are reported in Table VII.  The left-hand side of the table adjusts for age, gender, center, 

and admixture.  On the right-hand side of the table, the results are adjusted for age, 

gender, center, admixture, and BMI.  SAT is not included in the model that adjusts for 

BMI due to a high trait correlation with BMI (r
2
>.9).  A “.” represents a non-significant 

P-value (P>.05).  The left-most column contains SNP designations, the next contains the 

physical position on Chromosome 7, and the next to the right contains the genotyped 

SNP’s MAF in the IRASFS HAs.  A bold and italicized SNP designation is indicative 

that it was originally associated with BMI-adjusted VAT in Stage 1 and Stage 2.  Bolded 

p-values denote association (P<.05) while italics denote a trend towards association 

(P<.10). 
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Table VII 

Stage 3 Association Results with IRASFS Adiposity Traits for SEMA3A 

SNP Position MAF BMI WAIST WHR VAT SAT VSR WAIST WHR VAT VSR

rs7804558 83636223 0.16 . . 0.057 . . . 0.055 0.048 . .

rs6950387 83639209 0.07 . . . . . 9.13E-05 . . 0.042 0.00014

rs12666837 83639293 0.26 . . 0.087 . . . . 0.070 0.068 .

rs10261069 83639588 0.07 . . . . . . . . . .

rs9642175 83640887 0.15 . . . . . 0.085 . . . 0.097

rs12707626 83653627 0.03 0.024 0.048 0.080 . 0.052 . . . . .

rs13247197 83658503 0.02 . . . . . . . . . .

rs12673519 83665936 0.39 . . . . . . . . . .
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Rs12707626 was associated with BMI and WAIST (P-values range from .024 to .048), 

but noticeably not VAT or BMI-adjusted VAT.  Thus, rs12707626 did not replicate in 

Stage 3 across genotyping platforms, presumably due to a low MAF (3%).  Only 

rs6960387 showed prominent association with VSR (before and after BMI adjustment; P-

values are 9x10
-5

 and .0001), but this variant is also of low MAF.  The inter-SNP D’ and 

r
2
 statistics for SEMA3A SNPs are shown in Figure 7.  The top (white background) of the 

image includes a to-scale representation of the physical distance covered on chromosome 

7 and the allelic identity of HapMap genotyped SNPs.  Color scheme is based upon D’ 

calculations: where dark red represents a high degree of inter-SNP D’, blue represents 

ambiguous D’, and white represents low D’.  The gray or black numbers in the center of 

the squares represent the inter-SNP r
2
, with a gray number indicating that r

2
 is below .5, 

and a black number indicating that r
2
 is above .5.  A solid red square with no number in 

the center represents an inter-SNP correlation of 1.0.  Block definitions are calculated 

using the Gabriel et al. method.  
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Figure 7 

Haploview Image of the Pairwise D’ and r
2
 Statistics Between Stage 3 SEMA3A SNPs 

 

There was very low pairwise r
2
 and D’ between SEMA3A SNPs within Intron 1, 

suggesting that a recombination hotspot may be present.  The cumulative evidence shows 

that Stage 3 tagging of SEMA3A revealed no additional evidence of association with 

BMI-adjusted VAT.   

Stage 3 Results: RGS6.  A total of 51 tagging SNPs were genotyped to cover a 

~100 Kb LD block of RGS6 as detailed previously, achieving over 90% coverage of YRI 
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and CEU haplotypes in the Intron 2/Intron 3 interval.  Rs2239227 and rs2239247 were 

the Stage 1 and Stage 2 variants of primary inference, and were included for genotyping 

in Stage 3.  None of the RGS6 variants were found to depart from HWE.  The genetic 

association results for the RGS6 SNPs and the full range of IRASFS adiposity 

phenotypes using the additive model of SOLAR adjusting for age, gender, center, and 

admixture are depicted in Table VIII below.  On the right-hand side of the table, SOLAR 

adjusts for age, gender, center, admixture, and BMI.  SAT is not included due to a high 

trait correlation with BMI (r
2
>.9), and no associations < P-value of .01 in the model that 

does not adjust for BMI.  A “.” represents a non-significant P-value (P>.05).  The left-

most column contains SNP designations, the next contains the numbering of each SNP 

for visualization in Figure 8, physical position on Chromosome 14, and the next to the 

right contains the genotyped SNP’s MAF in the IRASFS HAs.  A lack of a SNP MAF 

denotes that these were RGS6 variants were genotyped in Stage 1, but were not 

successfully genotyped in Stage 2, and thus were not carried forward for analysis in Stage 

3.  Instead, the Stage 1 P-values for the SNPs of the preceding class are reported.  An 

underlined SNP designation is indicative that these were those originally associated with 

BMI-adjusted VAT in both Stage 1 and Stage 2.  Italics denote a trend towards 

association (P<.10). 

 

 

 

 

Table VIII 
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Stage 3 Association Results with IRASFS Adiposity Traits for RGS6 

SNP LD Image Position MAF BMI WAIST WHR VAT VSR WAIST WHR VAT VSR

rs860195 1 71840811 0.39 . . . . . . . . .

rs847360 2 71841804 0.30 . . . . . . . . .

rs847359 71842649 . . . . . . . . .

rs1520329 3 71845421 0.06 . . . . . . . . .

rs2283394 4 71848782 0.07 . . . . . . . . .

rs847358 71850274 . . . . 0.080 . . 0.080 0.093

rs847355 5 71850797 0.46 . . . . . . . . .

rs2283393 6 71851166 0.08 . . . . . 0.09 . 0.036 .

rs847354 71851682 . . . 0.005 0.023 . . 0.0008 0.020

rs699366 7 71854184 0.37 . . . . . . . . .

rs4903011 8 71854567 0.05 . . . . 0.07 . . 0.086 0.082

rs847352 9 71855191 0.42 . . . 0.017 0.036 . . 0.008 0.034

rs2239250 71855433 . . . 0.015 0.0004 . . 0.00005 0.0004

rs8018927 10 71856196 0.12 0.033 . . . 0.002 0.028 . 0.001 0.002

rs7147236 11 71857999 0.11 0.043 . . . 0.001 0.018 0.058 0.0005 0.002

rs10146126 12 71860363 0.37 . . . . . . . . .

rs2090737 13 71863923 0.43 . . . 0.011 0.028 0.068 . 0.005 0.025

rs1996661 14 71865114 0.34 . . . . . . . . .

rs2222311 15 71866540 0.33 0.091 . . . . . . . .

rs2239249 16 71867114 0.43 . . . 0.024 0.045 . . 0.008 0.043

rs2238199 17 71868756 0.47 . . . 0.022 0.048 . . 0.012 0.048

rs2239248 18 71869673 0.44 . . . 0.003 0.023 0.056 . 0.003 0.019

rs2238198 19 71871269 0.08 . . . . . . . . .

rs2239247 20 71871989 0.23 0.014 0.057 . . 0.008 . . 0.007 0.011

rs1402064 21 71872712 0.37 0.026 0.020 . . . . . . .

rs2238194 22 71873878 0.24 . . . . . . 0.043 0.005 0.022

rs1915132 23 71875243 0.49 . . . 0.023 . . . . .

rs2239241 24 71876795 0.49 . . . 0.050 . . . . .

rs929413 25 71879893 0.49 . . . . . 0.095 . 0.097 .

rs2681727 26 71881237 0.49 . . . 0.041 . . . . .

rs8016367 27 71881803 0.02 . . . . . . . . .

rs2529471 28 71883022 0.49 . . . 0.045 . . . 0.098 .

rs1356842 29 71884280 0.36 0.069 0.072 . . . . . . .

rs2681749 30 71886379 0.42 0.050 . . 0.021 0.032 0.041 0.094 0.006 0.033

rs2681754 31 71889437 0.48 . . . 0.024 0.010 . 0.083 0.003 0.010

rs12892244 32 71891466 0.23 0.011 0.048 . . 0.007 . . 0.005 0.010

rs2529459 33 71895430 0.28 0.033 0.051 . 0.093 . . . . .

rs1099968 34 71896348 0.41 . . . 0.017 0.020 . . 0.004 0.021

rs847334 35 71897481 0.28 0.045 0.060 . . . . . . .

rs847331 36 71898828 0.24 . . . . . . . . .

rs847330 71899350 0.018 0.010 0.047 0.045 . . . . .

rs2239227 37 71899732 0.13 0.023 . . . 0.003 0.020 0.097 0.0005 0.004

rs847329 38 71900457 0.29 0.027 0.016 0.055 0.054 . . . . .

rs847328 39 71900759 0.23 0.069 0.040 . . . . . . .

rs847327 40 71901445 0.48 . . 0.093 0.013 0.020 0.086 0.063 0.002 0.021

rs769148 71902525 0.022 0.011 0.037 0.048 . . . . .

rs10136263 41 71903671 0.24 . . . . . . . . .

rs4903013 42 71906670 0.48 . . . 0.060 0.008 . . 0.003 0.010

rs2239224 43 71907554 0.48 . . 0.086 0.009 0.024 0.081 0.063 0.002 0.024

rs10149207 44 71907687 0.28 . . . . . . . . .

rs8003401 45 71908408 0.03 . . . . . . . . .

rs6574069 46 71908853 0.26 0.010 0.018 . . 0.005 . . 0.0006 0.008

rs2283385 47 71911604 0.41 . . 0.038 0.005 0.014 0.023 0.040 0.003 0.013

rs2239223 48 71919262 0.48 . . . 0.036 0.073 . . 0.014 0.075

rs2239221 49 71921862 0.42 . . . . . . . . .

rs2239219 50 71922573 0.50 . . . 0.035 0.073 . . 0.016 0.069

rs10149848 51 71924915 0.12 . . . . 0.008 0.069 . 0.002 0.011  
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A total of 17 Stage 3 genotyped RGS6 tagging SNPs were associated with VAT (P-

values ranged from .005 to 048), while 18 were associated with VSR (P-values ranged 

from .001 to .045).  Following incorporation of BMI into the model for genetic 

association, there were a total of 23 Stage 3 RGS6 variants associated with VAT (P-

values ranged from 5x10
-4

 to .036), while 21 were associated with VSR (P-values ranged 

from .002 to .048).  Though there was modest association with BMI, SAT, WAIST, and 

BMI-adjusted WAIST (P-values >.01), there was a clear skewing of significance towards 

direct CT-measures of visceral adiposity.  The results for the Stage 3 follow-up of RGS6 

are characteristic of a VAT or VSR QTL.  The inter-SNP LD and correlation structure is 

shown below in Figure 8.  The HapMap Project informational track is not included at the 

top of this image as with the others due to spatial constraints.  Color scheme is based 

upon D’ calculations: where dark red represents a high inter-SNP D’, blue represents 

ambiguous D’, and white represents low D’.  The gray or black numbers in the center of 

the squares represent the inter-SNP r
2
, with a gray number indicating that r

2
 is below .5, 

and a black number indicating that r
2
 is above .5.  A solid red square with no number in 

the center represents an inter-SNP correlation of 1.0.  Block definitions are calculated 

using the Gabriel et al. method.  

 

 

 

Figure 8 

Haploview Image of the Pairwise D’ and r
2
 Statistics Between Stage 3 RGS6 SNPs 
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The pairwise LD calculations revealed seven Gabriel defined haplotype blocks.  In total, 

the D’ between the variants of the ~100 Kb Intron 2 and 3 interval is high, and r
2
 is 

higher between variants of physically adjacent haplotype blocks, generally decreasing 

with distance.  Notably, the allelic identities of the SNPs of interest rs2239227 and 

rs2239247 were not correlated (r
2
 of .09), were in high D’ (D’>.8), but were in non-

adjacent Gabriel defined haplotypes.  Furthermore, associated variants were not patently 

correlated with rs2239227 and rs2239247; as is exemplified by rs6574069, which was 

associated with BMI-adjusted VAT and VSR (MAF of 26%, P-values of .0006 and .008) 

and only in high r
2
 with rs12892244 (r

2
 of .82).  In addition, when there is correlation 

with rs2239227 or rs2239247, it is generally with only one of the variants.  For instance, 

rs7147236 was strongly associated with BMI-adjusted VAT and VSR (MAF of 11%, P-

values of .0005 and .0004), and was highly correlated with rs2239227 (r
2
 of >.9), but not 

rs2239247 (r
2
<.5).  These results suggest that the wide association results with BMI-

adjusted VAT and VSR is not a result of a single polymorphism, and they are non-

redundant.  RGS6 SNPs associated with BMI-adjusted VAT and VSR also exhibit an 

additive protective effect, which is shown in Table IX.  SNPs were selected for 

presentation to vary in MAF and ordered from lowest to highest in BMI-adjusted VAT P-

values.  The top section contains BMI-adjusted VAT genotypic means and the bottom 

section contains BMI-adjusted VSR genotypic means.  Starting at left is the SNP 

designation; the genotypic mean ± standard deviation (number of individuals) for major 

allele homozygotes (1/1), heterozygotes (1/2), and minor allele homozygotes (2/2); and 

the additive P-values from SOLAR.  Rs2239227 and rs2239247 are bolded and italicized 

as the Stage 1/Stage 2 SNPs of interest for RGS6. 
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Table IX 

Genotypic Means for RGS6 SNPs of Varying Effect Size and Frequency 

SNP 1/1 1/2 2/2

P-value      

(Additive Model)

rs7147236 116 ± 63 (883) 109 ± 57 (279) 97 ± 46 (29) 0.0004

rs2239227 116 ± 63 (864) 109 ± 56 (269) 96 ± 47 (28) 0.0005

rs6574069 116 ± 63 (630) 111 ± 59 (466) 110 ± 59 (103) 0.0008

rs8018927 116 ± 62 (881) 109 ± 57 (278) 96 ± 46 (28) 0.0008

rs2239247 116 ± 62 (676) 109 ± 59 (408) 106 ± 51 (79) 0.007

SNP 1/1 1/2 2/2

P-value      

(Additive Model)

rs7147236 0.388 ± .216 (857) 0.345 ± .192 (265) 0.332 ± .259 (27) 0.001

rs2239227 0.389 ± .216 (837) 0.343 ± .193 (256) 0.321 ± .260 (26) 0.004

rs6574069 0.388 ± .215 (608) 0.369 ± .213 (450) 0.337 ± .187 (99) 0.008

rs8018927 0.388 ± .214 (856) 0.342 ± .192 (264) 0.328 ± .263 (26) 0.001

rs2239247 0.389 ± .213 (654) 0.359 ± .212 (392) 0.347 ± .194 (76) 0.011

BMI-adjusted VSR Genotypic Means ± SD (n)

BMI-adjusted VAT Genotypic Means ± SD (n)
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CHAPTER V 

BMI GWAS CANDIDATE QTLs IN AFRICAN AMERICANS: THE INSULIN 

RESISTANCE ATHEROSCLEROSIS FAMILY STUDY 
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CHAPTER V 

Introduction 

Study Rationale.  The dissertation and experiments presented previously have 

mentioned that ethnic minorities have disproportionately higher incidences of obesity.  

According to national epidemiologic surveys, AAs have the highest prevalence of 

obesity, an increased prevalence that becomes more striking when considering only 

middle-aged or older females.  Furthermore, AA women are predicted to be the fastest 

increasing demographic in obesity prevalence.  However, there are intriguing ethnic 

differences in the physiologic ramifications of obesity.  It was shown that obesity in AAs 

is less directly correlated with mortality than in other ethnicities, but the prevalence of 

and death rate from comorbidities remains higher (see Chapter I).  As measured by BMI, 

AA obesity accounts for an on average lower fat mass, greater lean mass, greater thigh 

fat, and lower central adiposity than obesity in EAs (Carroll et al, 2008; Jackson et al, 

2009).  Furthermore, admixture mapping studies have shown AA ancestry to expectedly 

correlate with BMI, but negatively correlate with BMI-adjusted WAIST (Cheng et al, 

2009).  In the case of T2DM, one study provides proof of principle that the presumed 

protective effects of the AA obesity profile are deceptive.  Comparing AA and EA 

postmenopausal women; AA women had higher lean mass, larger thigh muscle areas, and 

similar fat mass, SAT, and VAT.  However, AA women also had higher intramuscular 

mid-thigh fat (34% higher fat area), 60% lower glucose disposal, and 46% lower insulin 

sensitivity as measured by a euglycemic clamp (Ryan, Nicklas, and Berman, 2002).  

More recently, South African women of African descent had lower VAT and higher SAT 
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than those of European descent, but lower insulin sensitivity as measured by an FSIGT 

(Goedecke et al, 2009).  The deception conveyed by lower central adiposity in AAs is 

also shown with inflammatory markers in a study contrasting 136 AA, 133 HA, and 100 

EA men and women.  AA men and women had lower VAT than HA or EA men and 

women, but despite this they had equivalent levels of C-reactive protein (CRP), IL-6, and 

fibrinogen.  Furthermore, AA women consistently showed greater systemic inflammation 

by these markers than EA women, even after VAT or SAT adjustment (Carroll et al, 

2009).  A potential explanation for persistently more pathogenic obesity in AAs despite 

lower VAT is ethnic differences in VAT physiology.  One example is that the inverse 

relationship between VAT and circulating adiponectin, the potent insulin-sensitizing 

hormone, is reportedly stronger in AAs (Hanley et al, 2007).  Due in part to these 

complications, a trait of unquestionable interest in a GWAS of the IRASFS AAs was 

BMI.  As the current adiposity GWAS efforts (other than our own in HAs) focus on 

European-derived populations, one in the IRASFS AAs would represent a novel 

contribution to obesity genetics.  This is particularly of interest considering the results of 

Chapter IV, which illustrated that the genes underlying BMI in ethnic minorities are not 

necessarily the same as those in EAs (Norris et al, 2009).   

Study Approach.  Because the total IRASFS AA cohort is approximately half the 

size as the HA cohort (n=581 samples for this study), the goal of this initial study was to 

locate candidate BMI genes using methods that would minimize type I error and 

maximize power.  A GWAS using the Affymetrix (Santa Clara, CA) Genome-Wide 

Human SNP Array 6.0 (in excess of 1 million SNPs) was conducted in a subset of the 

IRASFS AAs (n=254).  The PLINK whole-genome analysis toolset was used to run a 
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linear regression on residual BMI values after adjustment for age, gender, and familial 

correlation using SOLAR (Purcell et al, 2007).  The top twenty most BMI associated 

SNPs after data cleaning were annotated.  Those SNPs near or within genes of most 

physiologic relevance to obesity were targeted for genotyping in the entire IRASFS AA 

population.  Non-redundant GWAS SNPs within the same YRI HapMap-visualized LD 

blocks as the top twenty BMI SNPs of MAF>10% and P-value<1x10
-4

 were included in 

Follow-Up genotyping.  Three intronic variants of tomoregulin (TMEFF2), two 

intergenic and one intronic aromatase/gliomedin SNPs (CYP19A1/GLDN), and two 

intronic prolidase (PEPD) SNPs were successfully genotyped using Sequenom iPlex.   

These variants were tested for association in the full IRASFS AA cohort (n=581) 

using the additive model of SOLAR, adjusting for age and gender.  The TMEFF2 SNPs 

rs7597998 and rs2356953 were associated with BMI in the total cohort (P-values are 

1.01x10
-4

 and 2.46x10
-5

), but rs10497727 was not (P-value of .133).  The 

CYP19A1/GLDN SNPs rs7168331 and rs12595284 were also associated with BMI in the 

total IRASFS AA cohort (P-values of 3.63x10
-4

 and 7.48x10
-3

), but not rs12148477 (P-

value of .256).  Finally, the PEPD SNPs rs9676705 and rs11084731 only exhibited a 

trend towards association with BMI (P-values of .0881 and .0653).  The results of the 

IRASFS GWAS were compared to another GWAS for diabetic nephropathy (ESRD 

GWAS) in a subset of southern US AAs (n=966 Cases and 1030 Controls), which also 

used the Affymetrix 6.0 platform, and had BMI as an available phenotype.  No 

association with BMI was observed for any of the prior IRASFS GWAS SNPS of 

interest, but there were variants 20-30 Kb away that were modestly associated in the 

ESRD GWAS.   
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An alternative strategy of identifying BMI QTLs for further dense SNP analysis 

was to consider only SNPs of overlapping BMI association in the IRASFS GWAS and 

the ESRD GWAS.  Therefore, the top 10,000 most BMI-associated variants of both the 

IRASFS GWAS (P-values<.006) and the ESRD GWAS (P-values<.002) were extracted, 

and those SNPs dually associated were matched.  Of the 109 overlapping BMI-associated 

SNPs, 50 were annotated as genic and 59 were within intergenic regions.  A total of 48 

SNPs were successfully genotyped in the entire IRASFS AA cohort, including 41 genic 

SNPs and 7 intergenic SNPs.  The additive model of SOLAR, adjusting for age and 

gender revealed that 16 SNPs were associated with BMI (P-values ranging from 2.52x10
-

4
 to .047).  However, only 9 of these BMI-associated variants exhibited phenotypic 

effects in concordant directions across the IRASFS GWAS, the ESRD GWAS, and the 

full IRASFS AA cohort (P-values of .003 to .047).  Candidate genes; including the 

myeloid/lymphoid or mixed-lineage leukemia; translocated to, 3 (MLLT3), the NCK-

associated protein 1-like (NCKAPL1), the potassium voltage-gated channel, shaker-

related subfamily, beta member 1 (KCNAB1), the Bruno-like 4 (BRUNOL4) gene, and 

the imprinted and ancient gene protein homolog (IMPACT) were identified. 

Materials and Methods 

Subjects.  IRASFS AA subjects were recruited from Los Angeles, CA.  The study 

design, recruitment, and phenotyping are described elsewhere in more detail (Henkin et 

al, 2003; Norris et al, 2005).  Individuals were recruited over a 2.5 year period at the 

clinical center on the basis of large family size, rather than disease phenotype.  Proband 

recruitment required at least four living siblings and five living offspring among the four 

siblings.  The IRASFS clinical examination included an interview, an FSIGT, 
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anthropometric measurements, biomarker quantification, and CT measurement of fat 

depot areas (Norris et al, 2005; Norris et al, 2009; Talbert et al, 2009).  The full IRASFS 

AA cohort for the purposes of this study consisted of 581 subjects.  The subset for the 

AA GWAS was selected to be non-diabetic as per the results of an OGTT and FSIGT 

during the IRASFS clinical exams.  Additionally, because the IRASFS has a dual focus 

on obesity and diabetes, GWAS subjects were recruited so that all in the subset had full 

FSIGT data.  Lastly, a custom script was executed that selected individuals whom would 

be maximally informative for imputation.  The script utilized prior microsatellite 

genotype data from IRASFS genome-wide linkage scanning, including genotyped 

parental generations, and then ~half of the members of sibships with the greatest number 

of progeny.  A total of 257 samples were chosen for the IRASFS AA GWAS, 3 of which 

were lost due to low calling rate, yielding 254 final samples. 

The ESRD GWAS was a case-control study of T2DM ESRD, consisting of 

southern US AA cases of diabetic ESRD and healthy AA controls.  Subjects self-

identifying as African American, born in North Carolina, South Carolina, Georgia, 

Virginia, or Tennessee, were recruited for the T2DM ESRD cases.  The T2DM ESRD 

subjects were unrelated and undergoing hemodialysis in one of three clinics in the 

aforementioned locations. T2DM was diagnosed if patients reported an initial diagnosis 

of diabetes after 35 years of age, received dietary therapy or hypoglycemic agents in the 

absence of insulin alone for at least 1 year after initial diagnosis, and were currently 

receiving diabetes medications (Lewis et al, 2008). Controls were healthy, unrelated 

individuals living in northwestern North Carolina, and denied any family history of 

kidney disease or ESRD.  A history of kidney disease or ESRD was defined as kidney 
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failure, dialysis treatments, or kidney transplantation in first degree relatives.  A total of 

966 Cases and 1030 Controls were included in the ESRD GWAS.  Informed, written 

consent was obtained from all subjects of both GWAS.  Demographics for the IRAFS 

AA GWAS subset, the full IRASFS AA cohort, and the ESRD cases and controls are 

shown in Table X.  Demographic data is presented as mean ± standard deviation, and the 

number of subjects from which it is calculated is clearly denoted.  Where appropriate 

instead, percentages are used to express demographic data.  The farthest left column of 

values represents that for the IRASFS AA GWAS subset, the next from left column 

contains  values for the entire IRASFS AA cohort, the next to the right shows ESRD 

cases, and the final column shows the ESRD controls.  Significant differences in trait 

distribution between the IRASFS AA GWAS subset and the entire cohort were evident, 

but upon selection of the final 581 subjects, this is no longer the case for BMI.  The 

“*”under ESRD cases represents ESRD accompanied by diabetes. 
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Table X 

Demographics of IRASFS AA GWAS Subset and Full Cohort/ESRD Cases and Controls 

n Mean ± SD n Mean ± SD n Mean ± SD n Mean ± SD 

254 581 966 1030

Age (years) 249 45.2 ± 14.7 581 42.9 ± 14.0 61.5 ± 10.5 49 ± 11.9 

Female Gender (%) 146 57.50% 581 59.20% 61% 57.40%

BMI (kg/m
2
) 250 30.1 ± 6.8 576 30.0 ± 6.8 29.7 ± 7.1 30.0 ± 7

T2DM 0 0% 580 11.40% 99%* 0%

Adiposity

Body Mass Index (kg/m
2
) 250 30.1 ± 6.8 618 27.5 ± 5.5 966 29.7 ± 7.1 1030 30.0 ± 7

VAT (cm2) 228 96.2 ± 60.4 593 107.0 ± 58.2 - -

SAT (cm
2
) 228 357.8 ± 193.6 593 324.0 ± 151.6 - -

VSR 221 0.32 ± 0.21 587 0.37 ± 0.22 - -

Waist Circumference (cm) 250 92.3 ± 15.3 619 86.6 ± 12.9 - -

WHR 251 0.83 ± 0.09 619 0.86 ± 0.09 - -

SI (MINMOD) 228 1.59 ± 1.24 500 1.63 ± 1.17 - -

Fasting Insulin 228 14.3 ± 9.0 514 14.4 ± 11.3 - -

Fasting Glucose (mg/dL) 227 95.7 ± 10.0 513 94.6 ± 9.7 - 87 ± 10.9

ESRD Cases ESRD Controls

Glucose Homeostasis 

GWAS Samples 
IRAS-FS African 

Americans 

Subjects 

Demographics 
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Relevant Phenotype Collection.  In the IRASFS, Body Mass Index (BMI, kg/m
2
) 

was obtained from height and weight measurements taken for each subject at the main 

clinical exam.  In the ESRD GWAS, BMI was obtained from self-reported measures for 

cases and controls following recruitment.  The phenotype collection procedure for both 

studies has been described in detail elsewhere (Freedman et al, 1997; Henkin et al, 2003; 

Norris et al, 2005; Sutton et al, 2006).  Adiposity traits collected for IRASFS AA 

participants also included the anthropometric measures waist circumference (WAIST, 

cm) waist-to-hip ratio (WHR).  In addition to anthropometric measures of adiposity, 

measures of adiposity at specific abdominal depots were obtained from computed 

tomography (CT) scanning.  The collected CT-derived measures of adiposity include 

visceral adipose tissue (VAT, cm
2
), subcutaneous adipose tissue (SAT, cm

2
), and visceral 

to subcutaneous ratio (VSR).  Measures of glucose homoeostasis were assessed using the 

frequently sampled intravenous glucose tolerance test (FSIGT), and minimal model 

analyses (MINMOD software program), in order to calculate insulin sensitivity (SI).  

Plasma glucose (GFAST) and insulin (FINS) were also obtained (Pacini and Bergman, 

1986; Henkin et al, 2003; Rich et al, 2004; Norris et al, 2005). 

Blood/DNA Collection.  Genomic DNA was purified from whole blood 

PUREGENE DNA isolation kits (Gentra Inc., Minneapolis, MN, USA.  Quantification of 

the purified DNA was performed by fluorometric assay (Hoefer DyNA Quant 200 

fluorometer; Hoefer Pharmacia Biotech Inc., San Francisco, CA, USA).  All of the 

samples were diluted to a final concentration of 5 ng/μl. 

  IRASFS GWAS Genotyping.  The GWAS platform was the Affymetrix 

Genome-Wide Human SNP Array 6.0 (Santa Clara, CA), executed at Scripps Institute 
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(Florida) using a standard protocol (Gunderson et al, 2006; McCarroll et al, 2008).  The 

SNP arrays are comprised of ~1 million HapMap tagging SNPs with a median inter-

distance of 700 bases.  The genotyping method requires 250 ng of whole genomic 

sequence, which is then digested with Nsp 1 and Sty 1 restriction enzymes.  An adaptor 

oligonucleotide that recognizes the cohesive 4 bp overhangs generated by digestion is 

then administered, binding to fragments of all sizes.  Next, a forward and reverse primer 

set common to all SNP chips is used to amplify the DNA fragments, recognizing the 

adaptor molecules.  The amplified DNA sequence is then fragmented, fluorescently 

labeled, and hybridized to the Affymetrix 6.0 chip.  The chip consists of oligonucleotide 

strands annealed to position-specific points on the array, which bind to the subject’s 

labeled and cleaned whole-genomic fragments.  Fluorescence is emitted when the 

sequence label is chemically activated, which is then read by a GeneChip Scanner 3000 

7G (Affymetrix) to obtain genotypes for all variants.  Genotype analysis was performed 

using the Affymetrix Genotyping Console 3.0 and the Birdseed calling algorithm.  

Birdseed implements a calling by project scheme, which examines fluorescence intensity 

across chips for a given SNP to estimate allele-specific signals.  Following the 

determination of appropriate fluorescent intensity per allele, Birdseed fits Gaussian 

distributions around intensity data clusters in the allele A vs allele B space to call said 

cluster as a genotype (Nishida et al, 2008).  Over 909,000 SNPs were successfully called 

by Genotyping Console 3.0, but ~115 K were lost due to a low MAF (<5%), and another 

~69 K were lost due to a call rate below 95%.  A total of 725,470 variants were sent to 

Wake Forest University’s Public Health Sciences for quality control and analysis. 
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IRASFS GWAS Quality Control.  There were 45 SNPs of ambiguous physical 

location (mapping to more than one position) that were pulled and analyzed separately.  

The genotypes were evaluated for Mendelian inconsistencies by PEDCHECK, and those 

individuals with unexplainable conflicts were discarded (O’Connell and Weeks, 1998).  

There were 2,554 duplicated SNPs in the dataset, 41 of which had a concordance rate of 

<98%.  For those duplicates not discarded due to a low concordance rate, the duplicate 

with the highest calling rate and/or genotyping completeness was analyzed.  A range of 

QC metrics was applied to compare the results of the two different Affymetrix enzymes 

used in genotyping (Kraemer, 1980).  Those variants not genotyping well or clustering 

similarly between the two enzymes were discarded.  Fingerprinting was conducted 

between the Affymetrix 6.0 and the Sequenom iPlex genotyping platform, which is that 

used in this experiment to genotype select variants in the full IRASFS AA cohort.  A 

selection of 89 SNPs was genotyped in Sequenom iPlex and the results were compared to 

the genotypes from Affymetrix 6.0 to reveal >95% concordance.  Departure from HWE 

was tested using a Chi-squared exact test in 45 unrelated individuals of the IRASFS AA 

cohort.  A total of ~19 K GWAS SNPs departed from HWE, but this is based on a small 

sample size.  Following quality control procedures, 692,923 autosomal SNPs were tested 

for association with BMI. 

IRASFS AA GWAS Analysis.  A “first pass” analysis method was executed using 

PLINK, which implements a linear regression.  Prior to PLINK BMI association analysis, 

the SOLAR program generated residual BMI values after adjustment for age, gender, and 

familiar relationship.  Only those GWAS SNPs with a prior MAF of greater than 5% and 

a HWE P-value of greater than .001 were analyzed.  The PLINK output file was input 
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into the Haploview program for graphical output of the BMI results, which is depicted 

below in Figure 9 (Barret et al, 2005; Purcell et al, 2007).  Each individual data point 

represents a SNP.  The Y-axis includes the negative logarithm of P-values and the X-axis 

shows chromosome by color.  The horizontal blue line corresponds to a P-value of .001 

and the red line corresponds to a P-value of 1x10
-5

.  SNPs of interest genotyped in the 

entire IRASFS AA cohort for the initial follow-up experiment are circled, and the genes 

they are near or within are above. 
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Figure 9 

Haploview Output of PLINK Results for BMI Association in the IRASFS AA GWAS 

 

IRASFS AA GWAS Follow-Up SNP Selection.  Of the 20 most associated BMI 

SNPs, 7 were genic, and 13 were intergenic.  The genes harboring or near the 7 genic 

SNPs were evaluated for physiologic relevance to obesity using PubMed literature 

searches.  Three candidate genes were selected, including TMEFF2 (2 SNPs), CYP19A1 

(1 SNP), and PEPD (1 SNP).  The 4 GWAS SNPs associated with these genes were 

genotyped in the entire IRASFS AA cohort using the Sequenom iPlex platform, but prior 

to this, they were supplemented with other variants within the same LD blocks.  YRI 
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genotype data was downloaded from the International HapMap Project and the haplotype 

blocks around the IRASFS GWAS SNPs of interest were visualized using Haploview.  

Other GWAS-genotyped tagging SNPs in the same LD blocks as the SNPs of interest of 

MAF >10% and P-values < 1x10
-4

 were selected.  Thus, a total of 4 intronic TMEFF2 

SNPs, 3 intergenic/intronic GLDN/CYP19A1 SNPs, and 3 intronic PEPD SNPs were 

carried forward for genotyping and analysis. 

IRASFS AA GWAS Follow-Up Genotyping.  The end result of the high-

throughput procedure is PCR products that are designed to “tag” one of the alleles of a 

SNP with a heavier molecular mass than the other allele.  After creating PCR products 

with easily distinguishable allele-specific masses for each SNP, the products are read in a 

MALDI-TOF mass spectrometer.  Primers for amplification and the subsequent PCR 

extension reactions were designed using MassArray 3.0 assay design software 

(Sequenom Inc., San Diego, CA), which checks genomic sequence provided by the 

SNPPer database (http://snpper.chip.org/) for all known PCR incompatibilities.  NCBI 

Blast searches were used to confirm primer specificity before they were ordered from 

Integrated DNA Technologies (IDT, Coralville, IA).  In order to reduce pipette transfer 

errors, a Biomek FX robot (Beckman Coulter Inc., Fullterton, CA) was employed for 

nearly all PCR-plate loading procedures.  The robot transfer protocol utilizes disposable 

pipette tips and interspersed automated washing steps to minimize DNA contamination 

risk.  The iPlex MassARRAY SNP genotyping system (Sequenom Inc., San Diego, CA) 

utilizes a PCR and mass spectrometry protocol, which is extensively characterized 

elsewhere (Buetow et al, 2001).  Briefly, the genomic region containing each SNP is PCR 

amplified using a 5-ul reaction that contains 1x Hot Start Taq PCR buffer, MgCl2, 

http://snpper.chip.org/
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dNTPs, .1 U Hot Start Taq polymerase (Qiagen, Valencia, CA), each forward and reverse 

primer quartile (Integrated DNA Technology, Coralville, IO), and 10 ng genomic DNA.  

The resultant products from the amplification step are treated with shrimp alkaline 

phosphatase (SAP) in order to inactivate unincorporated dNTPs and PCR primers.  After 

SAP treatment, the mass tagging single base extension PCR reaction utilizes provider-

determined units of iPlex terminator, buffer, and polymerase enzyme.  Before loading the 

completed and mass tagged PCR products into the spectrometer, a resin step is used to 

remove any impurities or salts.  Following MALDI-TOF spectrometry, the resultant mass 

spectra had their genotypic identity determined automatically by SpectroTyper software 

(Sequenom), and each spectrum was inspected manually for contamination and/or 

genotyping error (suspicious samples are discarded).  Additional quality controls were 

present in the form of “QC samples” and water blanks that were incorporated randomly 

into each PCR plate.  QC samples are PCR wells where duplicate DNA samples have 

been placed in a blinded fashion, and these duplicate DNA samples would subsequently 

have had the same genotype after PCR.  Intuitively, water blanks are randomly inserted 

samples of water in the PCR plate that should not yield an amplifiable genotype.  Finally, 

any 384 sample PCR plate that does not achieve at least 90% success is discarded and re-

genotyped.  Likewise, any individual genotyped SNP that does not achieve more than 

90% efficiency is discarded. 

IRASFS AA GWAS Follow-Up Analysis.  Maximum likelihood estimates of 

allele frequencies were computed using the largest set of unrelated individuals (n=45) and 

tested for departures from HWE proportions using a chi squared goodness of fit test.  

Each of the evaluated SNPs was examined for Mendelian inconsistencies in their 
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genotypes using PEDCHECK.  Any genotypes inconsistent with Mendelian inheritance 

and not resolved by examination of the genotyping data were converted to missing 

(Talbert et al, 2009; Norris et al, 2009).  The successfully genotyped SNPs were analyzed 

for genetic association with BMI using the additive model of SOLAR.  The SOLAR 

association for BMI was adjusted for age and gender.  When necessary, quantitative traits 

were transformed to approximate the distributional assumptions of SOLAR (e.g. 

conditional normality and homogeneity of variance).   

IRASFS AA GWAS vs ESRD GWAS Comparison.  The availability of the ESRD 

GWAS, whose subjects were also genotyped using the Affymetrix 6.0 platform, enabled 

side by side comparison of the BMI association results.  BMI association in the ESRD 

GWAS was determined for each SNP using the linear regression function of PLINK, 

adjusting for age, gender, and center.  BMI association results for the 8 SNPs 

successfully genotyped in the IRASFS AA GWAS Follow-Up (near TMEFF2, 

CYP19A1, and PEPD) were extracted.  ESRD GWAS SNPs with lower P-values for 

BMI (P-value<.10) 20-30 Kb from these same SNPs of interest were also extracted for 

comparison.   

IRASFS AA GWAS vs. ESRD GWAS Overlap.  A second method of localizing 

BMI QTLs is to only consider those SNPs of highest magnitude of association in both the 

IRASFS AA GWAS and the ESRD GWAS.  The results of both GWAS were sorted from 

lowest P-value to highest P-value, and the top 10,000 most associated SNPs were 

extracted.  Using a custom script, the variants dually associated with BMI in both GWAS 

were identified.  The 109 SNPs identified in this way were annotated using the SNPper 

database (http://snpper.chip.org).   

http://snpper.chip.org/
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BMI Overlap SNP Selection.  In order to maximize power and minimize type I 

error in the identification of candidate genes for further study, it was elected to focus on 

overlapping genic SNPs.  All possible genic SNPs were included in Sequenom assay 

design, as well as the 9 most associated intergenic SNPs.  Of the 109 SNPs that 

overlapped in BMI association in both GWAS (50 genic and 59 intergenic), 41 genic 

SNPs and 7 intergenic SNPs were successfully genotyped.   

BMI Overlap SNP Genotyping.  The Sequenom iPlex genotyping procedure used 

for overlapping BMI SNPs has been described previously in this and other chapters, and 

is identical to the procedure used for the IRASFS GWAS Follow-Up. 

BMI Overlap SNP Analysis.  The SOLAR-based analysis procedure and quality 

control measures used for the overlapping BMI SNPs has been described several times, 

and is also identical to the procedure used for the IRASFS GWAS Follow-Up. 

Results 

 This chapter has described two different approaches to identify promising BMI 

candidates from the results of the IRASFS AA GWAS.  In the first approach, the results 

of a GWAS in a subset of the IRASFS AAs (n=254) were prioritized on the basis of P-

value magnitude and proximity to a physiologically relevant gene.  In the GWAS Follow-

Up, 9 SNPs of interest within or near the TMEFF2, GLDN/CYP19A1, and PEPD genes 

were successfully genotyped in the entire IRASFS AA cohort (n=581).  In the second 

approach, the results of the IRASFS AA GWAS for BMI (n=254) were compared to the 

results of the ESRD GWAS (n=966 cases and 1030 controls), and the overlapping most 

associated SNPs were identified.  Those SNPs in the top 10,000 most associated of both 

GWAS, and near or within genes, were given first priority.  This prioritization led to the 
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successful genotyping of 41 genic SNPs and 7 intergenic SNPs in the entire IRASFS 

cohort.  These results have identified multiple BMI QTLs for validation and further 

analysis in other AA cohorts.   

 IRASFS AA BMI GWAS Results.  The IRASFS AA BMI GWAS was conducted 

in a subset of the full cohort and analyzed with the linear regression function of PLINK.  

The 20 most associated BMI SNPs are shown in Table XI.  The far left column shows the 

SNP’s chromosome, the next from left shows its rs designation, the next shows its 

physical position, and the Alleles column contains the alleles for each SNP.  The Gene 

column contains the gene symbol if the BMI-associated SNP was near or within a gene.  

The Role column notes the character of each of the associated SNPs based on its location 

within a gene.  The final column on the right contains the PLINK additive model P-value 

describing the relationship of the SNP with BMI.  SLC44A5 is the solute carrier family 

44 member 5 and CCDC41 is the coiled-coil domain containing 41.   
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Table XI 

Most Significantly Associated BMI SNPs of the IRASFS AA GWAS 

Chr Rs Number SNP Position Alleles Gene(s) Role P-values

18 rs8089478 47175131 C/T 2.04E-08

14 rs17094431 84946785 A/G 7.16E-08

2 rs4644972 192740157 C/T TMEFF2 Intron 1.13E-07

2 rs2356953 192742587 C/G TMEFF2 Intron 3.35E-07

1 rs1249658 75562637 C/T SLC44A5 Intron 4.80E-07

1 rs1249833 75595672 A/G SLC44A5 Intron 5.09E-07

4 rs6835165 37370671 C/T 5.30E-07

2 rs16863231 222540592 C/T 8.91E-07

2 rs7556876 172218315 C/T 9.54E-07

7 rs13226163 202042 G/T 1.05E-06

12 rs7303686 93281957 C/T CCDC41 Intron 1.08E-06

1 rs10918659 165423677 C/T 1.21E-06

8 rs10108640 14957836 C/G 1.25E-06

8 rs6996197 14961912 A/G 1.28E-06

20 rs6109816 1333863 C/T 1.80E-06

8 rs10503528 14971700 C/G 1.88E-06

15 rs7168331 49408275 C/G CYP19A1 Intron 2.48E-06

2 rs721301 181095510 C/T 2.66E-06

4 rs10857277 155779445 A/G 2.98E-06

19 rs4362488 38606784 A/G PEPD Intron 3.44E-06  
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Priority was given to those SNPs near or within genes with physiologic relevance to 

obesity for immediate follow-up.  The TMEFF2 SNPs rs4644972 and rs2356953 were 

associated with BMI (P-values are 1.13x10
-7

 and 3.35x10
-7

), and were the most highly 

associated genic SNPs.  TMEFF2 is located on chromosome 2q32-33, is 245 Kb in size, 

and consists of 10 exons, but both variants lie within Intron 4.  The gene is known as 

tomoregulin, but its symbol denotes its alternate designation, the transmembrane protein 

with EGF-like and two follistatin-like domains 2 gene (Uchida et al, 1999).  TMEFF2’s 

expression is associated with androgen levels; and it is highly expressed in brain cancers, 

prostate cancers, other squamous cell cancers, and Alzheimer’s plaques (Quayle and 

Sadar, 2006; Siegel et al, 2006; Tsunoda et al, 2009).  TMEFF2’s function is to promote 

cellular survival or proliferation via epidermal growth factor receptors, and it performs 

this role in hippocampal and mesencephalic neurons (Horie et al, 2000; Normanno et al, 

2001; Penning et al, 2006).  Mouse knockouts of TMEFF2 demonstrate 85% retarded 

growth and they die shortly after weaning with empty stomachs, which could be related 

to the gene’s high expression in neurons innervating mastication and swallowing 

(Kanemoto et al, 2001).  Two additional Affymetrix 6.0-typed TMEFF2 SNPs were 

associated with BMI (P-value<1x10
-4

), and had MAF of >10%, and so 4 variants were 

carried forward for follow-up genotyping in the full cohort.  The SNP rs4644972 returned 

excessive Mendelian inconsistencies and was not successfully typed, yielding results for 

3 intronic TMEFF2 SNPs (rs2356953, rs7597998, rs10497727).   

 The CYP19A1 SNP rs7168331 was associated with BMI (P-value 2.48x10
-6

).  

CYP19A1 is located on chromosome 15q21 (129 Kb, 10 exons), and rs7168331 is 

located within Intron 1.  The gene is alternatively known as aromatase and cytochrome 
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P450, family 19.   Aromatase is a well characterized enzyme complex that catalyzes the 

aromatization of androgens in the rate-limiting step of their conversion to estrogen.  In 

humans, estrogen is locally produced by adipocytes and the hypothalamus through 

aromatase.  Estrogen exhibits cross-talk with leptin signaling through estrogen receptor-

mediated activation of the STAT3 transcription factor, which results in metabolic effects 

and anorexigenic effects.  CYP19A1 is also key in the observed correlation between 

obesity and breast cancer, as estrogen can act as a growth factor for certain tumor types 

(Gao and Horvath, 2008).  Mice with disruption of CYP19A1 production cannot make 

endogenous estrogen and accumulate abdominal fat due to reduced activity, reduced 

glucose oxidation, and decreased lean mass.  CYP19A1 knockout mice also have extreme 

fatty liver disease.  Similar phenotypes have been observed in humans with congenital 

aromatase deficiencies (Fisher et al, 1998; Simpson and Jones, 2006; Hill and Boon, 

2009).  Two additional Affymetrix 6.0-typed CYP19A1 SNPs were associated with BMI 

(P-value<1x10
-4

, MAF of >10%), and so 3 variants were carried forward for follow-up 

genotyping in the full cohort.  However, 2 of the 3 variants were within the first intron of 

GLDN, and inside a large YRI haplotype block that encompasses the first intron of 

CYP19A1.  CYP19A1 and GLDN are in a head-to-head configuration with GLDN being 

transcribed in the sense direction.  The GLDN protein mediates Schwann cell-axon 

interaction during myelination and assembly of the nodes of Ranvier, which are critical in 

neurotransmission (Eshed et al, 2005).  Therefore, one CYP19A1 SNP (rs7168331) and 

two GLDN SNPs (rs12148477 and rs12595284) were carried forward in the follow-up 

and successfully genotyped in the entire IRASFS AA cohort. 
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 The PEPD SNP rs4362488 was also associated with BMI (P-value is 3.44x10
-6

).  

PEPD is on chromosome 19q13 (135 Kb, 15 exons), and rs4362488 is located within 

Intron 9.  The gene is called both peptidase D and prolidase, which functions to split 

iminodipeptides with C-terminal prolines or hydroxyprolines, as is important in collagen 

metabolism.  Extracellular matrix components such as collagen IV purportedly have a 

role in insulin secretion, and increased collagen IV degradation by PEPD has been shown 

in diabetic patients (Yuan et al, 2006; Kaido et al, 2006; Takeuchi et al, 2009).  

Deficiency in PEPD causes build-up of proline-containing polypeptides, which has been 

observed in a number of Mendelian diseases.  The symptoms of proline excess include 

mental retardation, bone demineralization, skin lesions, and early-onset obesity (Powell, 

Rasco, and Maniscalco, 1974; Endo and Matsuda, 1991; Wang et al, 2006).  Two 

additional Affymetrix 6.0-typed PEPD SNPs were associated with BMI (P-value<1x10
-4

, 

MAF of >10%), and so 3 variants were carried forward for follow-up genotyping in the 

full cohort.  However, the GWAS PEPD SNP of interest rs4362488 exhibited 

incompatibilities with Sequenom multiplexing.  Thus, 2 Intron 9 PEPD SNPs were 

successfully genotyped in the Follow-Up (rs9676705 and rs11084731).    

IRASFS AA BMI GWAS Follow-Up Results.  In total, 3 TMEFF2 SNPs, 3 

CYP19A1/GLDN SNPs, and 2 PEPD SNPs originally associated in the IRASFS AA 

GWAS were genotyped in the full IRASFS AA cohort.  There were no departures from 

HWE.  The association results for the Follow-Up genotyping under the additive model of 

SOLAR and adjusting for age and gender are shown in Table XII.   The far left column 

shows the gene_SNP designation, the next from left shows the SNP’s chromosome and 

position, the next shows the SNP’s alleles, the next shows the MAF.  The right-most 
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three columns contain the IRASFS AA GWAS additive P-value (“bmi_gwa,” n=254), the 

IRASFS Follow-Up subjects’ additive P-value (“bmi_rep,” n=327), and the full IRASFS 

AA cohort’s additive P-value (“bmi_comb,” n=581).  A bolded P-value indicates 

association, while an italicized P-value indicates a trend towards association. 
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Table XII 

IRASFS AA BMI GWAS Follow-Up Association Results 

SNP Designation Position Alleles MAF bmi_gwa bmi_rep bmi_comb

TMEFF2_rs7597998 chr2:192740600 C/T 0.25 7.22E-03 5.74E-04 1.01E-04

TMEFF2_rs2356953 chr2:192742587 C/G 0.16 4.96E-05 1.96E-03 2.46E-05

TMEFF2_rs10497727 chr2:192766083 C/T 0.07 2.12E-04 0.852 0.133

PEPD_rs9676705 chr19:38598604 A/G 0.49 1.10E-03 0.963 0.088

PEPD_rs11084731 chr19:38606005 A/T 0.46 4.75E-04 0.778 0.065

CYP19A1_rs7168331 chr15:49408275 C/G 0.47 1.59E-04 2.56E-02 3.63E-04

GLDN_rs12148477 chr15:49440411 A/G 0.29 0.040 0.689 0.256

GLDN_rs12595284 chr15:49443054 C/G 0.41 1.12E-03 0.275 7.48E-03  
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The TMEFF2 SNPs rs7597998 and rs2356953, as well as the CYP19A1 SNP 

rs7168331, were associated with BMI in the IRASFS AA GWAS, Follow-Up, and full 

cohort.  Of these, only TMEFF2’s rs7597998 exhibited the desired effect of increasing 

magnitude of association with increasing sample size.  For the unmentioned variants, no 

association with BMI is observed in either the replication set or in the full cohort, which 

suggests that the GWAS associations may have been Type I errors.  In order to overcome 

the limitations of a small sample size, the results of the IRASFS AA GWAS Follow-Up 

genotyping were compared to the results of the ESRD GWAS (n=1996, including 1030 

healthy southern US AA controls and 966 southern US AA cases with T2DM ESRD).  

Therefore, BMI association data for GWAS-genotyped SNPs that were annotated as part 

of TMEFF2, CYP19A1, or PEPD was extracted from the ESRD GWAS if any one P-

value (for cases, controls, or full cohort) was .10 or less.  The results of this comparison 

are show in Table XIII.  The chart includes those SNPs with a P-value <.10 for either the 

Cases, Controls, or Combined ESRD GWAS cohorts that were annotated as part of 

TMEFF2, CYP19A1, and PEPD.  Shading in the far left column means that this SNP was 

genotyped in the IRASFS AA GWAS Follow-Up, while if the SNP is not shaded it was 

an Affymetrix 6.0-genotyped SNP.  The next column from left contains the role of each 

SNP, and the next from left contains the physical distance in base pairs from the SNP just 

above it in the table.  The “BMI All” column contains the additive PLINK P-value for 

BMI in the entire ESRD GWAS population (n=1996), the “BMI Cases” column shows 

the same for the T2DM ESRD cases (n=966), and the “BMI Controls” column shows the 

same for the healthy ESRD GWAS controls (n=1030).  The “IRASFS GWAS” column 

contains the additive PLINK P-value for BMI in the IRASFS GWAS subset (n=254), and 
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a “.” in this column represents no association.  Meanwhile, the “IRASFS Combined” 

column shows the same for the entire IRASFS AA cohort (n=581), and a “-“ means that 

the SNP was not genotyped in the entire IRASFS 
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Table XIII 

Affymetrix 6.0 BMI SNPs: IRASFS AA GWAS and the ESRD GWAS Comparison 

SNP Role

Distance 

from Last MAF BMI All

BMI 

Cases

BMI 

Controls

IRASFS 

GWAS

IRASFS 

Combined

TMEFF2_rs13401750 Intron ** 0.17 0.011 0.13 0.034 . -

TMEFF2_rs2356757 Intron 1012 0.2 0.001 0.015 0.034 . -

TMEFF2_rs13415196 Intron 2327 0.27 0.086 0.972 0.017 0.011 -

TMEFF2_rs7597998 Intron 16500 0.26 0.818 0.503 0.722 6.10E-03 1.01E-04

TMEFF2_rs2356953 Intron 1987 0.14 0.347 0.404 0.607 3.35E-07 2.46E-05

TMEFF2_rs10497727 Intron 23496 0.05 0.613 0.344 0.804 9.99E-05 0.133

CYP19A1_rs2008691 Intron ** 0.41 0.134 0.007 0.521 0.017 -

CYP19A1_rs7168331 Intron 72673 0.41 0.366 0.737 0.332 2.48E-06 3.63E-04

CYP19A1_rs6493497 Promoter 9852 0.27 0.096 0.056 0.654 0.006 -

GLDN_rs12148477 Intron 22284 0.24 0.858 0.461 0.596 1.45E-04 0.256

GLDN_rs12595284 Intron 2643 0.49 0.216 0.285 0.52 1.55E-05 7.48E-03

PEPD_rs8103773 Intron ** 0.23 0.009 0.11 0.03 0.037 -

PEPD_rs9676616 Intron 6744 0.27 0.014 0.052 0.109 0.021 -

PEPD_rs9676705 Intron 111 0.49 0.32 0.077 0.695 2.46E-05 0.088

PEPD_rs12977061 Intron 337 0.2 0.12 0.526 0.098 0.01 -

PEPD_rs11084731 Intron 7064 0.48 0.47 0.315 0.97 7.01E-06 0.065

PEPD_rs6510383 Intron 4622 0.45 0.142 0.4 0.205 . -

PEPD_rs6510387 Intron 45688 0.16 0.011 0.116 0.035 . -

PEPD_rs33838 Intron 45257 0.11 0.039 0.022 0.529 . -
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A primary observation is that none of the SNPs genotyped in the IRASFS AA 

GWAS Follow-Up are associated with BMI in the ESRD GWAS.  Furthermore, there are 

no SNPs universally associated with BMI in the ESRD Cases, ESRD Controls, and 

IRASFS GWAS.  However, there were variants ~20-30 Kb away from those genotyped 

in the IRASFS AA GWAS Follow-Up that were associated in one of the ESRD GWAS 

cohorts, and were in low inter-SNP r
2
.  This phenomenon is most apparent for PEPD 

SNPs rs8103773 and rs9676616, which were associated in the full ESRD population (P-

values are .009 and .014), trending in the ESRD Cases (P-values are .11 and .052), 

associated or trending in the ESRD Controls (.03 and .109), and associated in the 

IRASFS GWAS (P-values of .037 and .021).   

IRASFS AA BMI GWAS vs ESRD GWAS Overlap Results.  An alternative 

hypothesis was that SNPs associated with BMI in both GWAS would also be likely 

associated in the IRASFS Follow-Up, and would thus mark targets for further study.  

Therefore, the top 10,000 most BMI-associated SNPs from both GWAS were extracted, 

and those overlapping variants were annotated.  A total of 41 GWAS-overlapping genic 

SNPs and 7 intergenic SNPs were genotyped in the entire IRASFS AA cohort.  The 

results of this genotyping are presented in Table XIV.  There were no departures from 

HWE for the overlapping SNPs.  Each SNP’s designation, gene symbol, 

chromosome_position, IRASFS AA cohort-genotyped MAF, and genomic role are 

depicted starting at farthest left and proceeding right.  The “IRASFS GWAS” column 

shows the PLINK linear regression P-value in the IRASFS GWAS subset (n=254), which 

was run on residual BMI adjusted for age, gender, and familiar correlation.  The “ESRD 

GWAS” column shows the PLINK linear regression P-value in the combined ESRD 
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GWAS population (n=1996), which was run on BMI adjusted for age, gender, and center.  

The “IRASFS Combined” column depicts the results of SOLAR additive model 

association adjusting for age and gender following genotyping of each SNP in the full 

IRASFS AA cohort (n=581).  A bolded P-value indicates association with BMI, an 

italicized P-value indicates a trend towards association, and a “.” means there was no 

association.  A “Yes” in the final “Directionality” column means that the additive effect 

exhibited by the SNP in the full ESRD GWAS cohort and the full IRASFS AA cohort 

was in the same direction.  However, an “*” beside of a “Yes” means that the SNP’s 

phenotypic effect did not strictly adhere to an additive model, either due to a lack of 

minor allele homozygotes for rs677688 or due to unusual departure from linearity for 

rs256001.  A “No” in the “Directionality” column means that the direction of phenotypic 

effect under the additive model was opposed in the full ESRD GWAS cohort and full 

IRASFS AA cohort.  
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Table XIV 

Follow-Up of BMI-associated SNPs: IRASFS AA and the ESRD GWAS Overlap 

SNP Gene Position MAF Role

IRASFS        

GWAS

ESRD    

GWAS

IRASFS    

Combined Directionality

rs2186104 SLC35F3 chr1:232168163 0.19 Intron 1.72E-04 1.03E-03 2.50E-04 No

rs2656173 CNTN5 chr11:98827259 0.16 Intron 1.17E-03 7.27E-04 4.18E-04 No

rs11825743 Intg chr11:128952735 0.18 - 4.11E-04 7.27E-04 0.002 No

rs7866409 MLLT3 chr9:20340254 0.43 Intron 4.38E-03 1.23E-04 0.003 Yes

rs7972594 Intg chr12:11616181 0.46 - 4.99E-03 6.56E-05 0.003 No

rs36106587 SORCS2 chr4:7607381 0.11 Intron 3.88E-03 6.92E-04 0.004 No

rs17022190 MGC34824 chr2:38263348 0.16 Downstream 5.81E-03 6.82E-05 0.005 Yes

rs4345206 LOC152485 chr4:146985986 0.37 Intron 9.67E-04 4.96E-04 0.006 Yes

rs4759088 NCKAP1L chr12:53210771 0.37 Intron 1.32E-03 6.92E-04 0.007 Yes

rs256001 HSPA9B chr5:137921324 0.06 Intron 4.99E-03 1.71E-04 0.015 Yes*

rs783622 HIVEP3 chr1:42139575 0.46 Intron 1.80E-03 6.00E-04 0.017 Yes

rs10048364 BRUNOL4 chr18:33259479 0.23 Intron 1.70E-03 1.95E-04 0.019 Yes

rs6770663 KCNAB1 chr3:157514872 0.37 Intron 3.40E-04 3.14E-04 0.021 Yes

rs1875208 GRIN2A chr16:9966151 0.17 Intron 2.66E-03 1.03E-03 0.023 No

rs6942412 AMPH chr7:38591495 0.39 Intron 5.07E-03 1.14E-03 0.028 No

rs677688 IMPACT chr18:20274541 0.12 Non-syn:151L/V 3.01E-03 2.52E-04 0.047 Yes*

rs17077095 EXOSC7 chr3:44989478 0.12 Promoter 5.06E-03 3.60E-04 0.065 No

rs7928484 Intg chr11:15256698 0.35 - 1.70E-03 1.20E-03 0.068 Yes

rs7969930 GLIPR1 chr12:74153832 0.24 Promoter 5.63E-03 2.41E-04 0.073 Yes

rs11044375 Intg chr12:19038697 0.32 - 1.76E-03 1.39E-03 0.089 No

rs6893149 GABRA6 chr5:161035720 0.26 Promoter 7.46E-04 1.14E-03 0.09 Yes

rs10503812 EPHX2 chr8:27444116 0.44 Intron 2.53E-03 1.05E-04 .

rs10899545 NARS2 chr11:77928019 0.36 Intron 4.17E-04 1.03E-03 .

rs11237522 NARS2 chr11:77887527 0.41 Intron 1.96E-03 8.27E-05 .

rs11890736 CTNNA2 chr2:80670311 0.2 Intron 5.88E-03 2.63E-04 .

rs1195862 Intg chr1:81449778 0.47 - 1.17E-03 1.55E-03 .

rs12487889 KCNMB2 chr3:179912799 0.14 Intron 4.85E-04 7.65E-05 .

rs12564769 HIVEP3 chr1:41817604 0.27 Intron 2.31E-03 8.95E-05 .

rs12621138 CYBRD1 chr2:172086291 0.39 Promoter 2.67E-03 2.12E-04 .

rs1497335 SEMA3E chr7:83074375 0.13 Intron 2.39E-03 7.96E-05 .

rs16849934 IL8 chr4:74819537 0.1 Promoter 1.70E-03 9.77E-04 .

rs16887163 SMOC2 chr6:168720336 0.09 Intron 4.44E-03 1.47E-03 .

rs17032883 ATP2B2 chr3:10453289 0.09 Intron 2.72E-03 1.20E-03 .

rs17068454 LRCH1 chr13:46075704 0.05 Intron 4.53E-03 1.39E-03 .

rs17069495 CSMD1 chr8:4060341 0.18 Intron 4.43E-03 6.60E-04 .

rs1751027 ABCC4 chr13:94651871 0.15 Intron 5.09E-03 3.26E-05 .

rs1880271 LRRC16 chr6:25409385 0.15 Intron 1.10E-03 9.29E-04 .

rs2379232 Intg chr10:133774164 0.27 - 3.05E-03 4.96E-04 .

rs3024858 STAT4 chr2:191633921 0.28 Intron 3.98E-04 8.84E-04 .

rs536830 KCNA4 chr11:29987012 0.19 Downstream 1.43E-03 9.29E-04 .

rs633802 UTRN chr6:144646156 0.24 Promoter 1.65E-04 1.63E-03 .

rs6424957 C1orf21 chr1:182812249 0.09 Intron 3.62E-03 1.63E-03 .

rs6803985 ST6GAL1 chr3:188252103 0.37 Intron 3.09E-03 2.03E-04 .

rs6908849 COL19A1 chr6:70880403 0.3 Intron 5.90E-03 8.84E-04 .

rs7093992 Intg chr10:133022022 0.19 - 4.46E-03 3.01E-04 .

rs7861117 FREM1 chr9:14901082 0.11 Promoter 3.91E-03 3.29E-04 .

rs9535565 GUCY1B2 chr13:50537273 0.18 Intron 5.29E-03 3.14E-04 .

rs9844683 PAQR9 chr3:144155459 0.08 Downstream 4.19E-03 4.52E-04 .  
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Of the 16 SNPs associated with BMI in both GWAS and the IRASFS AA full 

cohort, 9 are in the same direction, and all of these are within or near genes.  The SNP 

rs7866409 was located within Intron 10 of MLLT3 on chromosome 9 (P-values ranged 

from 1.23x10
-4

 to .003).  MLLT3 is best known for its involvement in leukemia, where it 

is demonstrably involved in translocations to form proliferative fusion genes and other 

cytogenetic abnormalities (Soler et al, 2008).  However, for undifferentiated cord blood 

cells in which MLLT3 was knocked down, the gene was required for the derivation of 

erythroid and megakaryocytic cell lines.  Mutagenesis of MLLT3 primarily alters its 

transcriptional activity, and its overexpression causes a favored output of erythrocytes 

and megakaryocytes in hematopoietic cells.  There is evidence for binding of MLLT3 to 

the response elements for characterized erythropoietic transcription factors, such as 

GATA1 (Pina et al, 2008).  Related family members like GATA2 and GATA3 inhibit 

PPAR-γ, and it is through their suppression that terminal differentiation of preadipocytes 

occurs in white adipose (Tong et al, 2000).  It is currently unclear if MLLT3 is directly 

linked to transcription of GATA2 or GATA3, but a physiologic function in energy 

homeostasis via effects on adipogenesis is possible.  Indeed, GATA family members 

have shown functional overlap, with GATA2 reinforcing the development of 

megakaryocytes in cells deficient in GATA1 (Huang et al, 2009).   

 Rs17022190 was located in the 3’ downstream region and rs4345206 was located 

within an intron of hypothetical genes, of which nothing is known.  The SNP rs4759088 

was located within Intron 22 of NCKAP1L on chromosome 12 (P-values range from 

6.92x10
-4

 to .007).  NCKAP1L is also known as Hematopoietic Protein 1 (HEM1) and is 

expressed solely in cells of hematopoietic origin (Baumgartner et al, 1995).  NCKAP1L 
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is an indispensable cofactor for the Scar/WAVE complex, which is required for actin 

polymerization during leading edge protrusion in mobile cells.  NCKAP1L (and its 

immediate binding partners) is organized by cellular processes into pulsatile waves that 

proceed across the cell, carrying its cofactors along with it upon binding them, and thus a 

wake of actin polymerization.  Once NCKAP1L reaches the cell surface, it is removed by 

the same actin complexes that it aided in forming.   NCKAP1L’s indirect interaction with 

actin may also mean it is of overall importance in cell shape (Weiner et al, 2007).  

Though no direct connection to human obesity is apparent, NCKAP1L SNPs were part of 

a haplotype cloned from bacterial artificial chromosomes that was associated with lower 

carcass fat in bovines (Stone et al, 2005).   

The SNP rs256001 is located in Intron 13 of HSPA9B, is relatively uncommon 

(MAF of 6% in the IRASFS), and showed departure from additive model linearity due to 

lack of minor allele homozygotes (P-values ranged from 1.71x10
-4

 to .015).  HSPA9B is 

known as mortalin or heat shock 70kDa protein 9 and is on chromosome 5, functioning in 

the control of cellular proliferation and the stress response.  One of its essential roles is to 

act as a protein chaperone for the mitochondria, while also able to target proteins for 

ubiquitin-mediated degradation (Kaul, Deocaris, and Wadhwa, 2007).  Outside of the 

mitochondria, mortalin is induced by mild stressors like calorie restriction, exercise, or 

glucose deprivation, as can be common in dieting obese subjects (Gonzalez et al, 2000; 

Mattson, 2000; Gao et al, 2003; Um et al, 2003; Kaul, Deocaris, and Wadhwa, 2007).  

Mortalin regulates trafficking of cellular proliferation modulators like fibroblast growth 

factor-1, internalizes inflammatory cytokine receptors and the membrane attack complex, 

binds to post-translational modification agents, suppresses apoptosis, and reduces levels 
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of reactive oxygen species (Mizukoshi et al, 1999; Sacht et al, 1999; Wadwha et al, 2003; 

Liu et al, 2005; Pilzer and Fishelson, 2005; Kaul, Deocaris, and Wadhwa, 2007).  In 

T2DM, HSPA9B expression is reduced despite hyperglycemia and increased reactive 

oxygen species (Kaul, Deocaris, and Wadhwa, 2007).  Altered expression or function of 

this gene could contribute to changes in BMI due to an affected response to lifestyle-

related changes in biochemistry or modified regulation of obesity’s self-perpetuating 

inflammatory processes. 

  Rs783622 is within Intron 4 of the HIVEP3 (Human immunodeficiency virus 

type I enhancer-binding protein 3) gene on Chromosome 1, which is also called ZAS3 (P-

values ranged from 6.0x10
-4

 to .017).  The gene encodes a large dual zinc finger protein 

that binds to many different types of DNA sequences, notably the κB motif, which 

resides within the promoter and enhancer regions of genes and viruses (including HIV).  

The types of genes that harbor κB motifs are usually involved in immunity, 

inflammation, or growth.  Notably, HIVEP3 interacts with TRAF2 (an adaptor molecule 

in tumor necrosis signaling) to inhibit inflammatory transcription factor NF-κB action by 

sequestering it away from the nucleus (Wu, 2002).  There is additional evidence that 

HIVEP3 also inhibits genes with κB motifs through direct competition at the genomic 

level with inflammatory transcription factors (Hong, Allen, and Wu, 2003).  HIVEP3 is 

similar to HSPA9B in potential relevance to obesity. Overnutrition was recently shown to 

activate hypothalamic NF-κB via increases in endoplasmic reticulum stress, which then 

can interrupt leptin and insulin energy homeostasis signaling (Zhang et al, 2008).  Also, 

an inflammatory state is a typical physiologic consequence of increased adiposity.  

Systemic inflammation has been shown to make weight loss efforts less likely to succeed 
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and induce insulin resistance, driving obesity forward once acquired (Goyenechea et al, 

2009). 

 Rs10048364 is within Intron 2 of BRUNOL4 on chromosome 18 (P-values 

ranged from 1.95x10
-4

 to .019).  BRUNOL4 is highly expressed in the adult brain and is 

an RNA-binding protein involved in mRNA stability, post-transcriptional modification, 

and transport.  Because BRUNOL4 begins with ubiquitous fetal expression, there is now 

suspicion that it plays a developmental role in the formation and maintenance of neuronal 

structures (Meins et al, 2002).  Furthermore, a spontaneous disruption of BRUNOL4 

function in mice caused early-onset seizures, which were thought to result from 

downregulation of neuroexcitability genes’ mRNAs with which BRUNOL4 showed 

binding activity (Yang et al, 2007).  Though no direct connection to human obesity is 

apparent, it is involved in proper function of the central nervous system, which is of 

enormous importance in obesity.  Also, mRNA targets of BRUNOL4 may include as of 

yet unknown entities that function in energy homeostasis. 

 The SNP rs6770663 is within Intron 1 of KCNAB1 on chromosome 3 (P-values 

ranged from 3.14x10
-4

 to .021).  KCNAB1 is a beta subunit for a voltage-gated potassium 

ion channel, which are important in excitable cells to enable a response to changes in 

electric potential.  Excitable cell types are of ubiquitous importance in obesity and a 

number of other human diseases, and may include neurons, cardiac cells, adipocytes, and 

β-cells.  The beta subunits of voltage-gated potassium channels modify the activity of the 

alpha subunits, which form the cellular pore for ion shuttling and ultimately maintenance 

of membrane potential (Rettig et al, 1994).  Sulfonylurea Receptor 1 (SUR1) knockouts 

show a hyperinsulinemia that is decoupled from glucose and ATP/ADP balance.  SUR1 
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is part of the ATP-sensing potassium channel that constitutively exports potassium ions.  

SUR1 and its associated ion channel are inhibited by increased ATP levels, and thus 

allow glucose-triggered influx of calcium for insulin exocytosis.  KCNAB1 expression is 

increased in β-cells subject to SUR1 knockout, which may signal a role in compensatory 

repolarization of the cell membrane (Doliba et al, 2006).  KCNAB1 expression is also 

altered in the whole-brain transcriptome subject to antipsychotic pharmaceuticals that 

target dopamine receptors, reinforcing its role in regulation of neurotransmission 

(Duncan, Chetcuti, and Schofield, 2008). 

 Lastly, rs677688 is a coding, non-synonymous SNP (L151V) within Exon 6 of 

IMPACT on chromosome 18 (P-values range from 2.52x10
-4

 to .047).  The IMPACT 

gene has not been extensively studied in humans, but it has a remarkable inter-species 

conservation (Okamura et al, 2004).  IMPACT was found to be abundant in the mouse 

hypothalamus, a key area of the brain in energy homeostasis, and showed binding to 

GCN2.  Elsewhere in the body, IMPACT’s expression varies from neural cluster to 

neural cluster.  During conditions of amino acid starvation (as happens with a poor diet), 

the metabolic sensor GCN2 phosphorylates the eukaryotic translation initiation factor 2’s 

(eIF2) α subunit.  The eIF2 is then unable to exchange its bound GDP for GTP and global 

translation decreases, instead favoring the production of select proteins.  The specific 

proteins that are produced in these conditions include transcription factors, such as ATF4 

and CHOP, which promote apoptosis, changes in metabolism, and the cellular stress 

response (Pereira et al, 2005).  Among the promoted changes in metabolism is the 

inhibition of SREBP1, which ceases endogenous production of fatty acids and 

cholesterol, and mobilizes triglycerides from adipocytes (Guo and Cavener, 2007; Towle, 
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2007).  IMPACT’s role is to inhibit the action of GCN2 despite conditions of amino acid 

deprivation, perhaps allowing physiologically critical areas of the body to persist in 

translation “at all costs (Pereira et al, 2005).” Genetic variation of IMPACT may interfere 

with the regulation of SREBP1, modulating fatty acid synthesis and triglyceride handling; 

or alternatively, could alter the response to dietary conditions in the hypothalamus to 

affect energy homeostasis.  That this SNP is coding is worthy of note, and though leucine 

and valine are similar amino acids, this does not rule out potential pathogenicity through 

alteration of an unknown critical domain (Ishiko et al, 2001).  

 Therefore, this approach has not only identified 9 variants showing consistent 

association with BMI in the full IRASFS AA cohort and the full ESRD GWAS cohort, 

but nearly all could have physiologic relevance to energy homeostasis.  In addition, the 

genes mentioned above are completely novel in the context of obesity.  The phenotypic 

effects of the 9 variants in the full IRASFS AA cohort are depicted below in Table XV.  

The overlapping BMI-associated SNPs were analyzed in the IRASFS AAs with the 

additive model of SOLAR adjusting for age and gender, and the ESRD GWAS cohort 

with the linear regression function of PLINK.  The SNP designation and SNP’s gene are 

shown in the left-most two columns, followed by the genotypic means ± standard 

deviation (number of individuals), and ending with the additive P-value in the full 

IRASFS AA cohort.  The 1/1 corresponds to the major allele homozygotes, the 1/2 to the 

heterozygotes, and the 2/2 to the minor allele homozygotes. 
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Table XV 

Genotypic Means for the 9 GWAS Overlapping BMI-associated SNPs 

SNP Gene 1/1 1/2 2/2 P-value (IRASFS AA Comb)

rs7866409 MLLT3 31.2 ± 6.6 (161) 29.7 ± 6.7 (256) 29.0 ± 6.5 (125) 0.003

rs17022190 MGC34824 30.6 ± 6.8 (387) 28.3 ± 6.3 (141) 28.3 ± 5.4 (14) 0.005

rs4345206 LOC152485 31.3 ± 7.0 (215) 29.3 ± 6.4 (259) 28.3 ± 6.7 (65) 0.006

rs4759088 NCKAP1L 28.2 ± 6.3 (157) 30.5 ± 6.8 (260) 30.8 ± 6.6 (134) 0.007

rs256001 HSPA9B 29.6 ± 6.6 (462) 32.0 ± 7.3 (95) 29.7 ± X (1) 0.015

rs783622 HIVEP3 29.8 ± 6.7 (177) 29.1 ± 6.3 (255) 31.8 ± 7.3 (114) 0.017

rs10048364 BRUNOL4 30.7 ± 6.8 (362) 28.9 ± 6.8 (166) 28.1 ± 5.9 (30) 0.019

rs6770663 KCNAB1 31.1 ± 6.7 (182) 29.7 ± 6.8 (265) 28.3 ± 6.5 (94) 0.021

rs677688 IMPACT 30.3 ± 6.8 (476) 28.2 ± 6.4 (69) X (0) 0.047

BMI Genotypic Means ± SD (n)
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DISCUSSION 

Overweight and obesity directly affects a majority of adults in the most developed 

countries of the world, and is a contributor to personal and economically burdening 

comorbidities, such as T2DM and CVD.  The “obesity epidemic” persists despite public 

health intervention at a global level due to a perfect storm of lifestyle, environmental, and 

genetic factors.  Only a limited understanding of the apparent genetic predisposition 

underlying obesity and its pathogenicity is currently possessed.  Accordingly, clinical 

treatment of obesity most often consists of assisted lifestyle modifications or 

recommendation for bariatric surgery.  Positional cloning approaches correlate 

occurrence of inherited polymorphism with disease predisposition or change in an 

intermediate quantitative trait, and do so without initial regard to the known function of a 

locus.  The modern availability of high-throughput genotyping, genome browsers, and the 

International HapMap Project has enabled the efficient use of these approaches.  

Theoretically, positional cloning can discover the genetic components of any disease or 

trait with variation at the population level, and is a needed and powerful approach to 

dissecting obesity.  However, the currently confirmed adiposity genes by positional 

cloning methods (ex. FTO, MC4R) only explain a minute portion of European-derived 

trait variance (<5%) for whole-body adiposity (e.g. BMI).   

Ethnic minorities are disproportionately affected by obesity, exhibiting greater 

incidences that persist despite adjustment for environmental factors.  Studies in ethnic 

minorities have enhanced ability to detect the genetic factors underlying obesity, and also 

may uncover ethnic-specific genetic factors.  The latter is supported by aforementioned 

ethnic differences in allele frequency for a given variant, which are attributable to human 
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demographic history.  Additionally, adiposity traits are not necessarily equivalent in 

genetic profile or in implication.  Despite the abundance of GWAS and candidate gene 

studies based solely upon the genetic association of SNPs with BMI, it is ultimately a 

trait that does not directly address the pathogenicity of the visceral adipose depot.  As 

discussed previously, visceral adiposity exhibits a distinct physiologic character, 

including increased production of adipokines, NEFAs, and inflammatory agents.  

Moreover, the amount of VAT accompanying a given BMI varies between individuals, 

perhaps explaining why obesity does not have a universal clinical outcome.  Positional 

cloning of the genes underlying a range of adiposity measures in ethnic minorities is 

critical to scientific understanding of obesity, as well as developing effective treatments. 

In addressing these issues, the work of this dissertation has consisted of focused 

haplotype-tagging SNP analysis of candidate adiposity genes (BMI and VAT) suggested 

by genome-wide scan approaches in ethnic minorities of the IRASFS.  As the field of 

molecular genetics transitioned in technical philosophy during the dissertation, so too did 

the work of this dissertation progress.  The experiments began with analysis of the 

SOCS3 linkage peak-based adiposity QTL in Chapter II, and transitioned to evaluating 

INSIG2’s association with BMI as suggested by the first GWAS efforts in Chapter III.  

Finally, GWAS-based BMI or VAT QTL analysis was performed in IRASFS HAs and 

AAs in Chapter IV and Chapter V, respectively.  The results of each of this dissertation’s 

experiments have informed the debate regarding established adiposity candidates 

(Chapters II and III), identified novel candidate adiposity genes or variants (Chapter IV 

and Chapter V), or most importantly generated hypotheses for future study.  Some 
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discussion of the results has occurred in prior chapters, and so encapsulation is presented 

here, with additional details found in respective chapters. 

SOCS3 Summary.  In Chapter II of this dissertation, the IRASFS had completed 

the analysis of a genome-wide linkage scan for BMI, WAIST, and VAT to reveal a 

significant LOD score for a large interval of chromosome 17q23-q25 in the IRASFS 

HAs.  Following a 1536 LD-tagging SNP map of the farthest 3’ portion of the linkage 

peak, one of the strongest associated genic signals with functional relevance in obesity 

was the SNP rs9914220.  Rs9914220 was located 10 Kb 5’ of the SOCS3 gene and was 

associated with BMI, WAIST, and VAT, as reflective of the linkage peak (Norris et al, 

2005; Talbert et al, 2009).  SOCS3 was at 110 cM, under a modest rise in the linkage 

interval for VAT prior to adjustment for BMI.  SOCS3 has an eminent role in energy 

homeostasis as a primary negative feedback inhibitor of leptin and insulin signaling, and 

in obesity because it is downstream of inflammatory transcription factors (Coppari et al, 

2005; Munzberg and Myers et al, 2005; Howard and Flier, 2006).   

The Chapter II experiment genotyped a comprehensive 28 haplotype tagging 

SNPs across a 47 Kb region containing SOCS3 in the IRASFS HAs, which was 

composed of 3 Gabriel-defined LD blocks.  The strongest signal of association was 

within the 10 Kb promoter block, where 4 inter-correlated SNPs rs9914196, rs9914220, 

rs8070204, rs8074003 were associated with BMI, WAIST, WHR, and VAT.  Following 

adjustment for BMI, the association with everything except WAIST and WHR 

disappeared.  The results of the association analysis suggested that the contribution of the 

4 inter-correlated SNPs to the 17q23-17q24 linkage peak was primarily to BMI, but with 

preferential abdominal localization.  These results were also reflective of the IRASFS 
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VAT and WAIST linkage intervals’ complete disappearance following adjustment for 

BMI, even though VAT had the strongest prior LOD score (Norris et al, 2005; Talbert et 

al, 2009).   

When the 17q23-17q24 linkage interval was adjusted for adiposity-associated 

SOCS3 tagging SNP genotype, including the 4 inter-correlated promoter SNPs, the VAT 

LOD score above their location at 110 cM decreased.  Rs9914220 was found to be 

adjacent to a putative growth factor independent 1 response element, which is a binding 

site for a known repressor of SOCS3. The SNP rs8074003 was found to be within a 

putative X-box binding protein 1 and hypoxia-inducible factor response elements.  The 

putative response elements associated with rs8074003 are involved in promoting the gene 

program downstream of endoplasmic reticulum stress and cellular hypoxia, which makes 

them especially relevant to obesity (Ozcan et al, 2004; Trayhurn, Wang, and Wood, 

2008).  Therefore, this study identified variants near the SOCS3 gene as contributing to 

BMI, WAIST, and VAT.  It also found that 5’-upstream SNPs accounted for some 

evidence of VAT linkage on chromosome 17q23-17q24, and could modulate critical 

response elements (Talbert et al, 2009, see Chapter II).  Due to the small size of SOCS3 

(3.3 Kb), prior genetic association studies had been limited to a handful of tagging SNPs 

covering a small genic interval, novel variants from sequencing of the gene, or novel 

SNPs from the 2-3 Kb immediate promoter (Gylvin et al, 2004; Jamshidi et al, 2006; Ni 

et al, 2006; Holter et al, 2007; Fisher-Rosinsky et al, 2008).  As expected by the presently 

observed LD structure and association results, each of the prior studies reported no 

association of those few SOCS3 SNPs with obesity.  Chapter II’s cumulative findings 
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suggest denser genotyping of the wider SOCS3 genomic interval for analysis with a 

range of adiposity phenotypes (Walley, Asher, and Froguel, 2009).  

INSIG2 Summary.  The first BMI GWAS occurred in a subset of the FHS and 

identified one of the strongest associations with BMI for rs7566605, a SNP 10 Kb 

upstream of the INSIG2 gene (Herbert et al, 2006).  INSIG2 was a compelling adiposity 

candidate gene due to its role in the inhibition of endogenous cholesterol and fatty acid 

synthesis in response to dietary intake (Engelking et al, 2005; Goldstein, DeBose-Boyd, 

and Brown, 2006).  A majority of studies have been unable to replicate this finding 

(Herbert et al, 2006).  As discussed in Chapter III, when replication studies did report 

rs7566605’s BMI association, it was most often in European-derived cohorts or with 

qualitative or extreme obesity.  The possibilities of type I error, inter-study power 

differences, genetic/ethnic heterogeneity, or gene-environment interaction could have 

explained these observations.  Alternatively, rs7566605’s initial association with BMI 

could have been due to primary association with a phenotype underlying BMI, such as 

VAT, and/or due to LD with alternative variants of true effect.  For instance, an INSIG2 

SNP or haplotype may alter the gene’s transcription, response to endogenous cholesterol, 

or ability to inhibit SREBP transcription factors.  The most immediate consequence of 

such a genetic variation would be increased circulating fatty acids and cholesterol, which 

would then make SAT, VAT, or VSR more sensitive measures of this effect.  

Furthermore, it is possible that SREBPs activate genes involved in abdominal fat 

patterning, which would then enable a direct effect of INSIG2 variation on SAT, VAT, or 

VSR (Talbert et al, 2009).  No prior INSIG2 genetic association study had extensively 
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considered other LD-tagging variants in the INSIG2 region, alternative adiposity 

phenotypes, or HA ethnicity. 

Thus, the Chapter III experiment sought to clarify the controversy surrounding 

this milestone in obesity genetics by performing a thorough candidate gene study with 31 

haplotype tagging SNPs, covering an ~51 Kb interval containing the INSIG2 gene and 

the SNP rs7566605.  The results found three large Gabriel-defined haplotype blocks, 

including a 28 Kb block encompassing the 5’-upstream and most 5’ genic INSIG2 

regions, a 3 Kb block encompassing portions of the second and third introns, and a 1 Kb 

block containing the 3’-UTR.  Interestingly, the SNP rs7566605 was within the largest 

LD block and showed no association with any adiposity phenotype, but was in high D’ 

and low r
2
 with all other adiposity associated variants.  The most prominent finding was 

association of three moderately inter-correlated SNPs with VAT (rs17047718 in 

promoter, rs17047731 in promoter, rs12623648 in 3’-UTR).  Following the additional 

adjustment for BMI, association with VAT largely survives, and association with VSR 

becomes more significant.  Rs17047718 and rs17047731 also showed two-marker 

haplotype association with VSR that survived BMI adjustment, as well as trending 

association with VAT before and after BMI adjustment. 

The findings of Chapter III support that rs7566605’s prior association with BMI 

was most likely an indirect effect from functionally meaningful SNPs in LD, which 

primarily modify VAT.  This conclusion is reinforced by another study following the 

initial submission of the IRASFS’s, which corroborated that rs7566605 was not 

associated with any adiposity phenotype, including VAT (Boes et al, 2008).  

Additionally, a putatively functional INSIG2 promoter SNP (-102G/A) was identified, 
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which caused decreased DNA binding and a trending reduction in INSIG2 transcription 

in subcutaneous fat (Krapivner et al, 2008).  The -102G/A SNP is within the large LD 

block that encompasses rs7566605, rs17047718, and rs17047731.  A haplotype may exist 

in this region incorporating such a functional SNP to explain the association results with 

CT-measured adiposity in Chapter III (Talbert et al, 2009).  Future studies of INSIG2 

should perform genetic and functional analysis of variants other than rs7566605, as the 

present results do not support that it is causative of association with adiposity.  In 

addition, the adiposity traits of interest in INSIG2 genetic analysis should shift away from 

BMI and towards more immediately relevant phenotypes like VAT or lipid measures. 

The tagging SNP approach.  When a functionally compelling candidate gene is 

found to significantly contribute to a complex disease, it can precipitate a volume of 

replication attempts.  Replication studies are often conducted on notable candidate genes 

in order to verify its global significance and dismiss genetic association arising due to 

genetic heterogeneity, type I error, statistical power differences, and over-interpretation 

of modest results (Balding, 2006; Montana, 2006).  The IRASFS can make original 

contributions to even replication efforts due to its extensively phenotyped ethnic minority 

cohort, which are under-represented in the literature.  In contrast, typical replication 

studies are often focused on a particular variant or region of the candidate locus, and also 

involve similar cohorts to the original finding. 

One commentary utilized investigation of the TCF7L2 (transcription factor 7-like 

2) diabetes locus as a paradigm, conveying the necessity of the under-utilized haplotype 

tagging approach to candidate gene analysis (Goodarzi and Rotter, 2007).  The original 

study of TCF7L2 identified a microsatellite and 5 SNPs in a haplotype block of the genic 
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region strongly associated with diabetes in EAs, variants that were highly studied in over 

50 subsequent replication studies (Grant et al, 2006).  Though the follow-up studies have 

solidified TCF7L2’s role in diabetes via that haplotype block, a majority did not survey 

the entire gene.  In addition, the original TCF7L2 haplotype block did not fully account 

for evidence of genetic linkage in the vicinity of the gene (Goodarzi and Rotter, 2007).  

However, a case-control study in Chinese, using a haplotype tagging approach similar to 

that of this dissertation, identified a novel locus in the 3’-UTR that was associated with 

T2DM and not correlated with the original haplotype block of interest (Chang et al, 

2007).  Thus, the authors argued, replication studies focused on a particular genetic 

variant could stall research efforts and not consider meaningful explanations for inter-

study differences in genetic association results (Goodarzi and Rotter, 2007).  Chapters II 

and III support the arguments of this commentary in the design of future genetic 

association studies.  In both chapters, the findings were achieved primarily because they 

considered wider intervals for dense haplotype tagging, but also because they considered 

HA ethnicity and adiposity measures other than BMI. 

IRASFS HA GWAS Summary.  Coinciding with the rapid expansion in GWAS 

technology, as well as affordability, Chapter IV entailed the first adiposity GWAS in the 

IRASFS HAs.  The GWAS effort described in Chapter IV is novel due to both the 

ethnicity of the study population and the use of VAT as a primary trait.  The GWAS had 

a 3-stage structure, beginning with Stage 1, which genotyped ~317,000 SNPs in a subset 

of IRASFS HAs (n=229 from SA site).  The fifty most BMI and BMI-adjusted VAT 

associated SNPs were then included for genotyping in the full IRASFS HA cohort for 

Stage 2 (n=1424 for BMI, n=1190 for VAT; Norris et al, 2009).  Those SNPs most 
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associated with BMI or BMI-adjusted VAT, and within or near genes of some functional 

relevance to obesity, led to the selection of said gene for tagging SNP analysis in Stage 3.  

Stage 3 BMI candidates included TCBA1 and NGEF, while the BMI-adjusted VAT 

candidates included SEMA3A and RGS6 (Norris et al, 2009). 

TCBA1 is a membrane protein that is needed for proper functioning of the 

sodium-potassium ATPase, and was subject to genotyping of 8 tagging SNPs within a 20 

Kb interval of Intron 5.  TCBA1 was an interesting candidate due to its high position on 

the list of BMI QTLs, and because its role in membrane polarization is central to neural 

function (Tagawa et al, 2002; Bocciardi et al, 2005; Yue et al, 2006).  It was found that 

the only SNPs associated with BMI were those TCBA1 SNPs of interest from Stages 1 

and 2, namely rs870583 and rs11154260.  These two variants were also correlated, but 

not with any other TCBA1 SNPs in the genotyped interval.  The Stage 3 results revealed 

no additional BMI associations, implying that the Stage 1/Stage 2 result leading to 

TCBA1 could have been type I error due to multiple testing in the GWAS.  Alternatively, 

these results could suggest TCBA1 SNP association with BMI via long-range LD (Norris 

et al, 2009).   

NGEF mediates neural growth cone collapse or outgrowth given the respective 

presence or absence of ephrin A signaling.  Synaptic plasticity and the formation of 

specific neural connections in the hypothalamus are important in the central regulation of 

energy homeostasis (Schmucker and Zipursky, 2001; Sahin, Greer, Lin et al, 2005).  A 

total of 28 tagging SNPs were genotyped in 2 rounds to cover a 40 Kb interval of 

NGEF’s Intron 1.  In total, including Stage 1/Stage 2 SNP of interest rs4973062; 6 NGEF 

SNPs were associated with BMI, 8 with WAIST, 9 with VAT, and 11 with SAT.  Upon 
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additional adjustment of the SOLAR results for BMI, all significant associations between 

NGEF SNPs and adiposity measures disappear.  Furthermore, there was surprisingly little 

correlation between NGEF SNPs, and rs4973062 was only perfectly correlated with a 

single other variant.  The behavior of the NGEF SNPs’ association with BMI and SAT 

was consistent with a QTL for whole-body adiposity, and the Chapter IV experiment has 

identified a region of interest in NGEF’s Intron 1 for further study.  Future studies 

building upon this finding should involve genotyping in independent HA cohorts to 

confirm NGEF as a population-relevant BMI gene.  NGEF is located on chromosome 

2q37 (<500 Kb from microsatellite D2S1279) a frequent site of genetic linkage with BMI 

or SAT in EAs, AAs, and Mexican Americans (Feitosa et al, 2002; Rice et al, 2002; Tang 

et al, 2003; Li et al, 2006; Feitosa et al, 2009).  Replication of the association of NGEF 

SNPs with BMI would be particularly of value in cohorts for which genetic linkage at 

chromosome 2q37 has been observed.  This is the first reported connection of NGEF with 

BMI, and the gene has not appeared as a leading adiposity candidate in major European-

derived GWAS to date.  However, given the central nervous effects of a majority of 

confirmed BMI GWAS candidates, this continues to fit that trend (see Chapter I).   

SEMA3A functions in neuronal guidance and the inhibition of regeneration, 

which is highly expressed in innervated tissue, including adipose (Carmeliet, 2003; 

Giordano et al, 2003; Imai et al, 2009; Montolio et al, 2009).  A total of 8 tagging SNPs 

were genotyped to cover a 30 Kb haplotype block in SEMA3A’s Intron 1, including the 

Stage 1/Stage 2 SNP of interest rs12707626.  The rs12707626 variant was not associated 

with VAT before or after BMI-adjustment, failing to replicate across platforms due to a 

low MAF in the IRASFS HAs.  There were no other convincing VAT associations within 



 222 

SEMA3A, and the pairwise D’ and r
2
 statistics revealed no LD, suggesting the presence 

of recombination.  The cumulative evidence showed that type I error likely explains the 

significant results for SEMA3A in the GWAS, mostly due to low MAF and genomic 

architecture at that location (Norris et al, 2009).   

RGS6 is a regulator of G-protein signaling that, among other functions, modulates 

the downstream signaling of opioid receptors (Garzon et al, 2001; Garzon et al, 2003; 

Adam and Epel, 2007).  This is of importance in VAT specifically because if RGS6 is 

subject to variation that enhances its function, it alters the ability of the opioid receptor to 

perform negative feedback of cortisol-induced systemic stress (secretion of which is 

increased in visceral obesity).  High-fat or sugary foods also can trigger the opioid 

response, and can be used to overcome RGS6-induced tolerance or tachyphylaxis, in turn 

causing further accumulation of VAT (Garzon, Lopez-Fando, Sanchez-Blazquez, 2003; 

Adam and Epel, 2007; Norris et al, 2009).  51 tagging SNPs were genotyped using a two 

round approach to cover a 100 Kb region of RGS6’s Intron 2 and Intron 3, including 

Stage 1/Stage 2 SNPs of interest rs2239227 and rs2239247.  17 SNPs were associated 

with VAT and 23 were associated with BMI-adjusted VAT.  It was also found that 18 

SNPs were associated with VSR, while 21 SNPs were associated with BMI-adjusted 

VSR.  BMI adjustment seemed to “unmask” RGS6 SNP relationships with VAT and 

VSR, increasing associations in frequency and magnitude (Norris et al, 2009).  There was 

non-trivial inter-SNP correlation, but the pattern of LD implied a non-redundant signal of 

VAT and VSR association, and possibly more than one functional variant.   

The Chapter IV experiment identified RGS6 as one of the first clear VAT 

candidate genes, and has located a 100 Kb interval of extreme interest for further study.  
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Candidate genes for VAT do not match those for BMI in even this study, consistent with 

the existence of VAT-specific genetic factors (see Chapter IV Study Rationale; 

Bouchard, Despres, Mauriege, 1993).  The speculated role of RGS6 in modifying the 

amount of dietary fat could translate to a phenotypic effect manifesting as increased VAT 

or VSR.  One study in EA women showed that following an isocaloric and balanced fat 

content meal, the absorption of radio-traced fatty acids is greater in the leg depots of 

women with more leg fat, while absorption in all other depots is in inverse proportion to 

their size.  However, following a high fat content meal, the inverse relationship is present 

between size of any fat depot and fatty acid uptake.  That the pattern of fatty acid 

absorption is modulated by unknown physiology in response to dietary conditions 

suggests body fat distribution can be altered by fat consumption over time (Santosa and 

Jensen, 2008).  A genome-wide linkage scan for addiction to opiates conducted in 

concordant Puerto Rican sibling pairs for methadone treatment found evidence for 

linkage on chromosome 14q.  The LOD-1 interval for this linkage peak was much 

stronger in magnitude for its Puerto Rican subjects (LOD score of 5) and encompassed 

the NRXN3 gene. The NRXN3 gene was previously mentioned as a candidate gene for 

WAIST following the first GWAS of the trait in EAs, and is a neural adhesion molecule 

known to be involved in behavioral reward and addiction (Lachman et al, 2007).  RGS6 

is located only 3 Mb proximal to NRXN3 and this prominent evidence for linkage to 

opiate addiction in Puerto Ricans.  To speculate, this coincidence could imply that RGS6 

and NRXN3 jointly modulate opioid response and central adiposity.  However, as with 

the future direction of the NGEF results, to be truly confident in RGS6 as a globally 

relevant VAT gene, this finding must first be replicated in other HA subjects. 
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IRASFS AA GWAS Summary.  The experiments described in Chapter V were 

exploratory analyses of the initial results of a BMI GWAS (Affymetrix 6.0; 1 million 

SNPs) in a subset of the IRASFS AAs (n=254).  3 of the most BMI-associated GWAS 

SNPs near or within genes of relevance to obesity were targeted for Follow-Up phase 

genotyping in the entire IRASFS AA cohort (n=581).  In addition, GWAS-genotyped 

SNPs within the same YRI HapMap-visualized LD blocks as the SNPs of interest (of 

MAF>10% and BMI P-values<1x10
-4

) were included in the Follow-Up phase 

genotyping.  The surveyed genes included TMEFF2, CYP19A1/GLDN, and PEPD (see 

Chapter V).  A total of 3 intronic TMEFF2 SNPs, 2 intergenic and 1 intronic 

CYP19A1/GLDN SNPs, and 2 intronic PEPD SNPs were successfully genotyped in the 

full IRASFS AA cohort.  In the Follow-Up analysis, TMEFF2 SNPS rs7597998 and 

rs2356953, as well as CYP19A1/GLDN SNPs rs7168331 and rs12595284, were 

associated with BMI.   

These results were compared to those of a separate case-control GWAS for 

diabetic nephropathy in a subset of southern US AAs (n=966 cases and 1030 controls; the 

ESRD GWAS).  There was no association of any of the genotyped Follow-Up phase 

SNPs in the ESRD GWAS.  One could attribute the overall lack of replication of this 

hypothesis to Type I error and/or Type II error due to a small sample size in the IRASFS 

AA GWAS, but there are alternative explanations.  For instance, the ESRD GWAS uses 

self-reported BMI, as opposed to clinically-obtained BMI, and is thus subject to reporting 

error.  The ESRD GWAS incidence of T2DM is far greater than in the IRASFS AA 

GWAS, and so the differences in glucose homeostasis may signal genetic heterogeneity, 

differential epistatic effects, or unaccounted for environmental factors.  The interference 
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of environmental factors in this study should not be underestimated due to differences in 

recruitment site and strategy (Western US for IRASFS for large family size vs. 

Southeastern US for ESRD GWAS for health status).  Also, because the IRASFS is a 

family study and relatedness conveys genetic similarities that must be accounted for, 

SOLAR adjusts for familial relationship.  The adjustment for familial relatedness could 

make the SOLAR P-values for the IRASFS more conservative than those of PLINK for 

the ESRD GWAS.  Though family studies are robust to ethnic admixture, it has not been 

accounted for in the comparison between the two GWAS, and differences in allele 

frequency could be present as a result of such to impact genetic association in either 

study.  The preceding is especially relevant, as candidate genes/SNPs were selected 

solely on the basis of the IRASFS AA GWAS results, and tested for corroboration in the 

ESRD GWAS (Freedman et al, 1997; Henkin et al, 2003; Lewis et al, 2008).     

In an effort to overcome the potential confounders of the prior experiment, an 

additional hypothesis was tested to identify novel BMI genes in the IRASFS AAs.  Those 

SNPs most likely to be associated with BMI in the global population would be those 

associated with BMI in the largest number of study subjects.  Therefore, the 10,000 most 

associated BMI SNPs from both the IRASFS AA GWAS subset (n=254) and the full 

ESRD GWAS (n=1996) were checked for variants with a dual occurrence.  There were 

109 overlapping BMI-associated SNPs from both GWAS, 50 of which were annotated as 

genic and 59 were within intergenic regions.  48 SNPs were successfully genotyped in 

the entire IRASFS AA cohort (41 genic SNPs and 7 intergenic SNPs, n=581).  16 SNPs 

were associated with BMI, but only 9 exhibited BMI effects in concordant directions 

across the IRASFS GWAS, the ESRD GWAS, and the full IRASFS AA cohort.  
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 A number of candidate BMI genes are provided by these 9 SNPs, which are each 

discussed at length in Chapter V.  One of the more noteworthy candidates was the 

IMPACT gene, for which the exonic SNP rs677688 resulted in a leucine-to-valine 

substitution, and exhibited a protective effect in heterozygotes.  The IMPACT protein 

inhibits the metabolic sensor GCN2 in conditions of amino acid starvation, prolonging de 

novo translation and endogenous fatty acid synthesis.  IMPACT is highly expressed in 

the hypothalamus and other neural clusters, where it is thought to maintain protein 

translation despite nutrition status (Pereira et al, 2005; Guo and Cavener, 2007; Towle, 

2007).  Candidate BMI genes suggested by regulatory SNPs were no less intriguing, such 

as the intronic HIVEP3 SNP rs783622.  HIVEP3 is an inhibitor of inflammatory 

transcription factor NF-κB, which is produced in the hypothalamus in response to 

overnutrition and can interfere with energy homeostasis (Hong, Allen, and Wu, 2003; 

Zhang et al, 2008).  The Chapter V experiment identified 9 genic variants showing 

consistent association with BMI in the full IRASFS AA cohort and the full ESRD GWAS 

cohort, nearly all of which could affect energy homeostasis.  In addition, the genes 

associated with these 9 SNPs are completely novel in the context of adiposity.  Future 

work with these findings should attempt a replication of BMI association for these 

variants in a separate cohort of AAs. 

The IRASFS is a unique cohort.  Only two other family studies have utilized VAT 

as a phenotype in positional cloning of obesity genes, which includes the Quebec Family 

Study (QFS) and the HERITAGE family study.  The QFS is a genetic study of obesity 

and its comorbidities in French Canadians, which conducted a VAT genome-wide scan in 

~550 subjects (Borecki et al, 1991; Perusse et al, 2001).  HERITAGE was originally a 
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study incorporating AA and EA families (~670 subjects) on the basis of sedentary 

lifestyle in order to identify the genetic components underlying cardiovascular, 

metabolic, and hormonal responses to an exercise program (Rice et al, 2002).  Other 

studies have either DXA-derived or CT-derived abdominal adiposity measures, and have 

similar investigative interests, but do not use these measures as primary traits of interest 

in positional cloning.  The Health, Aging, and Body Composition Study (Health ABC) is 

a longitudinal study examining the extent of body composition changes with age and 

their impact upon health.  Health ABC possesses major EA and AA cohorts (both 

n=1100+), consisting of originally non-disabled, randomly-selected individuals aged 70-

79 (Snijder et al, 2002; Strotmeyer et al, 2004) that have been phenotyped with a full 

range of adiposity traits.  The Diabetes Heart Study (DHS) aims to uncover the genetic 

contributors to subclinical CVD, as well as interactions between glucose homeostasis 

phenotypes and CVD.  Like Health ABC, DHS has both EA (n=1000+) and AA cohorts 

(n=300+), consisting of mostly small families enriched for T2DM through selection of 

disease concordant siblings as probands.  A subset of DHS participants is phenotyped for 

DXA and CT-derived adiposity, but the focused use of the CT-scanning is in blood vessel 

calcification (Hsu et al, 2005; Bowden et al, 2008).   

 Other family studies could be considered similar to the IRASFS in investigative 

goals, including the Finland-United States Investigation of NIDDM (FUSION), Genetics 

of NIDDM (GENNID), San Antonio Family Heart Study (SAFHS), the FHS, Multi-

Ethnic Study of Atherosclerosis (MESA), and Betagene.  They represent the spectrum of 

extant studies in their globally random combinations of sample sizes, ethnicities, and 

available phenotypes.  FUSION is a study determining the genetic factors of T2DM 
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susceptibility in an ethnically homogenous Finnish population, but this study is limited to 

T2DM and has no direct measures of abdominal adiposity (Valle et al, 1998).  GENNID 

is also focused on identifying the genes underlying T2DM, and includes EA, AA, HA, as 

well as some Asian American participants.  However, this study uses differing 

measurements and ascertainment methods of insulin resistance between centers, does not 

have direct measures of abdominal adiposity, and has a smaller HA and AA sample size 

(n=~600; Raffel et al, 1996).  The SAFHS performs positional cloning in ~1400 HA 

subjects using cardiovascular and obesity phenotypes (most notable findings have 

involved BMI, fat mass, and leptin levels; Hazuda et al, 1991; Comuzzie et al, 2003).  

The FHS conducts genetic studies using a wide range of longitudinal atherosclerosis, 

glucose homeostasis, and other metabolic phenotypes in large EA and AA cohorts 

(Kannel et al, 1979; Higgins et al, 1996).  Notably, the FHS has recently initiated 

abdominal CT-scans in a subset of its EA cohort (n=3,348) to obtain volumetric measures 

of VAT and SAT, but thus far has not extended to its AAs (Henkin et al, 2003; Pou et al, 

2009).  MESA is a longitudinal study of subclinical CVD and factors related to its 

progression to overt CVD, involving ~6500 subjects of approximately equal portions EA, 

AA, HA, and Asian.  Among the obesity-related traits MESA uses are the full range of 

standard anthropometrics and behavioral indices of food intake, but the most often 

utilized measures taken with CT scan are of arterial calcification (Bild et al, 2002; Bild et 

al, 2005; Vaidya et al, 2007; Gao et al, 2008; Ding et al, 2009).  Betagene is a novel HA 

family study, recruited in California, currently consisting of ~500 individuals with fasting 

glucose <126 mg/dL from 89 families with a proband that was diagnosed with gestational 

diabetes.  Available phenotypes in Betagene include standard anthropometrics, DXA-
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measured body fat and lean mass, and glucose homeostasis measures derived from the 

intravenous glucose tolerance test.  Though similar to the IRASFS, Betagene is smaller in 

sample size and does not possess equivalent measures of VAT (Black et al, 2008).   

The VAT phenotype.  Though it is not as often used as standard anthropometric 

adiposity phenotypes, VAT is an important trait for its obesity comorbidity predictive 

value and its genetic background.  BMI, WAIST, and VAT all predict the occurrence of 

obesity comorbidity regardless of ethnicity, gender, or age (Lovejoy et al, 1996; Bosy-

Westphal et al, 2006; Bray et al, 2008; Cartier et al, 2009; Suliga, 2009).  However, in 

addition to the physiologic rationale, VAT is a more consistent and demonstrably 

independent predictor of obesity comorbidity.  For instance, ~3000 healthy subjects of 

the FHS showed correlation between SAT or VAT and hypertension, metabolic 

syndrome, or hyperinsulinemia.  This correlation remained for VAT, but not SAT, after 

adjustment for BMI and WAIST (Fox et al, 2007).  The same is also true of the 

relationship between VAT and systemic inflammation.  One French Canadian study 

showed that circulating CRP, IL-6, or TNF-α were higher in middle-aged men than in 

younger men, but that this difference disappeared when they were matched for VAT 

(Cartier et al, 2009).  The independently comorbidity predictive value of VAT is not 

limited to European-derived individuals, as a study in 999 HA and 458 AA men and 

women of the IRASFS illustrated.  In this study, VAT was associated with insulin 

sensitivity and β-cell compensation independently of age, gender, ethnicity, and BMI 

(Wagenknecht et al, 2003).  The IRASFS has also shown that VAT is predictive of the 

occurrence of T2DM at five years after a healthy initial visit for HA or AA men and 

women (Hanley et al, 2009).  Outside of the IRASFS, VAT was associated with higher 
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blood pressure, fasting glucose, and triglycerides in ~1900 middle-aged Japanese men 

and women independently of SAT or BMI (Oka et al, 2009).  Importantly, though it is 

unclear if applicable to adults, it was demonstrated that VAT growth in EA and AA 

children over a 3 to 5 year period remains significant even after adjusting for SAT, BMI, 

and total body fat growth (in addition to age, gender, race, and baseline age; Huang et al, 

2001).  Growth of VAT irrespective of the growth of other fat depots provides additional 

supporting evidence that the visceral depot is not only an independent predictor of 

obesity comorbidity, but also has separate genetic components (Suliga, 2009).   

Genetic association with VAT (or other measures of central adiposity) that 

remains or improves after anthropometric adjustment (e.g. BMI) corroborates the above 

phenomena, and is not isolated to this dissertation or the IRASFS (Peeters et al, 2008; 

Heard-Costa et al, 2009; Lindgren et al, 2009; Talbert et al, 2009; Norris et al, 2009).  In 

a study of 1432 Japanese adult men and 1038 women recruited from a public school 

employee clinic, BMI and WAIST were each correlated with VAT (r
2
 of .59-.68).  VAT 

steadily increased with BMI or WAIST, but the trend leveled off at higher values (BMI 

of ~30 kg/m
2
; r

2
 of ~.38).  When the authors modeled VAT on age and WAIST, this 

accounted for no more than 50% of the variance in the trait (Oka et al, 2009).  In 196 

overweight Latino youth, the strongest correlate of VAT was WAIST (r
2
 of .65).  

However, in a multiple regression analysis where VAT was modeled on WAIST, no 

more than 50% of the variation in VAT was explained in Latinos (Ball et al, 2006).  A 

separate effort in EA men and women confirmed a similar magnitude in correlation of 

BMI and WAIST with VAT (r
2 

of .46 to .76).  When VAT was modeled on BMI, the 

proportion of variance explained was 46-60%, and when WAIST was forced into the 
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equation the proportion of variance explained was 57-76%.  When the same multiple 

regression was performed with VAT modeled on WAIST, the proportion of variance 

explained was 55-76%, and when BMI was forced into the equation, the explained 

proportion of variance increased by an insignificant amount in women and by only 2% in 

men (Janssen et al, 2002).  In the prior cases in various ethnicities, a substantial 

proportion of the variance in VAT is unexplained by major anthropometric phenotypes.  

Adjusting for BMI or WAIST to find the unique genes underlying VAT is then an 

appropriate approach, as an estimated 20-40% of the trait variation remains unexplained 

by said traits.  Additional adjustments to dissect out the unique variance in VAT may be 

in order; however, analysis in various demographics is required to develop a definitive 

methodology differing from standard BMI adjustment.  Caution must be used to avoid 

conclusions based on over-adjustment of VAT due to colinearity and inter-relatedness 

between adiposity traits, as well as those of glucose homeostasis, systemic inflammation, 

or CVD (Schisterman, Cole, and Platt, 2009).   

 Furthermore, despite the correlation between BMI, WAIST, and VAT, there is a 

body of evidence that anthropometric traits are not reliable assays of the visceral depot.  

One of the more apparent observations is that for a given BMI or WAIST, AAs have 

lower VAT or VSR than either EAs or HAs (Lovejoy et al, 1996; Bray et al, 2008; 

Carroll et al, 2008; Goedecke et al, 2009; Suliga, 2009).  HAs have shown either 

equivalent or greater amounts of VAT than EAs, but the greater amounts often do not 

survive adjustment for SAT or BMI (Brambilla et al, 2006).  In addition, South Asians 

have shown increased body fat and VAT relative to EAs for a given BMI or WAIST, 

which has fueled proposals of alternative obesity thresholds for BMI in Asian individuals 
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(Lear et al, 2007).  In terms of gender, men tend to have more VAT than women, while it 

has been reported that women tend to have more SAT than men (Bray et al, 2008; Geer 

and Shen, 2009; Oka et al, 2009; Shi, Seeley, and Clegg, 2009).  Further complicating the 

gender differences in VAT is that any reductions in BMI or WAIST via exercise or diet 

may cause men to lose more VAT and less SAT than women (Kuk and Ross, 2009).  

Increased age also reportedly implies more underlying VAT for a given anthropometric 

measure (Kuk et al, 2009; Oka et al, 2009).  Finally, disease phenotypes could imply that 

a subject has an altered VAT given a BMI or WAIST, either as a function of the disease 

or as a precursor.  In a study of AA and EA men and women with and without T2DM, 

linear regression analyses adjusting for age, sex, race, height, and weight found that 

diabetics had greater VAT and less SAT than nondiabetics (Gallagher et al, 2009).  Direct 

evidence that BMI or WAIST can potentially misclassify the amount of VAT was shown 

in a study of 3,348 EA male and female participants of the FHS.  A subset of non-obese 

individuals was used as a healthy reference, within which a 90
th

 percentile cutoff in VAT 

or SAT values was used to define “high VAT or SAT.”  Only 10-22% of obese 

individuals by BMI and 25% by WAIST had high VAT, while 10% with normal BMI 

had high VAT, and 8-22% with normal WAIST had high VAT.  Meanwhile, 22.9% of all 

subjects had both high VAT and SAT, 49.3% had neither, and 28% of subjects were 

discordant for high VAT and SAT.  Of the discordant, 19.9% had high VAT (while also 

having the highest prevalence of obesity comorbidity), but the surprisingly lowest mean 

BMIs and WAISTs (Pou et al, 2009).   

Limitations.  Given the evidence in the preceding section, in order to 

unquestionably replicate the non-anthropometric findings of the experiments in this 
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dissertation (Chapters II, III, and IV); one must have the VAT phenotype in HA 

individuals.  A strength of this dissertation is its novel contribution to obesity genetics 

through positional cloning using a range of adiposity phenotypes in ethnic minority 

cohorts, but this is also a limitation.  As the IRASFS cohorts are unique, there are few 

suitable cohorts for an ideal replication, which was demonstrated previously in an 

overview of the extant genetic studies.  This does not diminish the importance of 

similarly natured studies, but rather underscores need for said efforts (Flores et al, 2002; 

Caballero, 2007).   

A finding of genetic association implies a statistical, rather than an imminently 

functional, relationship between a variant and a trait.  As such, any conclusions regarding 

the functional impact of a polymorphism are speculation until verified either in vitro or in 

vivo.  Financial and practical restraint made such experiments unfeasible for this 

dissertation.  For instance, a suspected primary mode of influence of SOCS3, NGEF, and 

RGS6 adiposity-associated SNPs is through control of food intake, which would require 

in vivo experiments beyond the scope of this dissertation.  In vitro assays of gene 

expression, metabolites, fatty acids, and other such dependent variables following 

introduction of an adiposity SNP place undue resources towards a novel statistical 

association (Fu et al, 2005).  Association with an adiposity trait may imply the discovery 

of a physiologically relevant variant or haplotype.  It is; however, more likely that the 

associated SNP reflects the presence of a functional variant nearby via LD, and does not 

enable definitive interpretation of the positive or null results of an in vitro study (Balding, 

2006; Montana, 2006; Altshuler, Daly, and Lander, 2009).  A critical intermediate step 
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prior to such functional studies is then successful replication of SNP association in 

similar cohorts, which hearkens to the firstly discussed limitation. 

Due to the random occurrence of SNPs with the presence of or change in an 

adiposity trait, a type I error can result in studies where large numbers of tests are 

conducted.  An accounting for the possibility of type I error in Chapters II and III was 

presented in their respective Discussion sections.  Briefly, because the IRASFS adiposity 

traits are correlated, and because inter-SNP LD over short distances makes the number of 

tested SNP and trait combinations unclear; the type of correction to be utilized is also 

unclear.  This dissertation has emphasized biological knowledge in the selection of 

candidate adiposity genes, augmenting a priori probability of genetic association, and 

further reducing likelihood of type I error.  In addition, the haplotype tagging SNP 

analyses engaged a range of quality controls to minimize errors, such as considering 

departures from HWE, Mendelian inconsistencies, and genotyping efficiency, as well as 

limiting the primary test of association to a single genetic model (2df for Chapters II and 

III and additive for Chapters IV and V; Balding, 2006; Montana et al, 2006; Talbert et al, 

2009).  Finally, in all prior chapters, that the IRASFS is a family study means that it is 

more robust to ethnic admixture in minority populations than case-control studies.  

Admixture has the most impact when the presence of an unaccounted for ethnic 

component at a locus significantly alters allele frequencies in either the cases or controls 

(Freedman et al, 2004; Balding, 2006; Laird and Lange, 2006).  

Type I error is particularly of concern in GWAS, where 1 million or more SNPs 

are tested for genetic association with adiposity.  Despite quality control, the IRASFS 

GWAS in HAs and AAs (in Chapters IV and V) are limited by the probability of false 
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positive results, as the GWAS SNPs of interest did not meet a stringent genome-wide 

significance.  However, some do not advocate a stringent threshold of genome-wide 

significance, but propose that multi-stage GWAS design is an adequate screen for false 

positives.  A multi-stage GWAS paradigm is utilized in Chapters IV and V of this 

dissertation, in which a subset of the overall study cohort is genotyped using a full 

GWAS array, and then only the most adiposity associated SNPs are genotyped in the 

entire cohort.  Subsequently, one can observe the magnitude of association in both the 

GWAS subset and the overall cohort, where the most convincing associations replicate 

across the entire study population with increasing number of subjects (Skol et al, 2006; 

Wang et al, 2006; Langefeld, 2009).  The adiposity association results for NGEF 

(BMI/SAT) and RGS6 (VAT) following further haplotype tagging and genotyping in 

Chapter IV are encouragement that not all of the GWAS results were false positives.  In 

addition, the 9 BMI-associated SNPs that overlapped in the top 10,000 between the 

IRASFS AA GWAS and the ESRD GWAS in Chapter V constitute an inter-study 

replication, which gives credibility to those results.  Conversely, the negative TCBA1 

(BMI) and SEMA3A (VAT) results in Chapter IV, and those for the BMI candidates 

(TMEFF2, CYP19A1/GLDN, and PEPD) selected from the IRASFS AA GWAS for 

replication in the ESRD GWAS in Chapter V, could well reflect type I error.   

Though it would have been ideal to perform a GWAS on the entire IRASFS HA 

and AA cohorts, this was not financially possible, and so a multi-stage design was 

implemented.  As a result of using subsets of the IRASFS HAs and AAs, the statistical 

power of Chapters IV and V is reduced because latter genotyping was conditional upon 

the most associated BMI or BMI-adjusted VAT SNPs from said GWAS subsets.  
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Therefore, the Chapter IV and V GWAS results that are not type I errors are likely biased 

towards SNPs either of higher minor allele frequencies or larger effect sizes.  Though 

power remains problematic in the full IRASFS AA cohort (n=581), the full IRASFS HA 

cohort had sufficient power to detect the magnitude of association present for NGEF and 

RGS6 in Chapter IV.  Under an additive model, MAF=0.15, and α=0.0001, latter stages 

of the GWAS had an estimated power of 90% to detect a 0.30 standard deviation change 

in the genotypic means in 1,190 HAs of the IRASFS (Norris et al, 2009).  The same is 

true in Chapters II and III, where under a recessive model, MAF=0.30, and α=0.05, the 

genotyping of SOCS3 and INSIG2 had an estimated power of 90% to detect a 0.33 

standard deviation change in the genotypic means of 1,200 HAs of the IRASFS 

(Langefeld, 2005).  Despite power being low in the IRASFS HA and AA GWAS, there is 

reason for optimism due to successful GWAS with smaller numbers of subjects.  One 

example is the nitric oxide-1 synthase activator protein (NOS1AP), which was initially 

identified as a candidate gene for cardiac repolarization in a GWAS of 200 Germans at 

the extremes of a population-based QT interval distribution (Arking et al, 2006).  

Subsequently, the NOS1AP gene has been replicated multiple times in both European 

and African-derived populations of several thousand (Post et al, 2007; Arking et al, 2009; 

Eijgelsheim et al, 2009; Nolte et al, 2009).  The purpose of this dissertation was to 

identify novel candidate adiposity genes and variants, and there is no reason to discard 

those identified without attempts at replication. 

Minor limitations common to the entire dissertation include the lack of haplotype 

tagging SNPs specific to a HA population and the gene-centric approach taken.  The 

International HapMap Project populations currently do not include one ancestral to 
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modern HAs, but will include Mexican Americans from Los Angeles in the future (The 

International HapMap Consortium, 2007).  Determining an ancestral population to 

southwestern HAs is challenging, as their heritage has been estimated as largely 

European and Native American with a smaller West African component (Bonilla et al, 

2004).  Due to the lack of a direct panel of HA haplotype tagging SNPs, the IRASFS HA 

GWAS could be biased in coverage towards the European, African, and Asian HapMap 

populations.  However, it has been demonstrated that selecting tags based on a 

combination of the CEU and YRI cohorts, as was done in the dense genotyping of 

Chapters II through IV, provides ample coverage of untyped variants in Latino 

individuals (de Bakker et al, 2006).  The experiments of this dissertation have adopted a 

gene-centric approach to positional cloning, in which association of SNPs within or near 

genes were given priority for further study.  As such, the findings do not consider or 

address the potential impact of SNPs in intergenic regions (So et al, 2008).  However, in 

Chapters II and III, a liberal definition of what constitutes the genic region was used, and 

more than 10-15 Kb on either side of SOCS3 and INSIG2 was assayed (Talbert et al, 

2009).  Meanwhile, in Chapters IV and V, the goal of this dissertation was to identify 

novel candidate adiposity genes, and a drive to generate immediately translational results 

placed priority on SNPs near or within genes for dense genotyping.    

Impact of these findings.  As stated previously, the most immediately anticipated 

impact on the course of obesity genetics is attempted replications of the findings of these 

experiments.  Following further evidence that the findings of Chapters II through V are 

globally relevant, additional studies will be merited.  That the IRASFS is a family study 

enables a number of approaches to identify rare variants that may have been identified by 
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proxy in haplotype tagging during Chapters II through IV.  For instance, the 5’-upstream 

SOCS3 SNPs accounted for some evidence of linkage with VAT on chromosome 17 in 

the IRASFS, which was manifested as a reduction in the global LOD score.  The IRASFS 

investigators can now examine the LOD scores at the genetic position of SOCS3 in 

individual families.  Subsequently, in families contributing to a significant global LOD 

score on chromosome 17 near SOCS3, tracing of the inheritance of the discovered SNPs 

in Chapter II, coupled with deep sequencing of the haplotype on which they reside, can 

potentially identify rare variants of large effect size.  Indeed, direct sequencing of 

haplotypes or genomic intervals of extreme interest, such as for the haplotype containing 

the novel VAT associated SNPs for INSIG2, or the tagged regions of NGEF BMI 

association or RGS6 VAT association, have the same potential.   

Confirmation of common variants of large or small effect size, or rare variants of 

large effect size, will merit functional studies.  It is difficult to envision the direction that 

functional studies would take, but an initial undertaken step may be determination of the 

effect on gene expression.  Dual luciferase reporter assays could be used to assess genetic 

variant effects on transcription efficiency, where genomic regions containing associated 

variants are inserted into a plasmid upstream/downstream of a luciferase reporter gene.  

After successful plasmid transfection, the functional impact of the variant(s) can be 

assessed by measuring change in relative luciferase activity, RT-PCR of the luciferase 

gene, and time-course RT-PCR to test RNA stability (Nackley et al, 2006; Chen et al 

2007; Shi, 2007).  One could also subclone SNPs and their containing introns or exons 

into a minigene construct following an approach like site-directed mutagenesis of wild 

type gene sequence, and then measuring impact on gene expression directly (Byrne et al, 
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2008).  Alternatively, HapMap lymphoblastoid cell lines could be ordered containing a 

tagging SNP or haplotype of interest and gene expression can be quantified for relation to 

said genotype (Friedman et al, 2009).   

The IRASFS is one of the most equipped studies for identifying adiposity genes 

underlying whole-body or central adiposity in common ethnic minorities of the US.  

External to the experiments of this dissertation, the IRASFS has previously made many 

contributions to the field of obesity genetics.  For instance, the IRASFS HAs have been 

subjected to previous SNP association analyses in genes known to be relevant in obesity, 

such as adiponectin.  In the study of adiponectin, 18 SNPs were analyzed for association 

with BMI, WAIST, WHR, SAT, and VAT, and 7 of these SNPS returned significant 

results.  A study of this type not only lends more credence to a given gene’s role in a 

disease as put forth by others; it also shows the viability of the IRASFS study population 

in the context of obesity genetics (Sutton et al, 2005).  Discovering novel genes 

explaining the predisposition to obesity observed in ethnic minorities provides future 

targets for more extensive study, which may direct the development of promising non-

surgical medical interventions and/or understanding of obesity’s molecular etiology.  In 

addition, if novel variants are discovered that strikingly drive obesity, it may be possible 

for genetic testing to identify those individuals at risk so they may modify their lifestyle 

accordingly.  However, the population-level variance in adiposity traits that any one of 

the genes or “common” SNPs identified herein affects is likely small.   

Yet still, the long-term impact of these results is unforeseeable, as recently posed 

by several authors in the following paradigm (Altshuler, Daly, and Lander, 2009).  

Studies of familial hypercholesterolemia, a disease which only affects .2% of the 
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population and accounts for a minimal amount of low density lipoprotein (LDL) or 

myocardial infarction heritability, led to the discovery of the LDL receptor.  In addition, 

GWAS identified common SNPs in the LDL receptor and 3-hydroxy-3-methyl-glutaryl-

CoA reductase (HMGCR, the rate limiting enzyme in the synthesis of cholesterol using 

acetyl-CoA) that influence circulating LDL.  Though variants in HMGCR affect only a 

small portion of variance in LDL levels (~5%), the class of statin drugs that inhibit 

HMGCR to lower blood cholesterol and LDL can have a dramatic impact (~30%; 

Kathiresan et al, 2008; Willer et al, 2008).  The genetic variance attributed to novel 

obesity loci may be small due to evolution, epistasis, and interaction with the 

environment, but the variance affected by drugs based on such loci is a matter of 

investigation (Altshuler, Daly, and Lander, 2009).   
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