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Obesity rates are rising rapidly in the United States, reaching epidemic 

proportions. Insights into which genes predispose individuals to develop obesity are a 

necessity. If people at risk for obesity can be identified, individualized treatment 

programs can be designed based on the individuals’ genetic and epigenetic predisposition 

to help decrease the rate of obesity and obesity-related diseases and deaths. This study 

will be focusing on the genes FTO, MAOA, SH2B1, CCKAR, NEGR1, LEPR, DNMT3B, 

and BDNF that have been previously associated with obesity risk and obesity-related 

phenotypes.  

Transcript levels of FTO and MAOA were analyzed using quantitative real-time 

RTPCR, promoter methylation was examined utilizing methylation-sensitive restriction 

enzyme digestion assays designed for each of the eight gene promoters, and the genotype 

at eight SNPs, previously associated with obesity, were examined. These data were 

compared to data gathered on body composition, eating behavior, and temperament. The 

goals of this project were to replicate results from previous research suggesting 

associations between certain genetic variants to body composition measures, to identify 
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novel associations between genetic and epigenetic variations and body composition, 

eating behavior, and temperament, and to provide evidence that the genes previously 

correlated to obesity in adults is also correlated to measures of obesity and obesity-related 

phenotypes in children. 

Decreased levels of methylation in the promoter of BDNF were associated with 

aberrant eating behaviors including, decreased food fussiness and decreased satiety 

response. These results were statistically significant after Bonferroni correction for 

multiple testing. Genotype analysis at the SNP, rs4923461, in BDNF identified an 

association between the G allele and increased emotional under-eating in males. This 

association also remained significant after Bonferroni correction. These data gathered for 

BDNF may suggest a novel role for BDNF in the regulation of energy balance and 

obesity.  

The data analysis for all expression, methylation, and genotype data identified 

associations with 16 different obesity-related phenotypes. These phenotypes included; 

three measures of body composition, seven eating behaviors, two measures of food 

intake, one measure of self-regulation, and three measures of temperament. These 

associations were held to a lower statistical standard and are considered suggestive 

pending replication in a larger sample. This research was able to provide novel insight 

into genetic and epigenetic alterations that modify obesity-related phenotypes in African 

American children.  

A cumulative genetic and epigenetic “obesity risk factor” score was derived using 

all significant and suggestive associations to obesity-related phenotypes. The score was 

derived from the methylation analysis from all eight gene promoters, SNPs from LEPR, 
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DNMT3B, and BDNF, and expression data for MAOA and FTO. The “obesity-risk 

factor” score was significantly higher in obese compared to non-obese individuals, 

suggesting the combined genetic and epigenetic approach has value in the prediction of 

childhood obesity in African Americans.  
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CHAPTER 1 
 

INTRODUCTION 
 
 
 

1.1 Obesity, a Growing Epidemic 

 Obesity rates are rising rapidly across the world, particularly in the United States. 

Obesity is defined as excess in body fatness (Ogden, et al, 2010) that can lead to the 

development of adverse health effects (Spiegelman and Flier, 2001). Body mass index 

(BMI) is an index of weight versus height that can be used to classify a person’s weight 

status. The index is typically divided into four categories: underweight, healthy, 

overweight, and obese. In adults, a BMI of greater than 25 is classified as overweight, 

and a BMI of greater than 30 is classified as obese. However, particularly in children, a 

single measure of BMI is not useful for determining obesity (Wisniewski and 

Chernausek, 2009). BMI varies with age-related growth patterns that differ between the 

sexes, therefore the use of BMI percentiles adjusted for age and sex is more appropriate 

for childhood obesity studies (Wisniewski and Chernausek, 2009). Children with a BMI 

in the 95th percentile or above are considered obese, and children in the 85th to 95th 

percentile are considered overweight (Ogden, et al, 2010).  

 The World Health Organization (WHO) has declared that obesity rates have 

doubled since 1980, and, in 2008, 1.5 billion adults were classified as overweight, and of 

those, over 200 million men and 300 million women were classified as obese. The 

instances of children being classified as overweight or obese are also increasing. In 2010 

the WHO reported that 43 million children under the age of five were considered 

overweight.  
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 Obesity related diseases are the fifth leading cause of death globally. The WHO 

declared that obesity is responsible for 44% of diabetes cases, 23% of ischemic heart 

disease, and between 7% and 14% of certain cancers. It is extremely important to identify 

the risk factors for obesity, be they genetic, environmental, or behavioral, so people at 

risk can be identified and encouraged to make lifestyle changes to prevent obesity related 

deaths and diseases.  

 The present study examines the role of eight different genes previously correlated 

with increased risks for the development of obesity. These genes play different roles in a 

range of physiologic pathways leading to obesity. This study will determine whether 

epigenetic and genetic variation at these loci is associated with obesity in African 

American children, confirm data generated from previous studies, and provide a novel 

insight to the role of methylation in the promoters of obesity-associated genes. 

 

1.2 The Hypothetical Origins of Obesity 

 The genetics underlying obesity have been developing throughout the evolution of 

man, and the environment we live in has facilitated the explosion of obesity rates we see 

today (Spiegelman and Flier, 2001). Over the past 30 years, there has been an increase in 

the amount of daily energy intake among adults in the United Sates (Duffey and Popkin, 

2011). The level to which food is processed, more affordable, and marketed today 

facilitate this overconsumption of high-energy food (Swinburn, et al, 2011). Several 

hypotheses have been developed to explain the genetic origins of obesity, and how they 

may interact with the environment to result in obesity. No one hypothesis has reached full 

consensus in the field. The hypotheses include: the thrifty gene hypothesis, the fetal 
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programming hypothesis, the predation release hypothesis, the sedentary lifestyle 

hypothesis, and the complex hypothesis.  

 The thrifty gene hypothesis states that throughout the evolution of man, selective 

pressures such as famine favor genetic alterations that lead to weight gain and help 

promote survival (Neel, et al, 1962). In times when food is plentiful these genetic 

alterations lead to weight gain and obesity (Neel, et al, 1962). This hypothesis receives 

the most support in the field. However, there are several others that should also be taken 

into account. 

 The fetal programming hypothesis states that maternal overnutrition or 

undernutrition alters the development of the infant’s metabolism (Vickers, et al, 2000). 

The state in the womb can trigger a postnatal response, possible mediated by epigenetic 

mechanisms (Vickers, et al, 2000). These changes can lead to disruptions of genes 

involved in metabolism and to a predisposition to develop obesity (Vickers, et al, 2000). 

Many studies have been done in mice to show that changes in maternal nutrition, growth, 

or nutrient restriction, can modify gene expression in the offspring by altering epigenetic 

status of different gene promoters (Heerwagen, et al, 2010). This data shows that the 

offspring are capable of responding to the nutritional environment in utero by altering the 

epigenetic signature of genes (Heerwagen, et al, 2010), many of which may be involved 

in nutrient absorption, metabolism, and energy balance. 

 The predation release hypothesis postulates against the thrifty gene hypothesis 

stating that early evolution in humans would select against obesity promoting genes 

because predators would more easily capture obese individuals (Speakman, et al, 2007). 

Once humans were able to develop methods of defending themselves this evolutionary 
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pressure for fitness was released, and over thousands of years, random genetic drift 

occurred leading to the accumulation of genes that predispose an individual to develop 

obesity (Speakman, et al, 2007). 

 The sedentary lifestyle hypothesis recognizes that over the past 50 years there has 

been a drastic decrease in the amount physical activity at work and during leisure time, 

which is responsible for the development of obesity (Hill and Peters, 1998). This, 

however, is controversial because some studies have found the levels of activity are 

similar to 50 years ago, and obesity is more likely due to the increase in availability of 

energy-dense foods (Hill and Peters, 1998).  

 Lastly, the complex hypothesis argues that no single hypothesis is responsible for 

the development of obesity, but it is a combination of all of the hypotheses (Walley, et al, 

2009). This hypothesis is the most probable because obesity is a very complex disorder. It 

is not a single gene or signaling pathway that is responsible for the development of the 

disease, but interplay between genetic, environmental, and psychosocial factors that 

could develop in a manner described by each of these hypotheses. All of these factors and 

hypotheses interact to increase the individual’s risk of developing obesity. 

 

1.3 Examining Gene Function  

 Deoxyribonucleic acid (DNA) is the molecule responsible for organizing and 

storing all genetic information (Alberts et al 199-200). For a gene to function, its DNA 

sequence must first be transcribed into messenger ribonucleic acid (mRNA), and then 

translated into a functional protein (Alberts et al 199-200). Alterations to the DNA 

sequence can result in changes in the ribonucleic acid (RNA), and ultimately the protein 
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produced may function abnormally (Alberts et al 553). Each gene can be transcribed and 

translated with different efficiencies affecting the amount of gene product (Alberts et al 

331). All genes have a regulatory promoter region that responds to different signaling 

proteins and to different combinations of proteins, which affect the rate of gene 

transcription (Alberts et al 416). Mutations in genes, or the proteins that regulate other 

genes, can disrupt cell processes and result in a different disease phenotypes (Alberts et 

al 553). 

 Single nucleotide polymorphisms (SNPs) are naturally occurring variations in the 

human genome; they make up a total of 90% of all DNA polymorphic events (Brooks, 

1999). SNPs are single base changes in DNA that occur in normal individuals across 

populations (Brooks, 1999). Most SNPs are common to all populations, but differ in 

frequency (Brooks, 1999). An individual’s risk of developing many common diseases is 

strongly associated with the patterns of SNPs they possess (Brooks, 1999). When 

different patterns of SNPs are inherited together, this phenomenon is called linkage 

disequilibrium (LD) (Alberts et al 561). LD is defined as the non-random segregation of 

alleles or SNPs. SNPs can be inherited in clusters, escaping rearrangement due to 

recombination events, and lead to the development of unique patterns of SNPs that pass 

within families and populations (Alberts et al 561). One SNP alone is not sufficient to 

cause an illness or complex phenotype (Brooks, 1999). The combined effects of a 

collection of SNPs in key genes, such as the obesity genes described in this study, along 

with different environmental factors, such as availability of energy dense foods, will 

determine if an individual will suffer from a particular complex disease phenotype 

(Brooks, 1999). Direct alteration of the DNA sequence, such as a SNP, can lead to 
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disruption in gene function and gene expression, but there are many other types of 

alterations that can have a similar result.  

 Epigenetic changes are alterations to DNA that do not result in a change to the 

nucleic acid sequence. These changes play an important role in gene expression and 

function. DNA methylation, particularly at the promoter regions of genes, can affect 

levels of gene expression. Methylation occurs at specific sites throughout the genome at 

the 5’ position of the nucleic acid base cytosine when it is directly followed by the base 

guanine (CpG). Methylation, in promoter regions of genes, affects the recruitment of 

cofactors needed to repress or activate gene transcription (Ooi, et al, 2009). About 40% 

of all human genes have promoters associated with CpG islands which are typically 

unmethylated and play important roles in gene regulation (Fatemi, et al, 2005). 

 CpG islands are areas rich in GC content and contain a high density of CpG sites 

(Gardiner-Garden and Frommer, 1987). These regions are at least 200bp in length, have a 

GC content of greater than 50%, and have a CpG ratio of observed divided by expected 

of greater than 0.60 (Gardiner-Garden and Frommer, 1987). The observed divided by 

expected ration can be identified by the following formula; obs/exp CpG Ratio = 

((Number of CpGs) / (Number of Cs x Number of Gs)) x Total bp length (Gardiner-

Garden and Frommer, 1987). Methylation in gene promoters typically has a silencing 

effect on gene expression (Gregory, 2001). Many human diseases, including cancer, have 

been correlated with differences in the methylation profile of the human genome 

(Rakyan, et al, 2004).  

 I hypothesize that differences in promoter methylation in genes involved in the 

regulation of energy homeostasis and metabolism will predispose individuals to develop 
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obesity. Obesity is a very complex quantitative disorder and each single genetic variant 

will exert a small effect on the predisposition to develop obesity. Genetic variants will 

work in conjunction with epigenetic variation and environment factors, such as 

availability of energy dense food, to result in the development of common obesity. 

 

1.4 Discovering the Genetic Link 

 Other than rare monogenic forms of obesity, common obesity is a polygenic 

disorder that does not follow simple Mendelian inheritance patterns. The very first 

experiments that set out to explore the genetic links to common obesity were family 

studies. Family studies examine the correlation of obesity among first-degree relatives 

and siblings. The first studies done in siblings found that shared environment is only 

responsible for about 11% of the variance in BMI and the rest of the variance is likely 

due to genetics (Skunkard, et al, 1986). Family studies show a substantial correlation of 

percent body fat between first-degree relatives and not between spouses, suggesting 

genetics, rather than environment, plays a strong role in development of increased body 

fatness (Skunkard, et al, 1986). Twin studies were conducted following these studies to 

obtain more insight into the genetics behind obesity. 

 Skunkard and colleagues were the first to use a large population of twins to 

examine the heritability of obesity. Twin studies are uniquely able to discriminate 

between environmental and genetic variance because monozygotic (MZ) twins share all 

of their genetic material, while dizygotic (DZ) twins only share 50% of their genetic 

material. When these two groups are compared, the fraction of genetic and environmental 

variation can be determined for a particular disease phenotype.  
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 Skunkard’s study examined 5,884 MZ and 7,492 DZ drawn from the Twin 

Registry panel, which was supported by the National Academy of Sciences-National 

Research Council (Skunkard, et al, 1986). Several measures of body fat from these twin 

sets were taken, including BMI and weight, and concordance rates were derived 

(Skunkard, et al, 1986). Concordance rates determine the probability the same trait will 

appear in both twins. Higher concordance rates were found among MZ twins when 

compared to DZ twins at the start of the experiment, as well as at a 25-year follow-up 

(Skunkard, et al, 1986). Heritability scores were calculated from interclass correlations 

and found to be 0.77 for BMI at the start of the experiment, and 0.84 at the 25-year 

follow-up (Skunkard, et al, 1986). This data suggests that about 80% of the variance in 

BMI can be attributed to genetic factors, and that this variance remains stable over a 

lifetime (Skunkard, et al, 1986). This study provided further evidence for a genetic basis 

to obesity, however further studies were needed to elucidate which particular genes play a 

role in the predisposition for developing obesity. 

 Genome-wide association studies (GWAS) followed the twin studies. GWAS 

examine the occurrence of SNPs throughout the genomes of different populations. 

GWAS are high-throughput studies designed to perform analysis of thousands of SNPs 

on thousands of subject genomes, usually comparing a control group with a group 

expressing a certain disease phenotype (Walley, et al, 2009). These studies allow 

identification of certain locations in the human genome that are associated with an 

increased risk of a particular disease.  

 In the case of obesity, GWAS identified SNPs in about 20 genes associated with 

increased BMI (Walley, et al, 2009). Of these genetic variants, the variants found in the 
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fat mass and obesity-associated gene (FTO) were the strongest risk factors identified for 

the development of obesity (Walley, et al, 2009). GWAS opened the door to identify the 

genes that may play a role in a person’s risk for developing common obesity. Research 

must now focus on determining whether these results are real, and elucidate the 

mechanisms by which these genes contribute to the development of common obesity. 

 

1.5 The Physiology of Obesity 

 

1.5.1 The Central Nervous System and the Hypothalamus 

 Obesity results from an energy imbalance between intake and expenditure 

(Spiegelman and Flier, 2001). The central nervous system (CNS) sends signals to the 

brain where they are integrated, and then output signals are sent back via the CNS to 

regulate body composition and energy balance (Spiegelman and Flier, 2001). In the brain, 

the hypothalamus, located just above the brain stem and below the thalamus, is the 

central control responsible for integrating neuronal, endocrine, and metabolic signals 

from a variety of systems to regulate food intake and energy balance (Spiegelman and 

Flier, 2001). After receiving and integrating the information, the hypothalamus triggers 

effector pathways resulting in behavioral, autonomic, and endocrine responses 

(Spiegelman and Flier, 2001).  

 The hypothalamus integrates this information through several different tissue 

nuclei (Figure 1; Bell, et al, 2005). The most active integration is via the arcuate nucleus 

(Bell, et al, 2005). The arcuate nucleus is an aggregation of two different types of 

neurons (Bell, et al, 2005). Orexigenic neurons produce agouti-related protein (AGRP) 



 10 

and neuropeptide Y (NPY). These neurons are responsible for sending signals to prompt 

food intake and decrease energy expenditure (Bell, et al, 2005). Anorexigenic neurons 

produce pro-opiomelanocortin (POMC) and cocaine and amphetamine-related transcript 

(CART), responsible for sending signals to induce satiety and energy expenditure (Bell, 

et al, 2005). The peptides released from these neurons bind to the melanocortin 4 receptor 

(MC4R), either activating or suppressing further signaling (Spiegelman or Flier, 2001). 

Activation of MC4R by anorexigenic peptides triggers signaling cascades to reduce food 

intake (Spiegelman and Flier, 2001). Orexigenic peptides suppress MC4R signaling and 

trigger an increase in food intake (Spiegelman and Flier, 2001). Regulation of feeding 

behavior via the hypothalamus is tightly regulated, and disruption of this regulation can 

lead to increase energy intake and risk of obesity. 
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Figure 1. Regulation of Food Intake and Energy Expenditure. Nuclei in the arcuate 

nucleus of the hypothalamus integrate information from multiple organ systems to 

produce orexigenic and anorexigenic signals to regulate feeding behavior. Orexigenic 

signals promote food intake and decrease energy expenditure. Anorexigenic signals 

prompt the opposite effect (modified from Bell, et al, 2005). Some of genes examined in 

this study are indicated in blue rectangles. MAOA modulates dopamine signaling and the 

reward response triggered while eating, BDNF acts down stream of MC4R to continue 

the signaling cascade to induce satiety, LEPR activates anorexigenic signals and 

suppressed orexigenic signals, SH2B1 is a positive modulator of LEPR signaling, and 

CCKAR signals from the gastrointestinal tract to trigger an anorexigenic response. 
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1.5.2 Signals Received in the Hypothalamus 

 The nuclei in the hypothalamus receive many types of information from many 

different sources (Berthoud, 2002). Endocrine and metabolic signals form the digestive 

tract and adipocytes are indicative of the internal state of energy intake and expenditure 

(Berthoud, 2002). Signals from the digestive tract are involved in the metabolism of food 

and energy. Impairments in these genes, such as leptin (LEP) and insulin (INS), or their 

signaling pathways can result in decreased basal and exercise driven calorie expenditure, 

impaired fat oxidation, and increased fat stores. (Walley, et al, 2009).  

 The adipocyte is important in relaying the nutritional state of an individual to the 

hypothalamus, and is responsible for fat storage and mobilization (Walley, et al, 2009). 

Leptin is the main signal secreted from the adipocyte responsible for regulating energy 

intake and expenditure (Bell, et al, 2005). Leptin is active in the long-term regulation of 

adiposity (Bell, et al, 2005), and fat mass in humans can be tied directly to adipocyte size 

and number (Walley, et al, 2009). Throughout childhood and adolescence, adipocytes 

steadily increase in number, regardless of weight. However, in adulthood, the number of 

adipocytes remains the same (Walley, et al, 2009). It has been noted that 75% of obese 

children become obese adults (Walley, et al, 2009). Seminal studies demonstrated that 

early onset obesity triggers earlier adipocyte growth leading to a larger number of 

adipocytes and obesity in adulthood (Walley, et al, 2009).  

  Information from the forebrain associated with the acquisition, storage, and 

retrieval of sensory information regarding external food availability and internal food 

experience is also integrated in the hypothalamus. The forebrain includes the olfactory 

bulb and nucleus accumbens, which can be two powerful regulators of food intake, and 
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can alter eating behaviors (Berthoud, 2002; Spiegelman and Flier, 2001). All of these 

behavioral, metabolic and endocrine pathways regulate feeding behavior and energy 

balance, and when these pathways become disrupted, this can lead to over-eating, weight 

gain, and obesity. 

 

1.6 Environmental Influences on Eating Behavior 
 
 Several lines of evidence show that there are several chemicals found in the 

environment which can alter the regulation of energy balance, favoring weight gain and 

obesity (Grün and Blumberg, 2009). These chemicals are known as obesogens. 

Obesogens are defined as chemicals that inappropriately alter lipid accumulation (Grün 

and Blumberg, 2009). Obesogens can have a wide range of affects in a variety of 

pathways (Grün and Blumberg, 2009). These pathways include: alteration of metabolic 

sensors, sex steroid dysregulation, and altered control of energy balance (Grün and 

Blumberg, 2009). While obesogens were not examined in this study, they are an 

important environmental factor that could alter the risk to develop obesity. 

 An individual’s early food related experiences are also important in the 

development of dietary patterns and eating styles that children will adapt later in life 

(Ventura, et al, 2010). Children’s eating behavior is no longer solely deprivation driven 

by the age of three and is increasingly influenced by parental and environmental cues 

(Hughes, et al, 2005). Children’s eating behaviors have been examined in several studies 

to determine how different behaviors correlate to obesity and weight. One tool used to 

address eating behaviors in children is the Child’s eating behavior questionnaire that 

addresses eight different eating behaviors (Wardle, et al, 2001). These eating behaviors 



 14 

include the following: food fussiness, satiety response, emotional over- and under-eating, 

food responsiveness, enjoyment of food, slowness in eating, and desire to drink (Wardle, 

et al, 2001). A study conducted by the Webber group found seven of these behaviors to 

associated with higher weight status in children seven to nine and nine to 12 years old 

(Webber, et al, 2008). Higher weight status was correlated to decreases in satiety 

response, slowness in eating, and food fussiness and increases in food responsiveness, 

enjoyment of food, emotional over-eating, and desire to drink (Webber, et al, 2008). 

 Different parental behaviors have also been correlated to increased snack food 

consumption and intake of energy dense foods in children (Sleddens, et al, 2010). Parents 

who require children to eat certain foods in order to gain a reward tend to decrease their 

child’s liking for the required food. Foods used as rewards, usually snacks or sugary 

foods, have been found to increase children’s liking for the reward food and correlate 

with higher BMI in children in the United States (Sleddens, et al, 2010). Constriction of a 

child’s diet, by forbidding certain foods, has also been shown to increase the child’s 

liking and desire for the forbidden food (Sleddens, et al, 2010). These parental behaviors 

alter the child’s food preferences and may lead to the children making poorer food 

choices later in life (Sleddens, et al, 2010). Parents who encouraged their children to eat 

breakfast and try a variety of foods have children who tend to have lower BMI and 

consume less sugar-sweetened and energy dense foods (Sleddens, et al, 2010). 

 Along with parental feeding practices, child temperament can affect food intake 

and predisposition to develop obesity (Haycraft, et al, 2011). Temperament is defined as 

“personal characteristics that are biologically based, are evident from birth onwards, are 

consistent across situations and have some degree of stability” (Schaffer 70). 
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Temperament can be divided into three major categories; emotionality, sociability, and 

activity (Pulkki-Råback, et al, 2005). A child’s temperament can influence which feeding 

practices parents use, why some children have better emotional relationships with food, 

and why some children are more susceptible to over-eating and feeding problems 

(Haycraft, et al, 2011). To soothe more emotional children, parents may use food to 

regulate the child’s behavior and emotional states, leading to abnormal eating behaviors 

later in life (Haycraft, et al, 2011).  

 This study will examine temperament scales spanning surgency, negative affect 

and effortful control. Surgency, negative affect, and effortful control are three broad 

dimensions of temperament (Rothbart, et al, 2001). Surgency is related to degree of 

extraversion categorized by high intensity pleasure, activity level, smiling and laughter, 

and decreased shyness (Rothbart, et al, 2001). Negative affect primarily corresponds to 

degree of negative emotions assessed by levels of discomfort, fear, anger and frustration, 

sadness, and decreased soothability (Rothbart, et al, 2001). The final dimension of 

temperament is effortful control, which is measure by levels of inhibitory control, 

attentional focus, low intensity pleasure, and perceptual sensitivity (Rothbart, et al, 

2001). Previous research has indicated children with lower inhibitory control and higher 

degrees of negative emotions are at increased risk for obesity (Pulkki-Råback, et al, 

2005; Haycraft, et al, 2011; Francis and Susman, 2009). 

 Results of studies examining solely child temperament or parental feeding cues 

are highly varied and inconsistent. This is likely due to genetic predispositions in certain 

children for the development of obesity. Children who are genetically predisposed to the 

development of obesity will be influenced more strongly by an obesogenic environment 
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than children who do not have a genetic predisposition for obesity. It is extremely 

important to examine the environmental cues that contribute to increased energy intake 

alongside genetic and epigenetic predispositions. This study will be the first to examine 

behavioral characteristics, genotype, and epigenotype within the same population, even 

though on a small scale. Looking at these three traits that contribute to obesity has never 

been examined within the same population, and in doing this we will be able to elucidate 

a better understanding of how these different traits interact to result in obesity. Examining 

these traits together will allow identification of high-risk individuals. These individuals 

can then alter environmental factors and feeding behaviors to reduce their future risk of 

developing obesity and obesity related diseases as adults. 

 

1.7 Genes Associated Obesity Risk 

 

1.7.1 Fat Mass and Obesity-Associated Gene 

 The Fat mass and obesity-associated gene (FTO) located on chromosome 

16q12.2, was first identified in GWAS to contain SNPs in the first intron to be associated 

with the development of type 2 diabetes (T2D) (Frayling, et al, 2007). These SNPs were 

later found to be associated primarily with increased BMI and with T2D indirectly 

(Frayling, et al, 2007). Three SNPs in FTO were found and replicated to have an 

association with obesity in a variety of populations; rs9939609, rs8050136, and 

rs3751812. In African American children the SNPs rs8050136 and rs3751812 were 

shown to confer a risk for obesity comparable to the obesity risks seen in Caucasian 

children (Grant, et al, 2008). Several studies examining food intake in children, found 
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that the risk allele at rs9939609 in FTO was also associated with increased food intake 

(Wardle, et al, 2009; Timpson, et al, 2008). One of these studies found that the risk allele 

was associated with diminished satiety response scored from the child’s eating behavior 

questionnaire (Wardle, et al, 2008). After strong associations of FTO sequence variants 

with increased BMI and food intake were identified, experiments began to unlock the 

function of FTO 

 The first studies of FTO function were performed in silico and identified FTO to 

have features similar to 2-oxoglutarate oxygenases (Gerken, et al, 2007). Orthologs were 

identified in many species ranging from algae to other mammals (Gerken, et al, 2007). 2-

oxoglutarate oxygenases catalyze oxidation reactions in most living organisms, and have 

been found to play role in collagen biosynthesis, nucleic acid repair, and transcriptional 

regulation of the hypoxic response (Clifton, et al, 2006). FTO was found to be most 

similar to an Escherichia coli enzyme alpha-ketoglutarate-dependent dioxygenase 

(AlkB), which acts as a nucleic acid demethylase via hydroxylation of methyl groups 

(Gerken, et al, 2007). This gene function was tested and confirmed in vitro to show that 

mouse Fto does act as a nucleic acid demethylase, preferring the substrate 3-

methylthymine (Gerken, et al, 2007).  

 Gerken’s study was not able to show the demethylation of 5-methylcytosine by 

Fto, but suggested FTO still plays a role in regulation of other genes involved in 

metabolism by nucleic acid demethylation (Gerken, et al, 2007). An alternative 

suggestion is that FTO plays a role as a DNA nucleic acid repair enzyme, indicated by its 

preference for 3-methylthymine, a minor DNA lesion (Gerken, et al, 2007). Several 

studies have identified a link between dysregulation of DNA repair processes, obesity, 
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and metabolic syndromes (Gerken, et al, 2007). Alterations of any of the possible 

functions of FTO could lead to disruptions and alterations of a wide range of genes that 

could be involved in energy balance or energy intake, as described by previous studies, 

leading to changes in eating behaviors and obesity. However, more research needs to be 

conducted using human FTO to identify its exact role in the development of obesity.  

 

1.7.2 DNA (cytosine-5-)-Methyltransferase 3 Beta 

 DNA (cytosine-5-)-methyltransferase 3 beta (DNMT3B), found on chromosome 

20q11.21, is essential for the maintenance of DNA methylation following DNA 

replication (den Hoed, et al, 2009). Several SNPs in DNMT3B associated with obesity 

have shown alterations in promoter activity, resulting in low-activity of DNMT3B (den 

Hoed, et al, 2009). However, other studies in mice have shown that global 

hypermethylation is associated with obesity (Singh, et al, 2008). These results were 

replicated in a human Singapore Chinese population. The Kim lab examined global DNA 

methylation in peripheral blood leukocytes of 286 Singapore Chinese men and women 

and found that global DNA hypermethylation is positively associated with obesity (Kim, 

et al, 2010). These data would suggest that a more active variant of DNMT3B, likely 

leading to increased global DNA methylation, would contribute to the development of 

obesity. Over-activity of DNMT3B is hypothesized to lead to changes in methylation on 

many genes leading hypermethylation and silencing of these genes. Studies need to be 

conducted to determine which genes DNMT3B impacts, however, it is hypothesized that 

DNMT3B will silence genes important in signaling to inhibit food intake and metabolism 

which could lead to over-eating and obesity. 
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1.7.3 Leptin and the Leptin Receptor 

 Leptin (LEP) is an adipocyte-derived hormone that is responsible for regulating 

energy homeostasis by binding and activating the leptin receptor (LEPR) to modulate 

different signaling cascades in the arcuate nucleus of the hypothalamus (Riestra, et al, 

2010). LEPR, found on chromosome 1p31.3, activates anorexigenic neurons while 

inhibiting orexigenic neurons (Bouret, et al, 2004). Variants of LEPR resulting in 

decreased LEP sensitivity have been associated with higher BMI in humans (den Hoed, et 

al, 2009). 

 

1.7.4 Src-homology 2 Domain-Containing Adaptor Protein  

 The Src-homology 2 domain-containing adaptor protein (SH2B1), located on 

chromosome 16p11.2, is a cytoplasmic adaptor protein facilitating activation of multiple 

signaling pathways (Ren, et al, 2007). SH2B1 binds via its src homology 2 domain to a 

variety of tyrosine kinases, including Janus kinase 2 (JAK2) and the insulin receptor 

(Ren, et al, 2007). JAK2 binds to LEPR in response to LEP stimulation and this 

interaction is positively regulated by SH2B1 (Ren, et al, 2007). SH2B1 also mediates 

signaling from a large variety of sources such as hormones, growth factors, and cytokines 

(Ren, et al, 2007). Mice deficient in Sh2b1 are morbidly obese and diabetic with an 

impaired ability to regulated body weight and glucose metabolism as well as extreme 

LEP resistance (Ren, et al, 2007). A coding variant, rs7498665, in exon six of SH2B1 

was identified in GWAS to be associated with obesity (Thorleifsson, et al, 2009). It is 

thought that the G allele at this locus is associated with decreased activity of SH2B1 and 
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LEP signaling, and will lead to increased fat accumulation (Hotta, et al, 2011). 

Disruption in the function of the gene will lead to over-eating, weight gain, and obesity. 

 

1.7.5 Brain Derived Neurotrophic Factor 

 The brain derived neurotrophic factor (BDNF) gene encodes a product essential in 

differentiation of the central nervous system (Beckers, et al, 2008). BDNF, found on 

chromosome 11p14.1, was first linked to obesity in mouse studies in which partial knock-

out of Bdnf leads to age-associated onset of obesity (Lebrun, et al, 2006). When Bdnf 

was completely knocked down postnataly in mice, after the crucial time of neuronal 

development, the mice displayed an obese phenotype indicating that Bdnf also plays a 

role in regulation of feeding behavior (Leburn, et al, 2006). Another study in mice found 

that a disruption in the regulatory region of Bdnf results in decreased gene expression, 

obesity, and T2D (Sha, et al, 2007). A mutation in BDNF was found in an obese patient, 

and several GWAS found SNPs at the BDNF locus to be correlated to an increase in BMI 

(Beckers, et al, 2008). BDNF was later found to act downstream of MC4R in the ventral 

medial hypothalamus (VMH)(Xu, et al, 2003). Anorexigenic activation of MC4R in the 

VMH leads to activation of BDNF and continuation of the signaling cascade to induce 

satiety (Xu, et al, 2003). This gene is extremely important in modulating the signaling 

required to control food intake and has recently become a therapeutic target for the 

treatment of obesity (Heneghan, et al, 2010).  
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1.7.6 Neuronal Growth Regulator 1 

 Neuronal growth regulator 1 (NEGR1), located on chromosome 1p31.1, was 

found to have several SNPs associated with obesity in GWAS in adults and children. The 

function of this gene and how it predisposes individuals to obesity remains elusive. 

NEGR1 is highly expressed in the brain and hypothalamus and is thought to play a role in 

neuronal outgrowth (Willer, et al, 2009). Due to its role in neuronal outgrowth NEGR1 

has been hypothesized to modulate neuronal signaling of feeding behavior (Willer, et al, 

2009). Future research must focus on the function of this region and how this gene 

functions to contribute to the development of obesity. 

 

1.7.7 Cholecystokinin and Cholecystokinin Receptor A 

 Cholecystokinin (CCK) is a gene encoding a peptide hormone that plays a role in 

satiety response (Takata, et al, 2002). CCK signals via two receptors; cholecystokinin 

receptor A (CCKAR), and cholecystokinin receptor B (CCKBR) (Takata, et al, 2002). 

CCK affects short-term regulation of food intake in animals and humans, and when fat is 

ingested this stimulates the release of CCK (Ayra, et al, 2004). CCKAR, located on 

chromosome 4p15.2, encodes a receptor that has a high affinity for CCK and like 

peptides and a low affinity for gastrin, whereas CCKBR has a high affinity for both 

(Takata, et al, 2002). CCKAR signaling leads to the secretion of pancreatic enzymes and 

postprandial gallbladder responses, and has been found to carry variants associated with 

obesity and T2D in humans and animal models (Takata, et al, 2002). CCKBR regulates 

acid secretion and contraction of smooth muscle, and has not been found to have variants 

associated with obesity (Takata, et al, 2002).  
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 Five variants in CCKAR have been identified in patients who are obese and have 

T2D (Ayra, et al, 2004). Rats that do not have Cckar develop obesity, hyperglycemia, 

and T2D, and Cckar antagonists have been found to increase food consumption (Ayra, et 

al, 2004; Bednar, et al, 1991). There is strong evidence that CCK and CCKAR play an 

important role in inducing satiety and regulating food intake; disruption of this signaling 

pathway is hypothesized to lead to reduced satiety and obesity. 

 

1.7.8 Dopamine  

 A food’s palatability is sufficient to cause eating in excess of the homeostatic 

needs of an individual (Hajnal, et al, 2007). This is likely due to reward circuits, which 

are activated while eating (Hajnal, et al, 2007). The reward response is mediated in the 

brain via mesolimbic dopamine (DA) signaling, particularly in the nucleus accumbens 

(NAcc) (Gieger, et al, 2009). DA regulates reward response by producing a positive 

feeling in response to certain stimuli such as food and drugs (Contreras, et al, 2002). 

Dopamine levels and other neurotransmission in the NAcc are positively correlated with 

the amount of sucrose intake in mice (Hajnal, et al, 2007). The reward response circuitry 

is extremely important in the regulation of feeding behaviors, and disruption of this 

signaling can lead to over-eating and obesity. 

 

1.7.9 Monoamine Oxidase-A 

 The monoamine oxidase-A gene (MAOA), located on chromosome Xp11.3, 

encodes a enzyme responsible for the oxidative deamination and degradation of 

monoamine neurotransmitters serotonin, noradrenalin, and DA (Ducci, et al, 2006). Maoa 



 23 

function was first identified in gene knock-out experiments in mice (Ducci, et al, 2006). 

Mice without functional activity of Maoa had higher levels of monoamine 

neurotransmitters and manifested heightened aggression (Ducci, et al, 2006). Further 

studies in humans found that disruptions of MAOA function lead to behavior problems 

associated with high impulsivity, aggression, and some psychiatric disorders including 

eating disorders (Ducci, et al, 2006). Low activity of MAOA has been shown to be 

associated with high BMI in several studies (Ducci, et al, 2006). These results are likely 

due to effects of MAOA in modulating the reward circuitry of DA.  

 

1.8 Diagnostic Usefulness of Saliva 

 All of the DNA and RNA used in this study was extracted from saliva. Saliva was 

used as a quick, convenient, non-invasive method to collect genetic material from young 

children. Although most of the genes’ primary function relating to obesity occurs in the 

brain, DNA and RNA collected from saliva will still be able to provide insight regarding 

alterations of obesity-associated genes. 

 Traditionally in genetic research, DNA and RNA have been extracted from white 

blood cells derived from whole blood (James, et al, 2008; Iwasiow and Desbois 2007). 

White blood cells are able to provide large amounts of high quality RNA and DNA; 

however, it requires a phlebotomist and slightly invasive means to acquire them through 

traditional blood drawing (Smith, 2010). Flow cytometry analysis of saliva has shown 

that saliva is composed of primarily epithelial cells, erythrocytes, leukocytes, and 

bacterial cells, with the highest cell count being bacteria, followed by leukocytes (Aps, et 

al, 2002). Other studies have shown saliva to contain primarily white blood cells, up to 
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74% (Thiede, et al, 2000). White blood cells gathered from saliva are able to provide 

similar high quality DNA and RNA yields to those gathered directly from blood 

(Birnboim, 2004; Iwasiow and Desbois 2007).  

The bacterial content of saliva has also been shown to be minimal when using the 

Oragene saliva collection vials, due to the presence of potent antibacterial agents (James, 

et al, 2008). When the DNA extracted using these collection vials was analyzed, about 

88% of DNA was genomic DNA, and only 12% of the DNA was bacterial (James, et al, 

2008). This is a significantly smaller amount of bacterial DNA in comparison to other 

methods of saliva collection, although still more than what is found in blood (James, et 

al, 2008). The presence of bacterial DNA will not affect the results of the human 

sequence-specific analysis that was done in this study. 

Another concern about using saliva to examine brain-based mechanisms is the 

tissue-specificity of gene function and expression. Although expression levels vary across 

different tissue cell types, it is expected that methylation across the genome will be very 

similar in different tissue types (Rakyan, et al, 2008). One study examining 13 different 

tissue types, including whole blood, found that only 18% of the genome was methylated 

in a tissue specific manner (Rakyan, et al, 2008). The tissue-specific differentially 

methylated regions (tDMRs) were identified across all types of genomic categories 

including CpG islands, CpG island promoters, and non-CpG island promoters (Rakyan, et 

al, 2008). Although this study did not include analysis of brain tissue it is hypothesized 

that methylation measured from my saliva samples will be similar to methylation patterns 

found in brain tissue (Rakyan, et al, 2008). Previous studies have been able to identify 

methylation differences in genes extracted from blood leukocytes to correlate with 
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measures of obesity (Wang, et al, 2010). It is expected that differences in methylation 

will also be seen in the white blood cells extracted from saliva. 

 

1.9 Hypothesis and Research Goals 

Based on findings from previous research, I hypothesize that: 

1. Obesity-associated genes will contain SNPs that are associated with increased 

BMI, percent fat, weight, eating behaviors, and child temperament in African 

American children. 

2. The FTO and MAOA genes will have differences in transcript levels between 

obese and non-obese children; FTO will be more highly expressed in obese 

children, and MAOA will be expressed at a lower level among obese children. 

3. Methylation levels in promoters of obesity-associated genes will correlate with 

gene expression, BMI, percent fat, weight, and differences in feeding behavior 

among African American children. 

 

The goals of this project are: 

1. To be the first to identify epigenetic differences in the promoters of obesity-

associated genes to be associated with increased body composition measures, 

eating behaviors, and child temperament. 

2. To validate previous research in adults suggesting associations between different 

genetic variants with BMI, percent fat, and weight, as well as novel insight into 

associations with eating behavior and temperament, in African American 

children. 
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CHAPTER 2 
 

MATERIALS AND METHODS 

 

2.1 Study Population, Study Design, and Phenotypic Measures 

 This study utilized a sample of obese and non-obese five to six year old non-

Hispanic black children from North Philadelphia, PA. The study enrolled at total of 32 

obese children and 67 non-obese children, categorized by their BMI percentiles at the 

baseline of the experiment. The 32 obese children were compared to 32 non-obese 

children for all data analysis in this study. All participants were reported to be African 

American by their parents or caregivers. No other measures were taken to assure the 

sample was completely of African American heritage. The participants for this study 

were recruited using flyers posted at various locations throughout North Philadelphia 

(Temple Children’s Hospital Outpatient clinics, child-care centers, Head Start Programs, 

and Clinics of the Special Supplemental Nutrition program for Women, Infants, and 

Children). Participants were also recruited online using www.craigslist.org and via ads 

listed in METRO magazine. $30 compensation was given to the participant’s parents or 

caregivers each visit, along with a $100 bonus upon attending the six-month follow-up. 

The compensation provided incentive to continue with the study, however 12 individuals 

did not complete all portions of the study or dropped out of the study completely. 

Inclusion criteria were as follows; study age five to six years old, parental 

reported child race/ethnicity as African American or non-Hispanic black, and the children 

must have a preference for the study foods. Exclusion criteria included; BMI-for-age at 

less than the fifth percentile, BMI-for-age between the 85th and 94th percentile, and any 
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medical conditions, medication use, developmental delays, or food allergies known to 

affect food intake and growth as reported by the caregiver. Children with BMI between 

the 85th and 94th percentiles were excluded to identify the differences between strictly 

obese and non-obese children. Children were screened for all of these criteria upon first 

visit, and if they did not meet the criteria they were not enrolled.  

 The behavioral and body composition measures in this study included 

susceptibility to portion size, weight status, growth, percent body fat, delay of 

gratification, eating behaviors, and child temperament. To assess the susceptibility to 

portion size, two to four children sat for 20-minute meals one day a week for four weeks 

at the Temple University Center for Obesity Research and Education. Pasta was the main 

dish provided along with corn, applesauce, cookies, and milk. A scale made by A & D 

Company, Limited (Toshima, Japan), built into the table, large enough to place the main 

pasta dish on, measured the amount of pasta eaten during the meal. The rest of the side 

dishes were counted or weighed separately and the amounts were recorded on a food 

intake form to determine the total amount of food eaten for each individual in grams (g) 

and then the amount of kilocalories (KCals) eaten was estimated. The portion sizes at 

dinner varied in proportions compared to a meal of reference size (100%). The meals 

were increased by 50%, up to 250% of the reference size, at different dinner sessions. 

Weight status of the child and caregiver was obtained via height in centimeters 

(cm) and weight in kilograms (kg) using digital scales made by Detecto (Webb City, 

MO) and stadiometers made by Holtain Limited (Harpenden, Pembs, UK). Height and 

weight were measured again at a six-month follow-up to assess growth. The height and 

weight of the child was used to generate their raw BMI and BMI percentiles adjusted for 
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age and sex. BMI percentile was calculated using growth charts created by the CDC 

based on reference data gather by the National Health and Nutrition Examination Survey 

(NHANES) (Barlow, 2007; Kuczmarski, et al, 2002). The growth charts were originally 

derived based on the NHANES I population gathered from 1971 to 1974 on children ages 

one to 17 (Kuczmarski, et al, 2002) Since 1971, more recent and comprehensive data has 

become available on children in the United States, and improved statistical analysis have 

been used to revise the old growth charts (Kuczmarski, et al, 2002). The revised growth 

charts were released in 2000 and are currently recommended for use in clinical practice 

and research to assess growth in children and adolescents in the United States 

(Kuczmarski, et al, 2002; Grummer-Strawn, et al, 2010). Percent body fat was measured 

using dual-energy electron absorptiometry (DEXA) with a Hologic (Waltham, MA) 

Discovery W instrument with Hologic’s Advanced Body Composition TM Assessment 

software.  

Delay of gratification was measured through a widely used laboratory procedure 

(Mischel, et al, 1989). Children were shown a preferred snack food in a small or large 

portion. The children were given two choices, they could either have the small pile by 

ringing a bell at any time after the interviewer leaves the room, or they can have the large 

pile by waiting until the interviewer returns. The number of seconds until the child rang 

the bell was recorded. Children who waited at least 210 seconds had high self-regulation 

and others who did not wait as long were classified as having low self-regulation 

(Mischel, et al, 1989).  

Eating behavior was assessed using the Children’s Eating Behavior Questionnaire 

(CEBQ). The questionnaire contains 35 items to address food approach behaviors 
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including; food responsiveness, enjoyment of food, emotional over-eating, desire to 

drink, satiety responsiveness, speed of eating, emotional under-eating, and food fussiness 

(Wardle, et al, 2001). Parents or caregivers were instructed to answer questions about 

their child’s eating behavior by selecting answers from one to five; one, being never, to 

five, being always (Webber, et al, 2009). Responses were filled-in by parents or 

guardians while the children sat for one of the four meals.  

Temperament was assessed using a Child Behavior Questionnaire (CBQ) 

designed by Mary Rothbart. Mary Rothbart is a retired professor from the university of 

Oregon who is best known for her development of the infant behavior questionnaire in 

1981. The CBQ is a questionnaire designed to address central constructs of temperament 

including emotional reactivity, arousability, and self-regulation (Rothbart, et al, 2001). 

The questionnaire is composed of three sections and asks the caregivers to rank their 

child’s behavior in response to different situations from one, extremely untrue, to seven, 

extremely true, or indicate if the question is not applicable. This questionnaire can 

reliably measure three dimensions of temperament, surgency or extroversion, negative 

affect, and effortful control (Rothbart, et al, 2001). 

 

2.2 Nucleic Acid Collection and Purification 

  

2.2.1 RNA Collection and Purification 

 Saliva samples for the extraction of RNA were obtained at the time of the first 

visit to the Temple University Center for Obesity Research and Education. About 2ml of 

saliva was collected from each participating child using DNA Genotek’s (Kanata, 
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Ontario, Canada) Oragene-RNA RE-100 self-collection kits. Children were instructed not 

to eat or drink 30 minutes prior to providing the saliva sample. The children spit about 

2ml into the vial and, once finished, the lid was secured. The lid contained a 2ml packet 

of reagents to lyses cells, stabilize the RNA, and prevent bacterial growth. The lid was 

screwed into place, breaking the seal and releasing the reagents, producing a total volume 

of 4ml containing the saliva and reagents. The sample was mixed for ten seconds. Two 

2ml aliquots were made for each sample in labeled 2ml centrifuge tubes and stored at -

20°C. 

 RNA purification was performed using the Qiagen’s (Germantown, MD) RNeasy 

Micro kit according to the Oragene-RNA purification protocol. The kit was designed to 

purify total RNA of human and animal cells and tissues. This kit utilized Qiagen RNeasy 

MinElute Spin Columns for cleanup and isolation of total RNA. The columns were stored 

at 4°C. All other kit components were stored at room temperature and were stable for 

nine months. After the purified RNA was dissolved in RNase-Free water and quantified 

by spectrophotometry using the nanodrop 1000, RNA integrity was analyzed by 

performing gel electrophoresis at 140 volts (75mAmp) for 30 to 40 minutes on 1.5% 

agarose to visualize the 18S and 28S rRNA that were stained using ethidium bromide, 

and viewed under UV light. The 18S and 28S rRNA are the most abundant type of RNA 

found in the total RNA extracted from cells, and is the only RNA able to be visualized 

using gel electrophoresis. It is expected that the quality and quantity of the total RNA will 

reflect the quality and quantity of mRNA present in the extracted sample. The purified 

total RNA was stored at -20°C. 
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2.2.2 DNA Collection and Purification 

 Saliva DNA samples were collected upon the second visit of each child to the 

Temple University Center for Obesity Research and Education. About 2ml of saliva were 

again collected using DNA Genotek’s Oragene-DNA OG-100 self-collection kits 

following the same directions as for the RNA self-collection vials. DNA was purified 

from a modified version of the Oragene DNA manual purification protocol. Once the 

DNA was purified it was dissolved in TE buffer (10 mM Tris, 1 mM EDTA, pH 8). The 

DNA was quantified using spectrophotometry using the nanodrop 1000. To analyze the 

integrity of the extracted DNA, gel electrophoresis was carried out at 140 volts 

(75mAmp) for 30 to 40 minutes on 2% agarose to view genomic DNA stained with 

ethidium bromide, and viewed under UV light. 50ng/µl preparations were made with TE 

buffer and stored at -20°C. 

 

2.3 Transcript Level Analysis 

 Complementary DNA (cDNA) was made from each RNA sample using 

Invitrogen’s (Carlsbad, CA) SuperScript III Reverse Transcriptase. 500ng to 1,000ng of 

RNA was used in a 20µl reaction to create cDNA according to the protocol provided by 

the manufacturer. After cDNA was made it was stored at -20°C. 

 Individual transcript level analysis was carried out utilizing Applied Biosystem’s  

(ABI) (Carlsbad, CA) Taqman Gene Expression Assays designed for FTO, MAOA, and 

TATA-binding protein (TBP). MAOA and FTO were the only two genes examined in 
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this study that expressed high enough levels of mRNA in saliva to be detectable using 

quantitative real time reverse transcriptase polymerase chain reaction (qRT-PCR). TBP 

was the housekeeping gene used as a reference transcript to compare MAOA and FTO 

mRNA transcript levels to. 100ng – 200ng of cDNA was used in a 20µl reaction for qRT-

PCR following ABI’s protocol and guidelines. In summary, for each reaction 1µl of 

specifically designed TaqMan Gene Expression Assay primers for each gene were 

combined with 10µl of TaqMan Universal PCR Master Mix, 7µl of deionized water, and 

100 – 200ng of cDNA. qRT-PCR reactions and analysis were performed using the ABI 

Prism 7000 and the ABI StepOnePlus Real Time PCR systems. 

 

2.4 Methylation Restriction Enzyme Digests 

 For each gene analyzed, FTO, SH2B1, MAOA, NEGR1, DNMT3B, BDNF, LEPR, 

and CCKAR, a CpG site in the proximal promoter region, within 1,000 base pairs (bp) 

upstream of the transcription start site, was selected. The CpG site chosen was specific 

for one of four methylation-sensitive restriction endonucleases. Primers obtained from 

Integrated DNA Technologies (IDT, Coralville, CA) were designed flanking a CpG site 

to ensure that there was only one enzyme recognition site surrounding a CpG that would 

be sensitive to cleavage. If the CpG sites were methylated, the restriction enzymes would 

be blocked from binding, and unable to cleave the site. The level of methylation at the 

selected site was analyzed via plus/minus restriction endonuclease digest assays designed 

for each gene. All enzymes were obtained from New England Biolabs (Ipswich, MA) and 

stored at -20°C upon arrival. The enzymes, recognition and cleavage sites include, HhaI, 

C^GCG, BstUI, GC^GC, EagI, C^GGCCG, and AciI, GGC^G.  
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Two reaction mixtures were created from each participant’s DNA sample, 

according to the specific guidelines provided for each enzyme. One mixture contained the 

active enzyme (the “plus” digest), and a second mixture was created without the enzyme 

but with all other components (the “minus” digest). 200ng-250ng of DNA were utilized 

in each reaction mixture and digested with 0.5-2 units of enzyme, 1µl of specified buffer, 

0.1µl of bovine serum albumin (BSA) if required, and deionized water producing a 10µl 

total reaction volume. One unit of enzyme is sufficient to digest up to 1µg of DNA in one 

hour according to New England Biolabs unit definition. Reactions using HhaI, AciI or 

EagI were allowed to incubate at 37°C for One hour and heat inactivated at 65°C for 20 

minutes. Reactions utilizing BstUI were incubated at 60°C for one hour and did not 

require heat inactivation. Each sample was mixed well prior to incubation as well as two 

to three times during the digestion period to ensure that the sample was sufficiently 

mixed. The “plus” and “minus” digests for each sample were then analyzed utilizing 

Qiagen’s QuantiFast SYBR Green and qRT-PCR.  

The reactions used for qRT-PCR were set up according the conditions provided in 

the QuantiFast SYBR Green PCR handbook. 50ng to 100ng of digested DNA from the 

plus and minus digests for each sample were combined with 12.5µl of SYBR Green, with 

the specific 10pmol forward and 10pmol reverse primer from IDT, and RNase-Free water 

producing a reaction with a final volume of 25µl. Replicates were performed for random 

samples for each gene. Two samples that showed consistent methylation levels were 

chosen for each gene as controls to ensure the enzyme digestions were complete and 

accurate. The control samples chosen varied for each gene. The ABI Prism 7000 and ABI 

StepOnePlus Real Time PCR systems were used for qRT-PCR and analysis. 
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The CpG sites were also analyzed using MatInspector to determine what 

transcription factors bind around these sites in DNA. MatInspector is software generated 

by Genomatix (Munich, Germany) that utilizes a large library of transcription factor 

binding sites to identify any matches to the DNA sequences that were uploaded to the 

site. 

 

2.5 SNP Genotype Determination by DNA Sequence Analysis 

 DNA sequence analysis was performed for eight SNPs located in six obesity-

associated genes (Table 1). Specific primers flanking each SNP were designed and 

ordered from IDT. Amplification of the target sequence was done for each sample via 

PCR. 2µl of 50ng/µl genomic DNA, 2.4µl of 2.5mM deoxynucleotide triphosphates 

(dNTPs), 3.6µl of 25mM magnesium dichloride (MgCl2), 0.6µl of a 10pmol forward 

primer, 0.6µl of a 10pmol reverse primer, 6µl of 5X GC rich solution, 3µl of 10X PCR 

buffer without MgCl2, 0.2µl, equal to 1 unit, of FastStart Taq DNA polymerase, and 

11.6µl of distilled water were mixed together to make the 30µl PCR reaction for each 

sample. Roche Applied Science (Mannheim, Germany) provided all reagents for the PCR 

reaction. PCR was performed according to Roche guidelines and the annealing 

temperature of the reaction was set according to the annealing temperatures of each 

specific primer set. 

 The PCR products for each sample were loaded onto a gel made up of 1.5% - 2% 

agarose and gel electrophoresis was carried out at 140 volts (75mAmp) for 30 to 40 

minutes. The gel was stained with ethidium bromide and visualized under UV light. A 

digital image of the gel was captured, and the product target bands was cut out and placed 
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in a 2ml centrifuge tube. The piece of the gel extracted containing the target band was 

purified using Qiagen’s QIAquick Gel Extraction spin columns and reagents according to 

the protocol in the QIAquick Spin Handbook.  

 The purified PCR product was mixed with either a specific forward or reverse 

primer from IDT and deionized water according to Genewiz (South Plainfield, NJ) 

specifications. The reaction specifications varied depending on length of the target DNA 

sequence. The specifications for DNA fragment length less than 500bp were 25pmol of 

one primer, and about 1ng/µl of purified PCR product, and deionized water for a total 

reaction volume of 15µl. All but the SNP in SH2B1 had a fragment length of less that 

500bp. The purified samples were sent to Genewiz for DNA sequencing. 

 The reaction conditions for the DNA fragment of SH2B1, with a length of 949bp, 

differed by the concentration of purified PCR product to be added, about 2ng/µl. SH2B1 

was also a GC rich fragment of DNA and was processed by Genewiz with an alternative 

GC rich protocol. Results of the sequencing were downloaded from the Genewiz website 

and viewed using FinchTV trace viewer software. Finch TV provided a level of 

significance for each nucleotide screened represented by a teal line (Figure 2). This teal 

line represented a 95% accuracy level. Each nucleotide read has a gray bar at the top of 

screen; this bar extends either above or below the teal line. Anything above the teal line 

has an accuracy of greater than 95%, and lower than the line is less than 95% accurate. 

Any nucleotides with gray bars above the line illustrates that 95% of the time that 

particular nucleotide was read at that site. All homozygous allele calls for a particular 

SNP were above this 95% accuracy line (Figure 2A). Heterozygous SNPs were under 

95% accurate because about 50% of the time one allele was being read rather than the 
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other at a particular locus (Figure 2B). All sequence traces were examined manually to 

exclude homozygous calls in the presence of two different bases at each SNP locus. Any 

sample that was difficult to interpret was sent for sequencing multiple times until a clear 

determination could be made. 
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Table 1. Obesity Candidate Genes and SNPs. 
 

Gene SNP Risk Allele  Alleles*  
FTO rs9939609 A A/T 
FTO rs8050136 A A/C 
FTO rs3751812 T T/G 

SH2B1 rs7498665 G G/A 
LEPR rs1137101 G A/G 

DNMT3B rs992472 C C/A 
NEGR1 rs2815752 T C/T 
BDNF rs4923461 A G/A 

 
*Minor allele for all populations is first, followed by more common allele.  
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A 
 

 

B 

 

Figure 2. DNA Sequencing Trace File Viewed Using FinchTV. Green peaks represent 

adenine nucleotides, blue peaks represent cytosine nucleotides, black peaks represent 

guanine nucleotides, and red peaks represent thymine nucleotides. The SNP of interest is 

highlighted in blue, and the teal blue line depicts the 95% accuracy level. (A) This trace 

image depicts the DNA sequence read out for BDNF rs4923461 from an obese child 

sample. The individual was scored as homozygous for a thymine residue. (B) This trace 

image depicts the DNA sequence read out for FTO rs8050136 from a non-obese child 

sample. This individual was scored as being heterozygous possessing an A and C allele. 
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2.6 Statistical Analysis 
 
 A Student’s T-Test was used to derive all P values for comparisons between total 

obese and non-obese, female obese and non-obese, and male obese and non-obese. The 

odds ratio and 95% confidence intervals (95% CI) were calculated according to the 

guidelines found in Intuitive Biostatistics (Motulsky 70-80).  

The fold-change for expression analysis was calculated by first deriving the delta 

cycle threshold (∆CT) value for each individual in the obese and non-obese groups. The 

cycle threshold  (CT) values were generated via qRT-PCR. The CT value represents the 

cycle number at which the signal from each gene product is first detectable above 

background signals. The ∆CT is the difference between the CT for gene of interest, FTO 

or MAOA, and the housekeeping gene, TBP. The delta delta CT (∆∆CT) is then 

determined by subtracting the average ∆CT of the non-obese, or control, group from the 

average ∆CT of the obese group. The fold-change is then derived using the formula      

2^-∆∆CT. The ∆CT is also used to graphically represent the difference in transcript levels 

for each individual in the obese group compared to the non-obese group. On the graphs, 

∆CT is represented as TBP minus the gene of interest. This scale depicts the level of 

transcript of the gene of interest in comparison to the housekeeping gene TBP. 

Individuals who have similar transcript levels of TBP and the gene of interest will be 

close to zero. Individuals with greater transcript levels for the gene of interest compared 

to TBP will be higher on the Y-axis. The Y-axis depicting TBP minus the gene of interest 

is exponential. 

 The percent methylation was derived in a similar way. For each sample, the ∆CT 

is determined by subtracting the CT value of the “minus” digest from the CT value for 
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the “plus” digest. To derive the percent methylation at the CpG site for each individual 

the following formula was use, (1/2^∆CT) x 100. 

 For expression and methylation data, individuals were divided into the upper half 

and lower half or highest and lowest extremes of expression and methylation and 

compared using Student’s T test. The total population was analyzed with 32 participants 

in each half, or 21 participants in each extreme and the middle 22 individuals discarded. 

Females were analyzed with 19 individuals in each half, or with 13 in each extreme, with 

the middle 12 participants discarded. Males were analyzed with 13 children in each half, 

or with nine in each extreme, and the middle eight discarded.  

The genotype, methylation, and expression analysis were compared to 22 

variables measuring body composition, behavior, temperament, and self-regulation. With 

the more tests that are done, the chance of obtaining a statistically significant result 

increases; however this result could be a false positive (Bland and Altman, 1995), and 

therefore, the data needs to be adjusted for multiple testing. One method to adjust for 

multiple testing is called the Bonferroni method. In any given experiment the chance of 

not obtaining a statistically significant result can be identified by the following equation: 

(1 - α)k, with α representing the significance level at which the null hypothesis is found to 

be true, and k representing the number of separate tests (Bland and Altman, 1995). In this 

study, if the significance level were left at 0.05, the chance of not obtaining a significant 

result would be 32.4%; this was derived by the formula (1 - 0.05)22 = 0.324. If α is made 

small enough, the probability that no test is statistically significant will be 0.95, and thus 

any test found to have a P value of less than α would be statistically significant at the 

0.05 significance level (Bland and Altman, 1995). To derive the value of α for genotype, 
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methylation, and expression analysis the following formula was be used: α = 0.05/k 

(Bland and Altman, 1995). The α level for this study was 0.00227. All genotype, 

methylation, and expression data with a P value below 0.00227 were considered to be 

significant after Bonferroni adjustment for multiple testing.  

All correlation analysis was done in Excel, which was used to derive the 

correlation coefficients (R2). BMI z-scores were used to show correlations instead of 

BMI percentiles. The use of BMI percentiles was more difficult to visualize as all 

individuals with BMI percentiles above 95 aggregate in one section of the graph. BMI 

percentiles were used to determine the presence of statistically significant associations to 

genotypes, high and low methylation, and high and low expression levels. Individuals fall 

into the same groups regardless if BMI z-scores or percentiles were used. Chi-square 

analysis was used to determine whether the African American child population allele 

frequencies were in Hardy-Weinberg equilibrium (Stern, 1943; Emigh, 1980). It was also 

used to calculate the similarity between the African American children allele frequencies 

and each of the adult population allele frequencies.  

SNPs, rs9939609 and r8050136, in the first intron of FTO have been found, in 

previous research, to be in strong linkage disequilibrium (Song, et al, 2008). To 

determine if these SNPs were in linkage disequilibrium in this study a mathematical 

method to determine r2, a popular measure of linkage disequilibrium based on Richard 

Lewotin’s principles was used (Pritchard and Przeworski, 2001). Richard Lewotin was an 

evolutionary biologist and a leader in developing mathematical basis of population 

genetics. The statistic, r2, is used to determine the degree of association between SNPs 

(Pritchard and Przeworski, 2001). 
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Lastly, all of the genotype data, transcript analysis, and epigenotype results which 

were found to convey statistically significant associations were sorted and a zero or one 

was assigned to the upper half or extreme, and to the lower half or extreme. A one was 

assigned to whichever half or extreme appeared to be a risk factor for obesity and a zero 

to the other. All sequencing data was ranked zero, one, or two depending on how many 

risk alleles were present. The risk numbers were totaled and the data was sorted into 

obese and non-obese individuals. The two groups were then compared using a Student’s 

T-Test. 
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CHAPTER 3 

RESULTS 

 

3.1 Sample Characteristics 

 As mentioned previously this study examines obesity-associated genotypes, 

epigenotypes, and phenotypes in five to six year old African American children. The 

goals of this project are: (1) to identify differences in promoter methylation in obesity-

candidate genes to be associated with increased body composition measures, eating 

behaviors, and child temperament; (2) to validate previous research n adults suggesting a 

correlation between certain genetic variants to BMI, percent fat, and weight, and provide 

novel insight into associations with eating behaviors and temperament in African 

American children. 

 The African American child population has had minimal research done thus far 

exploring genetic links to obesity. Tables 2, 3, and 4 describe the basic characteristics of 

this study population. The analysis of this research utilized data gathered from 32 obese 

and 32 non-obese children, which included 38 females and 26 males. The total obese 

population showed statistically significant higher body composition measures including 

BMI (P = 1.6e-14), BMI percentile (P = 1.8e-15), height (P = 0.009), weight (P = 5.7e-11), 

and percent body fat (P = 4.1e-15) when compared to the non-obese population as 

expected (Table 2). The total obese population also had higher ratings for emotional-over 

eating (P = 2.0e-4), higher food responsiveness (P = 0.008), and lower satiety response (P 

= 0.037). 
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 The female population showed statistically significant differences in body 

composition, average amount of food eaten, as well as differences in eating behaviors 

(Table 4). Obese females showed increased height (P = 0.027), weight (P = 8.8e-9), BMI 

(P = 6.1e-11), BMI percentile (P = 5.8e-12), and percent fat (P = 1.8e-11). Obese females 

ate more in KCals (P = 0.026) and grams (P = 0.014) than non-obese females. Obese 

females also had higher ratings of emotional over-eating (P = 1.8e-4), higher food 

responsiveness (P = 0.001), and lower satiety response (P = 0.031) compared to non-

obese females. The male population showed statistically significant differences between 

male obese and non-obese in body composition measures (Table 3). Obese males had 

increased weight (P = 0.001), BMI (P = 5.7e-5), BMI percentile (P = 4.0e-8), and percent 

fat (P = 1.0e-4) compared to non-obese males. 

 Several sex differences were identified when comparing males and females, male 

obese and female obese, and male non-obese and female non-obese. The total males and 

females differed in the level of percent fat (P = 0.004). The females had an average 

percent fat of 28.36% ± 8.08 while the males had an average percent fat of 22.66% ± 6.34 

(data not shown). Other sex differences were identified when comparing the male obese 

and female obese (Table 5), and the male non-obese and female non-obese (Table 6). 

Obese females display higher weight (P = 0.048), percent fat (P = 4.8e-5), and BMI (P = 

0.011) compared to obese males. Obese females also are more susceptible to emotional 

over-eating (P = 0.037) and have lower food fussiness (P = 0.038). When examining the 

non-obese study groups males were found to have higher BMI (P = 0.001) and higher 

BMI percentile (P = 0.001) compared to females, however females still have higher 
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levels of percent body fat (P = 0.048). Non-obese females also tended to eat less in KCals 

(P = 0.012) and grams (P = 0.022) compared to non-obese males. 
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Table 2. Basic Sample Characteristics in the Total Population. 
 

  All Obese Non-obese P Value  
n 64 32 32 --   

Boys (%) 26 (40.63) 13 (38.24) 13 (38.24)      --  
Age 5.50 ± 0.50 5.56 ± 0.50 5.44 ± 0.50 0.325  

Height (cm) 117.63 ± 7.15 119.90 ± 5.98 115.367 ± 7.58 0.009 * 
Weight (kg) 26.60 ± 7.37 31.78 ± 6.74 21.41 ± 3.09 5.7e-11 * 

BMI 18.97 ± 3.80 21.93 ± 3.24 16.01 ± 0.89 1.6e-14 * 
BMI Percentile 81.81 ± 20.78 98.34 ± 1.42 65.29 ± 17.66 1.8e-15 * 

Percent Fat 26.05 ± 8.00 31.89 ± 6.24 20.20 ± 4.53 4.1e-12 * 
Avg Total Food (KCal) 557.32 ± 189.92 575.71 ± 173.12 538.93 ± 206.47 0.443  

Avg Total Food (g) 422.63 ± 149.83 442.04 ± 140.14 403.21 ± 158.76 0.304  
Surgency 4.97 ± 0.64 4.95 ± 0.71 5.00 ± 0.59 0.778  

Negative Affect 4.05 ± 0.61 4.14 ± 0.58 3.95 ± 0.65 0.220  
Effortful Control 5.20 ± 0.56 5.15 ± 0.56 5.25 ± 0.57 0.471  
Wait Time (min) 9.90 ± 5.92 9.82 ± 5.98 9.98 ± 5.96 0.919  

Wait Dichotomized 1.61 ± 0.49 1.59 ± 0.49 1.63 ± 0.48 0.802  
Slope Intake (g) 16.70 ± 36.68 11.13 ± 34.81 22.27 ± 37.64 0.231  

Slope Intake (KCal) 40.23 ± 58.03 34.75 ± 60.62 45.71 ± 54.77 0.458  
Enjoyment of Food 3.11 ± 0.89 3.25 ± 0.99 2.97 ± 0.76 0.213  

Emotional Over-Eating 0.71 ± 0.66 1.00 ± 0.73 0.41 ± 0.41 2.0e-4 * 
Food Responsiveness 1.98 ± 1.27 2.40 ± 1.36 1.56 ± 1.00 0.008 * 

Desire to Drink 2.54 ± 1.11 2.57 ± 1.22 2.51 ± 0.99 0.826  
Satiety Responsiveness 1.39 ± 0.73 1.20 ± 0.77 1.58 ± 0.63 0.037 * 

Slowness in Eating 1.66 ± 0.79 1.61 ± 0.92 1.71 ± 0.63 0.624  
Emotional Under-Eating 1.30 ± 0.82 1.40 ± 0.85 1.20 ± 0.78 0.331  

Food Fussiness 1.34 ± 0.76 1.34 ± 0.75 1.33 ± 0.76 0.957  
 
*The table shows the means ± the standard deviation (SD). Statistically significant 

differences were found between the total obese and non-obese for BMI, BMI percentile, 

height, weight, percent body fat, emotional over-eating, food responsiveness, and satiety 

responsiveness. Asterisk (*) denotes statistically significant findings. 
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Table 3. Basic Sample Characteristics in Males. 
 

Males All Obese Non-obese P Value  
n 26 13 13 --  

Age 5.46 ± 0.50 5.38 ± 0.49 5.54 ± 0.50 0.452  
Height (cm) 117.76 ± 5.98 119.27 ± 4.77 116.24 ± 6.65 0.213  
Weight (kg) 25.73 ± 5.27 28.96 ± 5.33 22.50 ± 2.52 0.001 * 

BMI 18.42 ± 2.56 20.23 ± 2.50 16.61 ± 0.61 5.7e-5 * 
BMI Percentile 87.35 ± 12.53 98.01 ± 1.50 76.70 ± 9.22 4.0e-8 * 

Percent Fat 22.66 ± 6.34 27.02 ± 5.55 18.30 ± 3.40 1.0e-4 * 
Avg Total Food (KCal) 597.12 ± 193.94 547.91 ± 128.80 646.33 ± 231.93 0.211  

Avg Total Food (g) 442.82 ± 149.48 406.31 ± 98.31 479.34 ± 179.89 0.229  
Surgency 5.14 ± 0.51 5.16 ± 0.53 5.13 ± 0.49 0.922  

Negative Affect 4.06 ± 0.56 4.07 ± 0.60 4.05 ± 0.52 0.930  
Effortful Control 5.07 ± 0.62 4.99 ± 0.57 5.14 ± 0.66 0.552  
Wait Time (min) 10.85 ± 5.55 9.62 ± 6.27 12.08 ± 4.30 0.276  

Wait Dichotomized 1.73 ± 0.44 1.62 ± 0.49 1.85 ± 0.36 0.199  
Slope Intake (g) 15.37 ± 40.99 12.42 ± 34.96 18.32 ± 46.05 0.727  

Slope Intake (KCal) 41.81 ± 66.46 35.77 ± 58.68 47.85 ± 72.92 0.659  
Enjoyment of Food 3.18 ± 0.82 3.17 ± 0.91 3.19 ± 0.72 0.955  

Emotional Over-Eating 0.53 ± 0.56 0.67 ± 0.65 0.38 ± 0.42 0.208  
Food Responsiveness 1.96 ± 1.22 2.00 ± 1.38 1.91 ± 1.04 0.861  

Desire to Drink 2.63 ± 1.42  2.67 ± 1.09 2.59 ± 0.94 0.854  
Satiety Responsiveness 1.42 ± 0.67 1.34 ± 0.69  1.49 ± 0.65 0.578  

Slowness in Eating 1.63 ± 0.80 1.85 ± 0.87 1.42 ± 0.66 0.184  
Emotional Under-Eating 1.21 ± 0.75  1.35 ± 0.70 1.08 ± 0.78 0.382  

Food Fussiness 1.45 ± 0.74 1.68 ± 0.70 1.22 ± 0.72 0.123  
 
* The table shows the means ± SD. Statistically significant differences were found 

between obese and non-obese males for BMI, BMI percentile, weight, and percent body 

fat. Asterisk (*) denotes statistically significant findings.
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Table 4. Basic Sample Characteristics in Females 

Females All Obese Non-obese P Value  
n 38 19 19 --  

Age 5.53 ± 0.50 5.68 ± 0.46 5.37 ± 0.48 0.053  
Height (cm) 117.55 ± 7.76 120.34 ± 6.50 114.77 ± 7.92 0.027 * 
Weight (kg) 27.19 ± 8.38 33.71 ± 6.74 20.67 ± 3.14 8.8e-9 * 

BMI 19.35 ± 4.37 23.10 ± 3.08 15.60 ± 0.78 6.1e-11 * 
BMI Percentile 78.02 ± 23.94 98.57 ± 1.28 57.47 ± 17.34 5.8e-12 * 

Percent Fat 28.36 ± 8.08 35.22 ± 3.90 21.51 ± 4.63 1.8e-11 * 
Avg Total Food (KCal) 530.09 ± 179.55 594.73 ± 191.47 465.45 ± 139.49 0.026 * 

Avg Total Food (g) 408.81 ± 146.49  466.49 ± 154.79 351.12 ± 110.92 0.014 * 
Surgency 4.86 ± 0.69 4.82 ± 0.75  4.90 ± 0.62 0.724  

Negative Affect 4.04 ± 0.64 4.19 ± 0.54 3.89 ± 0.70 0.152  
Effortful Control 5.28 ± 0.49  5.24 ± 0.51 5.32 ± 0.47 0.647  
Wait Time (min) 9.25 ± 6.01 9.96 ± 5.60 8.53 ± 6.30 0.477  

Wait Dichotomized 1.53 ± 0.50 1.58 ± 0.49 1.47 ± 0.50 0.529  
Slope Intake (g) 17.61 ± 33.38 10.24 ± 34.68 24.98 ± 30.28 0.183  

Slope Intake (KCal) 39.16 ± 51.44 34.06 ± 61.90 44.25 ± 37.54 0.554  
Enjoyment of Food 3.06 ± 0.93 3.30 ± 1.03 2.82 ± 0.75 0.114  

Emotional Over-Eating 0.83 ± 0.69 1.22 ± 0.70 0.43 ± 0.40 1.8e-4 * 
Food Responsiveness 2.00 ± 1.29 2.67 ± 1.28 1.33 ± 0.90 0.001 * 

Desire to Drink 2.48 ± 1.17  2.51 ± 1.30 2.46 ± 1.02 0.894  
Satiety Responsiveness 1.37 ± 0.77 1.11 ± 0.81  1.64 ± 0.61 0.031 * 

Slowness in Eating 1.68 ± 0.79 1.45 ± 0.92 1.91 ± 0.53 0.074  
Emotional Under-Eating 1.36 ± 0.86  1.43 ± 0.93 1.28 ± 0.78 0.585  

Food Fussiness 1.26 ± 0.75 1.11 ± 0.70 1.41 ± 0.77 0.234  
 
* The table shows the means ± SD. Statistically significant differences were found 

between obese and non-obese females for BMI, BMI percentile, height, weight, percent 

body fat, average food intake in grams and KCal, emotional over-eating, food 

responsiveness, and satiety responsiveness. Asterisk (*) denotes statistically significant 

findings. 
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Table 5. Phenotypic Variation Between Obese Females and Obese Males 
 

  Obese Females Obese Males P Value 
n 19 13 -- 

Weight (kg) 33.71 ± 6.74 28.96 ± 5.33 0.048 
Percent Fat 35.22 ± 3.90 27.02 ± 5.55 4.8e-5 

BMI 23.10 ± 3.08 20.23 ± 2.50 0.011 
Emotional Over-Eating 1.22 ± 0.70 0.67 ± 0.65 0.037 

Food Fussiness 1.11 ± 0.70 1.68 ± 0.70 0.038 
 
* This table shows the statistically significant differences found between obese females 

and obese males. This table shows the means ± the SD. Obese females typically have 

higher weight, percent fat, and BMI compared to obese males. Obese females are also 

more susceptible to emotional over-eating and have lower food fussiness.  
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Table 6. Phenotypic Variation Between Non-obese Females and Non-obese Males. 

  Non-obese F Non-obese M P Value 
n 19 13 -- 

BMI 15.60 ± 0.78 16.61 ± 0.61 0.001 
BMI Percentile 57.47 ± 17.34 76.70 ± 9.22 0.001 

Percent Fat 21.51 ± 4.63 18.30 ± 3.40 0.048 
Avg Total Food (KCal) 465.45 ± 139.49 646.33 ± 231.93 0.012 

Avg Total Food (g) 351.12 ± 110.92 479.34 ± 179.89 0.022 
  
* This table depicts the statistically significant differences found between non-obese 

females and non-obese males. This table shows the means ± the SD. Non-obese females 

have lower BMI and lower BMI percentile compared to non-obese males, but have higher 

percent fat compared to non-obese males. Non-obese females also tend to eat less in 

KCals and grams compared to non-obese males.
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3.2 General Population Genotype Data  

 The allele frequencies for this study population were determined for each SNP 

mentioned in Table 1. All allele frequencies were found be in Hardy-Weinberg 

equilibrium (Table 7). The African American child population used in this study was 

compared to previous data gathered for African American adults, European adults, and a 

Sub-Saharan African adult population from Yoruba, Nigeria. These allele frequencies 

were obtained from the National Center for Biotechnology Information (NCBI). The 

allele frequencies were compared using Chi-square analysis (Table 7). The allele 

frequencies for the African American child population had the most similarities to the 

allele frequencies of the Yoruba population.  

Table 8 depicts the odds ratios calculated for the obesity risk alleles from each 

SNP listed in table 1. No risk alleles were able to convey a statistically significant risk for 

obesity. Odds ratios depict the odds of being obese when individuals’ posses a risk allele 

compared to those that do not have the risk allele. Odds ratios of greater than one depict 

an increased risk for the development of obesity, and any odds ratios of less than one 

depict a decreased risk for obesity. The SNPs analyzed in NEGR1 (1.39, 95% CI: 0.68 – 

2.83), DNMT3B (1.34, 95% CI: 0.63 – 2.83), and SH2B1 (1.58, 95% CI: 0.68 – 3.65) 

show the highest risk for obesity (Table 8A). The SNP in NEGR1 appears to be a much 

stronger risk factor for males (2.57, 95% CI: 0.84 – 7.93) compared to females (0.89, 

95% CI: 0.35 – 2.27). The SNP in DNMT3B also depicts a greater risk in males (1.86, 

95% CI: 0.44 – 5.75) compared to females (1.13, 95% CI: 0.44 – 2.89). Females 

conveyed a higher odds ratio at the SNP in SH2B1 (1.80, 95% CI: 0.61 – 5.31) compared 

to males (1.25, 95% CI: 0.33 – 4.80). LD was determined for FTO SNPs rs9939609 and 
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rs8050136. These SNPs were found to be in strong linkage disequilibrium with an r2 

value of 0.768. 
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Table 7. Allele Frequency Distributions. 
 

Gene SNP 
Risk 

Allele MAF 
AA 

Children 
HW Eq 
P-value AA EUR Sub-Sah 

                  
FTO rs9939609 A A A:0.469 < 0.05 A:0.326 A:0.449 A:0.517 

        T:0.531   T:0.674 T:0.551 T:0.483 
        AA:0.203   AA:0.087 AA:0.119 AA:0.250 
        AT:0.531   AT:0.478 AT:0.661 AT:0.553 
        TT:0.266   TT:0.435 TT:0.220 TT:0.217 

Similarity (Χ2)           P > 0.05 P > 0.05 P < 0.05 
FTO rs8050136 A A A:0.422 < 0.05 A:0.326 A:0.460 A:0.460 

        C:0.578   C:0.674 C:0.540 C:0.540 
        AA:0.125   AA:0.087 AA:0.177 AA:0.221 
        AC:0.594   AC:0.478 AC:0.566 AC:0.478 
        CC:0.281   CC:0.435 CC:0.257 CC:0.301 

Similarity (Χ2)           P > 0.05 P < 0.05 P > 0.05 
FTO rs3751812 T T G:0.883 < 0.05 N/A G:0.544 G:0.934 

        T:0.117     T:0.456 T:0.066 
        GG:0.781     GG:0.265 GG:0.867 
        GT:0.203     GT:0.558 GT:0.133 
        TT:0.016     TT:0.177 TT:0.000 

Similarity (Χ2)             P > 0.05  P < 0.05 
NEGR1 rs2815752 T C C:0.602 < 0.05 N/A C:0.363 C:0.473 

        T:0.398     T:0.637 T:0.527 
        CC:0.390     CC:0.142 CC:0.221 
        CT:0.422     CT:0.442 CT:0.504 
        TT:0.188     TT:0.416 TT:0.274 

Similarity (Χ2)             P > 0.05 P > 0.05 
DNMT3B rs992472 C C C:0.312 < 0.05 N/A C:0.745 C:0.282 

        A:0.688     A:0.255 A:0.718 
        CC:0.109     CC:0.551 CC:0.073 
        CA:0.406     CA:0.388 CA:0.418 
        AA:0.485     AA:0.061 AA:0.509 

Similarity (Χ2)             P > 0.05 P < 0.05 
SH2B1 rs7498665 G G A:0.773 < 0.05 N/A A:0.619 A:0.788 

        G:0.227     G:0.381 G:0.212 
        AA:0.609     AA:0.381 AA:0.619 
        AG:0.328     AG:0.478 AG:0.336 
        GG:0.063     GG:0.142 GG:0.044 

Similarity (Χ2)             P > 0.05  P < 0.05 
LEPR rs1137101 G A A:0.430 < 0.05 A:0.457 A:0.527 A:0.403 

        G:0.570   G:0.543 G:0.473 G:0.597 
        AA:0.172   AA:0.217 AA:0.259 AA:0.111 
        AG:0.516   AG:0.478 AG:0.536 AG:0.583 
        GG:0.312   GG:0.304 GG:0.205 GG:0.306 

Similarity (Χ2)            P < 0.05 P > 0.05  P < 0.05 
BDNF rs4923461 A G G:0.117 < 0.05 G:0.261 G:0.230 G:0.142 

        A:0.883   A:0.739 A:0.770 A:0.858 
        GG:0.016   GG:0.043 GG:0.044 GG:0.027 
        GA:0.203   GA:0.435 GA:0.372 GA:0.230 
        AA:0.781   AA:0.522 AA:0.584 AA:0.743 

Similarity (Χ2)           P > 0.05 P > 0.05  P < 0.05 

 
* All allele frequencies were found to be in Hardy-Weinberg equilibrium. The African 

American child population had most similarities to the allele frequencies of the Sub-
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Saharan African population. All European allele frequencies (EUR) were derived from 

the HapMap-CEU population. This population includes 90 Utah residents with Northern 

and Western European ancestry. All African American allele frequencies (AA) were 

calculated from 23 African American samples from the Coriell Cell Repository. All Sub-

Saharan African, Yoruba, allele frequencies (Sub-Sah) were calculated from 100 

individuals from Yoruba, Nigeria. 



 55 

Table 8. Odds Ratios for the Total, Male, and Female Populations. 
 
A 
 

Total     
Gene SNP Risk Allele Odds Ratio 95% CI 
FTO rs9939609 A 0.69 0.34 to 1.39 
FTO rs8050136 A 0.52 0.26 to 1.06 
FTO rs3751812 T 0.46 0.15 to 1.43 

NEGR1 rs2815752 T 1.39 0.68 to 2.83 
DNMT3B rs992472 C 1.34 0.63 to 2.83 

SH2B1 rs7498665 G 1.58 0.68 to 3.65 
LEPR rs1137101 G 0.64 0.32 to 1.30 
BDNF rs4923461 A 0.63 0.21 to 1.88 

 
B 
 

Males     
Gene SNP Risk Allele Odds Ratio 95% CI 
FTO rs9939609 A 0.45 0.15 to 1.39 
FTO rs8050136 A 0.44 0.14 to 1.37 
FTO rs3751812 T 0.71 0.14 to 3.53 

NEGR1 rs2815752 T 2.57 0.84 to 7.93 
DNMT3B rs992472 C 1.86 0.44 to 5.75 

SH2B1 rs7498665 G 1.26 0.33 to 4.80 
LEPR rs1137101 G 1.00 0.34 to 2.97 
BDNF rs4923461 A 0.72 0.14 to 3.60 

 
C 
 

Females     
Gene SNP Risk Allele Odds Ratio 95% CI 
FTO rs9939609 A 0.90 0.37 to 2.22 
FTO rs8050136 A 0.58 0.23 to 1.06 
FTO rs3751812 T 0.29 0.05 to 1.54 

NEGR1 rs2815752 T 0.89 0.35 to 2.27 
DNMT3B rs992472 C 1.13 0.44 to 2.89 

SH2B1 rs7498665 G 1.80 0.61 to 5.31 
LEPR rs1137101 G 0.44 0.17 to 1.15 
BDNF rs4923461 A 0.55 0.12 to 2.48 

 
* Odds ratios depict the odds of being obese if individuals’ posses a risk allele compared 

to those who do not have the risk allele. Any odds ratios of greater than one depict an 
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increased risk for obesity, and any ratios less than one depicts a decreased risk for 

obesity. (A) This table shows the odds ratios for the total population, none were found to 

be statistically significant. The highest odds ratios were identified for SNPs in NEGR1, 

DNMT3B, and SH2B1. (B) This table depicts the odds ratios for the male population, 

none were found to be statistically significant. The highest odds ratios for males were 

identified for SNPs in NEGR1, DNMT3B, and SH2B1. (C) This table shows the odds 

ratios for the female population, none were found to be statistically significant. The 

highest odds ratio for females was identified at the SH2B1 SNP. 
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3.3 Gene Specific Findings 

 

3.3.1 Significant Associations After Correction for Multiple Tests 

 The genotype, transcript level, and epigenotype data analyzed in this study were 

compared to 22 obesity-associated phenotypes. When Bonferroni adjustment for multiple 

tests was performed, only three associations remained statistically significant (Bland and 

Altman, 1995; see methods for details). These associations are summarized in Table 9 

and 10. Low levels of BDNF promoter methylation are associated with decreased food 

fussiness (P = 5.0e-4) and decreased satiety response (P = 0.0013) in females. Figure 3 

shows the correlations identified with these variables and methylation of the BDNF 

promoter. BDNF methylation is positively correlated with levels of food fussiness (R2 = 

0.055; Figure 3A) and satiety response (R2 = 0.113; Figure 3B). The risk allele at 

rs4923461, located in the 3’ region of BDNF, was associated with lower emotional 

under-eating in males (Table 10), and this association remained significant after 

Bonferroni adjustment (P = 5.0e-4). The remaining results described do not remain 

statistically significant after Bonferroni adjustment, and are held to a lower statistical 

standard, P < 0.05. These results should be considered suggestive, pending replication in 

a larger sample population. 
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Table 9. Statistically Significant Epigenetic Interactions after Bonferroni 

Adjustment. 

BDNF % Methylation Population n Phenotype Mean ± SD P value 
Lower Extreme Females 13 Food Fussiness 0.82 ± 0.37 5.0e-4 
Upper Extreme   13   1.53 ± 0.48   

            
Lower Half Females 19 Satiety Response 0.99 ± 0.77 0.0013 
Upper Half   19   1.76 ± 0.53   

 
* This table depicts the associations with promoter methylation that remained statistically 

significant after Bonferroni correction. Decreased BDNF promoter methylation leads to 

decreased food fussiness (P = 0.0005) and satiety response (P = 0.0013).  
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B 
 

 

Figure 3. BDNF Methylation Correlations for Most Significant Associations. (A) 

BDNF promoter methylation is positively correlated to  (A) food fussiness and (B) satiety 

response in females.  
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Table 10. Statistically Significant Genotype Results After Bonferroni Adjustment. 

 
* This table shows the mean ± SD of the obesity-associated phenotypes that are 

associated to genotype and remain statistically significant after Bonferroni adjustment for 

multiple testing.

Gene SNP Population 
Risk 

Allele Phenotype Genotype P Value 

          
AA  

(n = 20) 
AG/GG  
(n = 6)   

BDNF rs4923461 Males A 
Emotional 

Under-Eating 0.95 ± 0.62 2.08 ± 0.42 5.0e-4 
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3.3.2 Fat Mass and Obesity-Associated Gene 

  FTO expression analysis did not show a difference between obese and non-obese 

individuals, obese males and non-obese males, or obese females and non-obese females 

(Figure 4A-C). Transcript analysis was performed a multitude of times on sample 207, 

however, a CT value could not be derived. No sex differences were found in FTO 

transcript levels between males (mean ΔCT = 1.54 ± 1.77) and females (mean ΔCT = 

1.38 ± 1.70; P = 0.73). There were no associations identified between SNPs in FTO and 

FTO expression levels in the total population (Figure 4D-F), or in the male or female 

population when the data was stratified by sex (data not shown). FTO expression analysis 

was able to identify several correlations with high-risk eating behaviors. The strongest 

correlations for FTO expression were identified in females. Increased expression levels 

were correlated with increased enjoyment of food (R2 = 0.154; Figure 5A), and decreased 

food fussiness (R2 = 0.17; Figure 5B).  

 When the expression data was divided into the upper half or extreme and lower 

half or extreme, several statistically significant associations to obesity-associated 

phenotypes were identified. The data for the total and female populations are summarized 

in Table 11. No associations were identified in the male population (data not shown). In 

the total population, higher expression was associated with higher enjoyment of food. 

This result was replicated for females. An association between higher expression and 

lower food fussiness was also identified in females.  

 The CpG site in the promoter of FTO is located 460bp upstream from the 

transcription start site. This proximal promoter region does not fall into the classification 

of a CpG island. The promoter was found to have 48.9% CG content and 21 CpG sites 
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for an observed/expected ratio of 0.35. FTO methylation was not correlated strongly with 

FTO transcript level in the total (R2 = 0.001), male (R2 = 0.028), or female populations 

(R2 = 0.032; data not shown).  

 FTO promoter methylation did not show a significant difference between the total 

obese and non-obese populations (Figure 6). There were no significant differences 

identified between male obese (mean = 78.53 ± 11.11) and male non-obese (mean = 

67.94 ± 20.46; P = 0.13), or between the female obese (mean = 79.22 ± 16.91) and 

female non-obese (mean = 79.16 ± 13.29; P = 0.99; data not shown). FTO promoter 

methylation analysis was able to demonstrate several correlations with obesity-associated 

phenotypes (Figure 7). Emotional under-eating was positively correlated with FTO 

methylation in the total population (R2 = 0.105; Figure 7A) and female population (R2 = 

0.184; Figure 7B). In males, promoter methylation was positively correlated with BMI z-

scores (R2 = 0.176; Figure 7C). Statistically significant associations were also observed 

when the data was divided into the lower half and upper half of FTO methylation as well 

as the lower extreme and upper extremes of FTO methylation (Table 12).  

 The total and female populations showed statistically significant associations with 

high methylation and high negative affect scores, high emotional under-eating, and 

decreased ability to delay gratification. The female population also exhibited associations 

with higher methylation and increased desire to drink and increased percent fat. No 

significant associations were found when examining the male population.  

 This study was able to identify one association between rs3751812 in FTO to 

enjoyment of food in females. Females with the risk allele were shown to enjoy food less 

than those without the risk allele (Table 13), in contrast to expectations.
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Figure 4. FTO Expression Analysis. (A) No statistically significant differences in 

expression were found between total obese and non-obese. (B) No differences were 

identified between the female obese and non-obese. (C) No difference detected between 

and the male obese and non-obese. (D-F) All risk allele groups are represented by purple 

X’s, the protective allele group is represented by teal X’s. (D) This graphs shows the 

genotypes for the SNP rs9939609 in FTO and the corresponding expression levels, no 

statistically significant difference was detected in expression levels between the risk 

group, AA/AT allele, and the protective group, TT. (E) This graph depicts the genotype 

at rs8050136 in FTO and the corresponding expression levels, no statistically significant 

difference was detected in the risk group, AA/AC, compared to the protective group, CC. 

(F) This graph illustrates the genotype at rs3751812 in FTO and the corresponding 

expression levels, no statistically significant difference was detected between the risk 

group, TT/GT, and the protective group, GG. 
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Figure 5. FTO Expression Correlations. (A) FTO expression levels are positively 

correlated with enjoyment of food scores from the CEBQ. (B) FTO expression levels are 

negatively correlated with food fussiness scores from the CEBQ. 
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Table 11. Associations Between FTO Expression and Obesity-Associated 

Phenotypes. 

FTO Expression Population n Phenotype Mean ± SD P value 
Lower Half Total 32 Enjoyment of Food 2.89 ± 0.98 0.05 
Upper Half   32   3.22 ± 0.69   

            
Lower Half Females 19 Enjoyment of Food 2.70 ± 1.02 0.02 
Upper Half   19   3.42 ± 0.66   

            
Lower Extreme Females 13 Enjoyment of Food 2.6 ± 1.07 0.04 
Upper Extreme   13   3.37 ± 0.62   

            
Lower Half Females 19 Food Fussiness 1.50 ± 0.77 0.05 
Upper Half   19   1.03 ± 0.66   

            
Lower Extreme Females 13 Food Fussiness 1.46 ± 0.74 0.04 
Upper Extreme   13   0.91 ± 0.50   

 
* This table depicts all of the statistically significant associations between FTO 

expression and obesity-associated phenotypes.  

 

 

 

 

 

 

 

 

 

 

 

 



 67 

A 

 

B 

 

Figure 6. FTO Promoter Methylation Analysis. (A) This bar graph depicts the 

methylation percentages for the total population categorized by deciles. (B) This graph 

depicts the FTO percent methylation between obese and non-obese individuals, no 

statistically significant difference was identified.  
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Figure 7. FTO Promoter Methylation Correlations. (A) Methylation in the promoter 

of FTO is positively correlated with emotional under-eating in the total population, and 

(B) in the female population. (C) FTO promoter methylation is positively correlated with 

BMI z-scores in males.  
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Table 12. Associations Between FTO Promoter Methylation and Obesity-Associated 

Phenotypes. 

FTO % Methylation Population n Phenotype Mean ± SD P value 
Lower Half Total 32 Negative Affect 3.89 ± 0.66 0.05 
Upper Half   32   4.20 ± 0.51   

            
Lower Extreme Total 21 Negative Affect 3.86 ± 0.66 0.02 
Upper Extreme   21   4.28 ± 0.45   

            
Lower Half Total 32 Emotional Under-Eating 1.03 ± 0.79 0.01 
Upper Half   32   1.56 ± 0.76   

            
Lower Extreme Total 21 Delay of Gratification (Mins) 10.51 ± 5.61 0.04 
Upper Extreme   21   6.83 ± 5.46   

            
Lower Extreme Total 21 Delay of Gratification (Dich) 1.67 ± 0.47 0.03 
Upper Extreme   21   1.33 ± 0.47   

            
Lower Half Females 19 Desire to Drink 2.04 ± 0.95 0.02 
Upper Half   19   2.93 ± 1.20   

            
Lower Half Females 19 Percent Fat 25.64 ± 7.76 0.04 
Upper Half   19   31.08 ± 7.45   

            
Lower Extreme Females 13 Negative Affect 3.70 ± 0.68 0.03 
Upper Extreme   13   4.22 ± 0.43   

            
Lower Extreme Females 13 Delay of Gratification (Mins) 11.28 ± 5.38 0.03 
Upper Extreme   13   6.40 ± 5.18   

            
Lower Extreme Females 13 Delay of Gratification (Dich) 1.69 ± 0.46 0.02 
Upper Extreme   13   1.23 ± 0.42   

            
Lower Extreme Females 13 Emotional Under-Eating 0.98 ± 0.79 0.04 
Upper Extreme   13   1.75 ± 0.90   

 
* This table depicts all of the statistically significant associations found between FTO 

promoter methylation and obesity-associated phenotypes.  
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 Table 13. Statistically Significant Genotype Results for FTO rs3751812 

 

* Table shows the means ± the standard deviations for the statistically significant 

genotype data found at FTO rs3751812. 

Gene SNP Population 
Risk 

Allele Phenotype Genotype 
P 

Value 

          
TT/GT  
(n=7) 

GG  
(n=31)   

FTO rs3751812 Females T Enjoyment of Food 2.43 ± 0.62 3.20 ± 0.93 0.05 



 71 

3.3.3 DNA (cytosine-5-)-Methyltransferase 3 Beta 

 To elucidate whether epigenetic alterations in the promoter of DNMT3B 

contribute to obesity, methylation at a CpG site 442bp upstream from the transcription 

start site was examined. The promoter of DNMT3B is not classified as a CpG island. The 

proximal promoter region being examined had high GC content of 61.1%, but contains 

only 43 CpG sites, producing an observed/expected ratio of only 0.45. Expression data 

was not able to be collected due to low transcript levels of DNMT3B in white blood cells 

extracted from saliva.  

The promoter methylation data for DNMT3B is summarized in Figure 8. One 

obese sample, sample number six, was repeated numerous times, however, a value for 

percent methylation at the CpG site was unable to be determined. No statistically 

significant difference was identified between the obese and non-obese populations  

(Figure 8B). There was no difference found when the data was divided into male obese 

(mean = 21.72 ± 19,08) and non-obese (mean = 23.67 ± 8.98; P = 0.75) and female obese 

(mean = 18.22 ± 20.75) and non-obese (mean = 22.17 ± 17.97; P = 0.55, data not shown).  

Several negative correlations between methylation levels and obesity-associated 

phenotypes were identified (Figure 9). Correlations between low levels of DNMT3B 

promoter methylation and higher negative affect were found for the total population (R2 = 

0.156; Figure 9A) and female population (R2 = 0.286; Figure 9B). A correlation was also 

found in females between low methylation and higher food responsiveness (R2 = 0.103; 

Figure 9C).  

Several associations were found statistically significant when comparing high and 

low levels of DNMT3B methylation to obesity-associated phenotypes; these data are 
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summarized in Table 14. Low levels of methylation were associated with higher BMI 

percentiles and higher negative affect in the total population. The female population also 

showed an association between low methylation and high negative affect, as well as 

associations between low methylation and lower effortful control, higher enjoyment of 

food, and higher food responsiveness. No associations remained significant after 

Bonferroni adjustment. 

 Statistically significant genotype data for DNMT3B rs992472 is summarized in 

Table 15. Children who possess the C allele typically ate less than children expressing the 

A allele. The same trend was found for female children. No statistically significant 

associations were identified in male children.  
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Figure 8. DNMT3B Promoter Methylation Analysis. (A) DNMT3B percent 

methylation at promoter for all individuals categorized by decile. (B) Percent methylation 

of DNMT3B for obese and non-obese individuals, not statistical difference detected. 
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Figure 9. DNMT3B Promoter Methylation Correlations. (A) DNMT3B promoter 

methylation is negatively correlated with negative affect in the total population and in (B) 

the female population. (C) DNMT3B promoter methylation is negatively correlated with 

food responsiveness in females. 
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Table 14. Associations Between DNMT3B Promoter Methylation and Obesity-

Associated Phenotypes. 

DNMT3B % Methylation Population n Phenotype Mean ± SD 
P 

value 
Lower Half Total 32 BMI percentile 86.58 ± 16.06 0.05 
Upper Half   32   76.37 ± 23.45   

            
Lower Extreme Total 21 BMI percentile 86.24 ± 17.87 0.05 
Upper Extreme   21   72.89 ± 23.78   

            
Lower Half Total 32 Negative Affect 4.21 ± 0.54 0.05 
Upper Half   32   3.90 ± 0.63   

            
Lower Extreme Females 13 Negative Affect 4.28 ± 0.48 0.02 
Upper Extreme   13   3.68 ± 0.66   

            
Lower Half Females 19 Effortful Control 5.10 ± 0.42 0.02 
Upper Half   19   5.48 ± 0.50   

            
Lower Extreme Females 13 Effortful Control 5.04 ± 0.48 0.05 
Upper Extreme   13   5.45 ± 0.46   

            
Lower Extreme Females 13 Enjoyment of Food 3.54 ± 0.56 0.01 
Upper Extreme   13   2.77 ± 0.72   

            
Lower Extreme Females 13 Food Responsiveness 2.42 ± 1.26 0.05 
Upper Extreme   13   1.43 ± 1.12   

 
* This table depicts the statistically significant association between DNMT3B promoter 

methylation and obesity-associated phenotypes.  
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Table 15. Statistically Significant Genotype Results for DNMT3B rs992472. 

 

 
* Table shows the means ± the standard deviations for the statistically significant 

genotype data found at DNMT3B rs992472. 

Gene SNP Population 
Risk 

Allele Phenotype Genotype 
P 

Value 

          
CC/CA 
(n=33) 

AA 
(n=31)   

DMNT3B rs992472 Total C 
Avg Total Food 

(KCal) 
502.03 ± 
189.75 

616.18 ± 
168.08 0.02 

          
CC/CA 
(n=33) 

AA 
(n=31)   

DMNT3B rs992472 Total C 
Avg Total Food 

(g) 
383.28 ± 
158.38 

464.74 ± 
124.42 0.03 

          
CC/CA 
(n=21) 

AA 
(n=17)   

DMNT3B rs992472 Females C 
Avg Total Food 

(KCal) 
455.67 ± 
122.37 

622.02 ± 
195.63 0.004 

          
CC/CA 
(n=21) 

AA 
(n=17)   

DMNT3B rs992472 Females C 
Avg Total Food 

(g) 
358.28 ± 
119.44 

471.22 ± 
152.63 0.02 
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3.3.4 Leptin Receptor 

 The promoter of LEPR is categorized as a CpG island. The CpG site examined in 

this study is 636bp upstream from the transcription start site. The proximal promoter 

region has a GC content of 63.1% and contains 64 CpGs to produce an 

observed/expected CpG ratio of 0.61. The methylation analysis of the LEPR promoter, 

summarized in Figure 10, was not able to identify a statistically significant difference in 

the promoter methylation between obese and non-obese individuals (Figure 10B). There 

was no difference found between the male obese (mean = 10.35 ± 9.17) and non-obese 

(mean = 5.85 ± 5.23; P = 0.15), or between the female obese (mean = 6.72 ± 10.47) and 

non-obese populations (mean = 6.97 ± 9.94; P = 0.94; data not shown).  

The methylation analysis of LEPR was able to elucidate several correlations with 

obesity-associated behaviors in males (Figure 11). Positive correlations were found 

between percent methylation and percent fat (R2 = 0.142; Figure 11A), raw BMI (R2 = 

0.122; Figure 11B), and BMI z-scores (R2 = 0.135; Figure 11C). Two associations were 

identified between high methylation and percent fat and raw BMI in males (Table 16). 

The SNP rs1137101 in LEPR results in an amino acid change from a glutamine to 

an arginine (Q223R), with the G allele (R) resulting in decreased LEP sensitivity (den 

Hoed, et al, 2009). The genotyping data for LEPR in this study did not find any 

associations with any physical measures of obesity, but did find an association between 

the risk allele and higher negative affect in the total and male population (Table 17). 

Individuals for the total population who possess the G allele rank higher for negative 

affect. The same trend is seen when examining the male population. This trend was not 

identified in the female population.  
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Figure 10. LEPR Promoter Methylation Analysis. (A) LEPR promoter methylation for 

all individuals categorized by range. (B) Promoter methylation of LEPR for obese and 

non-obese individuals, not statistical difference detected.  

 

 

 

0 
5 
10 
15 
20 
25 
30 

In
di
vi
du
al
s 

% Methylation Range 

LEPR % Methyla.on Range 



 79 

A 

 

B 

  

C 

 

Figure 11. LEPR Promoter Methylation Correlations. LEPR promoter methylation is 

positively correlated with (A) percent fat, (B) raw BMI, and (C) BMI Z-scores in males. 
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Table 16. Associations Between LEPR Promoter Methylation and Obesity-

Associated Phenotypes. 

LEPR Methylation Population n Phenotype Mean ± SD P value 
Lower Extreme Males 9 Percent Fat 21.12 ± 3.47 0.05 
Upper Extreme   9   26.2 ± 5.77   

            
Lower Extreme Males 9 Raw BMI 17.42 ± 1.13 0.04 
Upper Extreme   9   20.09 ± 3.25   

 
* This table shows the statistically significant associations between promoter methylation 

of LEPR and obesity-associated phenotypes. 
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Table 17. Statistically Significant Genotype Results for LEPR rs1137101. 

Gene SNP Population 
Risk 

Allele Phenotype Genotype 
P 

Value 

          
GG/GA  
(n = 53) 

AA  
(n = 11)   

LEPR rs1137101 Total G 
Negative 

Affect 4.12 ± 0.59 3.70 ± 0.60 0.04 

          
GG/GA  
(n = 18) 

AA  
(n = 8)   

LEPR rs1137101 Males G 
Negative 

Affect 4.22 ± 0.40 3.72 ± 0.69 0.04 
 
* Table shows means ± the standard deviations of the statistically significant genotype 

data generated for LEPR rs1137101.  
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3.3.5 Src-homology 2 Domain-Containing Adaptor Protein  

  Methylation at the promoter of SH2B1 was evaluated at a CpG site located 327bp 

upstream of the transcription start site. The promoter of SH2B1 is categorized as a CpG 

island with a GC content of 59.5 % and contains 62 CpG sites for an observed/expected 

ratio of 0.66. The methylation analysis for the total population is summarized in Figure 

12. There were no differences identified in promoter methylation between the total obese 

and non-obese populations (Figure 12B). There were also no differences identified when 

the populations were divided into male obese (mean = 5.96 ± 5.15) and non-obese (mean 

= 7.05 ± 9.40; P = 0.73) or female obese (mean = 5.92 ±12.56) and non-obese (mean = 

4.52 ± 3.07; P = 0.65; data not shown).  

Two positive correlations were identified between promoter methylation and 

obesity-associated phenotypes in males. Male satiety response (R2 = 0.11) and food 

fussiness (R2 = 0.14) were positively correlated with SH2B1 promoter methylation 

(Figure 13). There were several associations observed when the methylation data was 

divided into halves and extremes; these data are summarized in Table 18.  

Low levels of SH2B1 promoter methylation were found to be associated with 

obesity-associated phenotypes across all populations. In the total population associations 

were found between low methylation and lower surgency and higher negative affect. 

Associations in females were identified between low methylation and higher negative 

affect, higher percent fat, and higher BMI percentile. In the male population, individuals 

with low SH2B1 promoter methylation were found to have lower surgency and lower 

satiety response. 
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My research was not able to replicate any associations between genotype of 

SH2B1 rs7498665 and obesity related phenotypes (data not shown). 
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Figure 12. SH2B1 Promoter Methylation Analysis. (A) SH2B1 percent methylation at 

promoter for all individuals categorized by range. (B) Promoter methylation of SH2B1 

for obese and non-obese individuals, no statistical difference detected. 
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Figure 13. SH2B1 Promoter Methylation Correlations. (A) This graph shows a 

positive correlation between SH2B1 promoter methylation and satiety responsiveness in 

males. (B) This graph also shows a positive correlation between SH2B1 promoter 

methylation and food fussiness in males.
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Table 18. Associations Between SH2B1 Promoter Methylation and Obesity-

Associated Phenotypes. 

SH2B1 % Methylation Population n Phenotype Mean ± SD P value 
Lower Half Total 32 Surgency 4.78 ± 0.64 0.02 
Upper Half   32   5.16 ± 0.58   

            
Lower Extreme Total 21 Surgency 4.69 ± 0.69 0.05 
Upper Extreme   21   5.13 ± 0.67   

            
Lower Half Total 32 Negative Affect 4.28 ± 0.59 0.0025 
Upper Half   32   3.82 ± 0.54   

            
Lower Extreme Total 21 Negative Affect 4.29 ± 0.60 0.05 
Upper Extreme   21   3.90 ± 0.61   

            
Lower Half Females 19 Negative Affect 4.30 ± 0.57 0.01 
Upper Half   19   3.11 ± 0.60   

            
Lower Extreme Females 13 Percent Fat 32.70 ± 7.10 0.02 
Upper Extreme   13   25.11 ± 7.73   

            
Lower Extreme Females 13 BMI Percentile 90.62 ± 14.04 0.01 
Upper Extreme   13   67.99 ± 26.17   

            
Lower Half Males 13 Surgency 4.93 ± 0.39 0.04 
Upper Half   13   5.34 ± 0.52   

            
Lower Half Males 13 Satiety Response 1.12 ± 0.50 0.03 
Upper Half   13   1.71 ± 0.70   

 
* This table shows the statistically significant associations between promoter methylation 

of SH2B1 and obesity-associated phenotypes. 
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3.3.6 Brain Derived Neurotrophic Factor 

 To examine epigenetic changes in the promoter of BDNF, methylation at a CpG 

site 868bp from the transcription start site, before exon I, was analyzed. The proximal 

promoter of BDNF examined is classified as a CpG island with a GC content of 56.5% 

and 70 CpG sites to produce an observed/expected ratio of 0.85. The promoter 

methylation analysis, summarized in Figure 14, was unable to detect a statistically 

significant difference between the total obese and non-obese populations (Figure 14B). 

There was also no difference seen when the data was divided between male obese (mean 

= 11.00 ± 7.22) and non-obese (mean = 19.41 ± 19.66; P =0.18), or between female 

obese (mean = 15.71 ± 16.05) and non-obese (mean = 16.54 ± 12.31; P = 0.86; data not 

shown).  

 A weak negative correlation was found between promoter methylation and 

percent fat when examining the male population (R2 = 0.103; Figure 15). After the data 

were divided into high and low methylation levels several statistically significant 

associations were identified (Tables 19 and 20). In the total population, lower levels of 

promoter methylation were associated with lower food fussiness, lower satiety response, 

higher emotional over-eating, higher enjoyment of food, higher food responsiveness, 

lower delay of gratification, higher average food intake in grams, and higher raw BMI 

(Table 19).  

 When examining the female population several associations, including those 

mentioned earlier, were identified between lower levels of promoter methylation and 

lower food fussiness, lower satiety response, higher average intake of food in grams, 

higher enjoyment of food, higher food responsiveness, and higher average intake in 
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KCals (Table 20). In males, lower methylation was associated with lower delay of 

gratification when measured in minutes and when the data was dichotomized (Table 20).  

 Table 21 depicts the statistically significant relationships found between the 

genotype at BDNF rs4923461 and obesity-associated phenotypes. In contrast to 

expectation, individuals who possessed the risk allele, A, had a longer delay of 

gratification, lower negative affect, lower emotional over- and under-eating, and 

decreased desire to drink when compared to those who possessed the G allele.  
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Figure 14. BDNF Promoter Methylation Analysis. (A) BDNF percent methylation at 

promoter for all individuals categorized by decile. (B) Promoter methylation of BDNF for 

obese and non-obese individuals, no statistical difference detected. 

0 

5 

10 

15 

20 

25 

30 
In

di
vi

du
al

s 

Range of % Methylation 

BDNF % Methylation Range 



 90 

 

 

Figure 15. BDNF Promoter Methylation Correlations. This graphs depicts a negative 

correlation between BDNF promoter methylation and percent fat. 
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Table 19. Associations Between BDNF Promoter Methylation and Obesity-

Associated Phenotypes in the Total Population. 

BDNF % Methylation Population n Phenotype Mean ± SD P value 
Lower Half Total 32 Food Fussiness 1.10 ± 0.76 0.01 
Upper Half   32   1.57 ± 0.67   

            
Lower Extreme Total 21 Food Fussiness 0.95 ± 0.70 0.01 
Upper Extreme   21   1.59 ± 0.66   

            
Lower Half Total 32 Satiety Response 1.17 ± 0.79 0.01 
Upper Half   32   1.61 ± 0.59   

            
Lower Half Total 32 Emotional Over-Eating 0.88 ± 0.66 0.04 
Upper Half   32  0.54 ± 0.62   

            
Lower Half Total 32 Enjoyment Of Food 3.34 ± 0.79 0.04 
Upper Half   32  2.88 ± 0.92   

            
Lower Half Total 32 Food Responsiveness 2.37 ± 1.20 0.01 
Upper Half   32   1.59 ± 1.21   

            
Lower Half Total 32 Delay Of Gratification (Min) 8.31 ± 6.00 0.03 
Upper Half   32   11.49 ± 5.30   

            
Lower Half Total 32 Delay Of Gratification (Dich) 1.47 ± 0.50 0.02 
Upper Half   32   1.75 ± 0.43   

            

Lower Half Total 32 Average Intake (g) 
462.82 ± 
164.40 0.03 

Upper Half   32   
382.43 ± 
118.06   

            
Lower Half Total 32 Raw BMI 19.90 ± 4.21 0.05 
Upper Half   32   18.04 ± 3.00   

 
* This table represents all of the statistically significant associations found between 

BNDF promoter methylation and obesity-associated phenotypes in the total population. 
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Table 20. Associations Between BDNF Promoter Methylation and Obesity-

Associated Phenotypes in Males and Females. 

BDNF % Methylation Population n Phenotype Mean ± SD 
P 

value 
Lower Half Females 19 Food Fussiness 0.93 ± 0.72 0.01 
Upper Half   19   1.6 ± 0.63   

            
Lower Extreme Females 13 Food Fussiness 0.82 ± 0.37 5.0e-4 
Upper Extreme   13   1.53 ± 0.48   

            
Lower Half Females 19 Satiety Response 0.99 ± 0.77 0.0013 
Upper Half   19   1.76 ± 0.53   

            
Lower Extreme Females 13 Satiety Response 1.05 ± 0.72 0.02 
Upper Extreme   13   1.74 ± 0.57   

            
Lower Half Females 19 Enjoyment Of Food 3.43 ± 0.74 0.01 
Upper Half   19   2.68 ± 0.96   

            
Lower Half Females 19 Food Responsiveness 2.56 ± 1.22 0.01 
Upper Half   19   1.44 ± 1.12   

            

Lower Half Females 19 Average Intake (g) 
478.75 ± 
153.28 0.0024 

Upper Half   19   
338.86 ± 

98.18   
            

Lower Half Females 19 Average Intake (KCal) 
607.07 ± 
195.06 0.01 

Upper Half   19   
453.11 ± 
120.72   

            
Lower Half Males 13 Delay Of Gratification (Min) 8.03 ± 6.10 0.01 
Upper Half   13   13.68 ± 2.88   

            
Lower Extreme Males 9 Delay Of Gratification (Min) 7.60 ± 6.64 0.04 
Upper Extreme   9   13.42 ± 3.32   

            
Lower Half Males 13 Delay Of Gratification (Dich) 1.54 ± 0.50 0.03 
Upper Half   13   1.92 ± 0.27   
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* This table represents all of the statistically significant associations found between 

BNDF promoter methylation and obesity-associated phenotypes in males and females. As 

mentioned previously, the associations for female food fussiness (extremes) and satiety 

response (half and half) remained significant after Bonferroni adjustment. 
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Table 21. Statistically Significant Genotype Results for BDNF rs4923461. 

 

Gene SNP Population 
Risk 

Allele Phenotype Genotype 
P 

Value 

          
AA  

(n = 20) 
AG/GG 
(n = 6)   

BDNF rs4923461 Males A Negative Affect 
3.91 ± 
0.51 

4.51 ± 
0.46 0.02 

          
AA  

(n = 20) 
AG/GG 
(n = 6)   

BDNF rs4923461 Males A Wait Time 
12.06 ± 

6.01 
6.84 ± 
5.50 0.05 

          
AA  

(n = 50) 
AG/GG 
(n = 14)   

BDNF rs4923461 Total A 
Emotional Over-

Eating 
0.62 ± 
0.66 

1.02 ± 
0.54 0.05 

          
AA  

(n = 50) 
AG/GG 
(n = 14)   

BDNF rs4923461 Total A Desire to Drink 
2.39 ± 
1.10 

3.10 ± 
0.96 0.04 

          
AA  

(n = 50) 
AG/GG 
(n = 14)   

BDNF rs4923461 Total A 
Emotional Under-

Eating 
1.14 ± 
0.75 

1.88 ± 
0.82 0.003 

          
AA  

(n = 20) 
AG/GG 
(n = 6)   

BDNF rs4923461 Males A 
Emotional Over-

Eating 
0.40 ± 
0.54 

0.96 ± 
0.39 0.03 

          
AA  

(n = 20) 
AG/GG 
(n = 6)   

BDNF rs4923461 Males A 
Emotional Under-

Eating 
0.95 ± 
0.62 

2.08 ± 
0.42 5.0e-4 

 
* Table shows the means ± the standard deviations for the statistically significant 

genotype data found at BDNF rs4923461. The associations between BDNF rs4923461 

and emotional under-eating in males remained statistically significant after Bonferroni 

adjustment. 
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3.3.7 Neuronal Growth Regulator 1 

 Epigenetic insight at the proximal promoter of NEGR1 was unable to be obtained 

due to extremely low levels of methylation at this particular locus. The promoter of 

NEGR1 is categorized as a CpG island, so it is expected that low levels of methylation 

would be found at this site.  

 This study was able to identify an association between food intake in KCal and 

the genotype at rs2815752 (Table 22). In the total population the risk allele C was 

associated with lower food intake compared to the T allele, contrary to expectations. This 

trend was replicated in the male population. The males who possessed the T allele ate 

more, on average, compared to those who possess the C allele (Table 22). No significant 

difference was found when examining the female T (mean = 494.50 ± 172.46) and C 

allele carriers (mean = 585.67 ± 176.46, P = 0.14), although the same trend is observed. 
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Table 22. Statistically Significant Genotype Results for NEGR1 rs2815752 

Gene SNP Population 
Risk 

Allele Phenotype Genotype 
P 

Value 

          
TT/CT 
(n=39) 

CC 
(n=25)   

NEGR1 rs2815752 Total T 
Avg Total 

Food (KCal) 
505.61 ± 
156.12 

637.99 ± 
205.40 0.01 

          
TT/CT 
(n=16) 

CC 
(n=10)   

NEGR1 rs2815752 Males T 
Avg Total 

Food (KCal) 
521.59 ± 
127.35 

717.98 ± 
219.33 0.01 

 
* Table shows the means ± the standard deviations for the statistically significant 

genotype data found at NEGR1 rs2815752. 
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3.3.8 Cholecystokinin Receptor A 

 The CCKAR proximal promoter region does not fit the definition of a CpG island. 

The GC content at this region is 49.7% with 19 CpG site producing an observed/expected 

ratio of only 0.31. To determine if any epigenetic variations at this locus influence 

obesity risk, a CpG site 784bp from the transcription start site was analyzed. The CCKAR 

promoter methylation analysis is summarized in Figure 16.  

No statistical difference was found in promoter methylation between the obese 

and non-obese populations (Figure 16B). There was no difference in promoter 

methylation between obese males (mean = 78.79 ± 13.19) and non-obese males (mean = 

71.03 ± 22.03; P = 0.31), or between obese females (mean = 69.29 ± 10.39) and non-

obese females (mean = 69.18 ± 11.52; P = 0.98, data not shown).  

No correlations were identified between promoter methylation of CCKAR and 

obesity-associated phenotypes in the total, female, or male populations. A statistically 

significant association was identified between the upper extreme of CCKAR promoter 

methylation and higher BMI percentile in females (Table 23).  
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Figure 16. CCKAR Promoter Methylation Analysis. (A) CCKAR percent methylation 

at promoter for all individuals categorized by decile. (B) CCKAR promoter methylation 

for obese and non-obese individuals, no statistical difference was detected.  
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Table 23. Associations Between CCKAR Promoter Methylation and Obesity-

Associated Phenotypes. 

CCKAR % Methylation Population n Phenotype Mean ± SD P value 
Lower Extreme Females 13 Percent BMI for Age 67.76 ± 27.24 0.05 
Upper Extreme   13   87.79 ± 18.70   

 
* This table shows the statistically significant associations between promoter methylation 

of CCKAR and obesity-associated phenotypes.  
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3.3.9 Monoamine Oxidase-A 

My research was able to identify a statistically significant difference in transcript 

levels between female obese and non-obese (Figure 17B), as expected. Female obese 

children expressed about half as much MAOA (fold-change = 0.42) compared to non-

obese females (P = 0.03). The expression analysis for the total population (Figure 17A) 

suggests that obese individuals exhibit lower expression of MAOA than the non-obese 

population, but this was not found to be statistically significant (P = 0.118). Male 

expression of MAOA does not show a difference between the obese and the non-obese 

populations  (P = 0.94; Figure 17C). There was no difference detected between 

expression of MAOA between males (mean ΔCT = 2.56 ± 1.84) and females (mean ΔCT 

= 2.78 ± 1.80; P = 0.64; data not shown).  

MAOA expression analysis was able to elucidate a correlation between expression 

and percent body fat in females (R2 = 0.109; Figure 18), as well as several statistically 

significant associations with obesity-associated phenotypes (Table 24). Lower transcript 

levels of MAOA were associated with higher emotional under-eating in the total 

population and female population, and with higher percent fat in the female population.  

To examine if any epigenetic alterations to the MAOA promoter modify obesity 

risk, a CpG site 726bp from the transcription start site was analyzed. The promoter of 

MAOA can be categorized as a CpG island with a GC content of 60.6% and 59 CpG sites 

to produce an observed/expected ratio of 0.61. The summary findings for MAOA 

methylation analysis can be found in Figure 19. No statistical difference was identified in 

promoter methylation between the obese and non-obese populations (Figure 19B). An 

observed difference was identified between the male and the female populations (Figure 
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19C), as expected, due to the location of MAOA on the X chromosome. When the data 

were divided by sexes, there was no statistically significant difference between male 

obese (mean = 12.29 ± 15.92) and non-obese (mean = 15.54 ± 22.86; P = 0.69) or 

between female obese (mean = 34.91 ± 15.75) and non-obese (mean = 31.80 ± 12.64; P = 

0.52; data not shown). Promoter methylation of MAOA also did not show a correlation 

with expression in the total population (R2 = 0.002), males (R2 = 0.005), or females (R2 = 

0.011; data not shown). This study was able to identify associations between increased 

methylation and increased desire to drink and percent fat in females (Table 25).  
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Figure 17. MAOA Expression Analysis. (A) MAOA mRNA expression levels for the 

total obese and non-obese populations; no statistically significant difference was 

detected. (B) Female MAOA mRNA expression was found to be higher among non-

obese individuals compared to obese individuals, this association was found to be 

statistically significant (P = 0.03). (C) Male MAOA mRNA expression was not found to 

have a statistically significant difference in the between the obese and non-obese. 
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Figure 18. MAOA Expression Correlations. This graph depicts a negative correlation 

between MAOA expression and percent fat in female. 
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Table 24. Associations Between MAOA Expression and Obesity-Associated 

Phenotypes. 

MAOA Expression Population n Phenotype Mean ± SD P value 
Lower Half Total 32 Emotional Under-Eating 1.54 ± 0.72 0.02 
Upper Half   32   1.07 ± 0.85   

            
Lower Half Females 19 Emotional Under-Eating 1.64 ± 0.77 0.04 
Upper Half   19   1.07 ± 0.86   

            
Lower Half Females 19 Percent Fat 31.26 ± 7.32 0.03 
Upper Half   19   25.46 ± 7.76   

            
Lower Extreme Females 13 Percent Fat 32.28 ± 6.66 0.02 
Upper Extreme   13   24.59 ± 8.39   

  
* This table shows the statistically significant associations between MAOA expression 

and obesity-associated phenotypes. 
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Figure 19. MAOA Promoter Methylation Analysis. (A) Percent methylation for all 

individuals categorized by ranges. (B) Percent methylation for obese and non-obese 

populations, no statistical difference identified. (C) Percent methylation for males and 

females, a statistically significant difference was detected (P = 3.2e-5).  
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Table 25. Associations Between MAOA Promoter Methylation and Obesity-

Associated Phenotypes.  

MAOA % Methylation Population n Phenotype Mean ± SD P value 
Lower Half Females 19 Desire to Drink 2.04 ± 0.95 0.02 
Upper Half   19   2.93 ± 1.20   

            
Lower Half Females 19 Percent Fat 25.64 ± 7.76 0.04 
Upper Half   19   31.08 ± 7.45   

 
* This table shows the statistically significant associations between promoter methylation 

of MAOA and obesity-associated phenotypes.  
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3.4 Combined Analysis 

To determine if a combined variable could be generated using the genetic and 

epigenetic data gathered, the percent methylation and expression levels were sorted 

highest to lowest with the high or low extreme hypothesized to increase obesity risk 

scored with a one and the other was scored zero. The extremes of the total population 

were the only population analyzed that was found to be statistically significant. The 21 

children with the highest BMI percentiles were placed into the upper extreme and 

compared to the lower extreme consisting of 21 children with the lowest BMI percentiles. 

The genotype data was scored with a zero, one, or two, depending on how many risk 

alleles, predicted by this study to increase the risk of obesity, were present.  These risk 

alleles included the G allele at rs1137101 in LEPR, the A allele at rs992478 in DNMT3B, 

and the G allele at rs4923461 in BDNF. NEGR1 and FTO genotype data were excluded 

from this analysis due to the contradictory nature of the findings. These risk factors were 

added together and an overall obese phenotype could be identified in the total population 

(Table 26). Extremely obese children (BMI percentile ≥ 97.88) had on average 7.86 ± 

1.73 risk factors compared to non-obese children (BMI percentile ≤ 76.38) who had on 

average 6.67 ± 1.21 risk factors (Table 26). The same trend is seen when examining the 

children’s raw BMI scores. Children with a BMI ≥ 19.88 had on average 7.71 ± 1.58 risk 

factors compared to children with a BMI ≤ 16.43 who have on average 6.71 ± 1.24 risk 

factors. 
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Table 26. Combined Risk Factors for Obesity. 

Total    
BMI percentile n Risks P Value 
Obese ≥ 97.88% 21 7.86 ± 1.73 0.02 

Non-obese ≤ 76.38% 21 6.67 ± 1.21   
        

Raw BMI n Risks P Value 
Obese ≥ 19.88 21 7.71 ± 1.58 0.03 

Non-obese ≤ 16.43 21 6.71 ± 1.24   
 
* This table depicts the average number of risk factors counted for the extremely obese 

compared to non-obese African American children. 
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CHAPTER 4 
 

DISCUSSION 

 

4.1 Identification of Obesity-Associated Phenotypes in African American Children 

African American children are an interesting population to examine the genetic 

variations contributing to obesity due the high prevalence of obesity and the small 

amount of research done thus far in this population. The occurrence of obesity among 

African American children, aged six to 11, increased five-fold over a 30 year period from 

1972 to 2002, compared to the three-fold increase in the prevalence of obesity in 

Caucasian children of the same age (Freedman, et al, 2006). These data indicate that 

African American children are more strongly influenced by the obesigenic environment 

found today. Identifying the genetic and epigenetic predispositions that contribute to the 

development of obesity in African American children will help lead to the development 

of intervention strategies to reduce overweight and obesity in this population, as well as 

other populations. 

The data collected in this study showed that the African American child 

population was most similar to the Yoruba Sub-Saharan African population (Table 7). 

These data imply that this study population is of African heritage as reported by the 

children’s parents or caregivers. It is likely that the African American children did not 

resemble the African American adult population due to the large amount of admixture in 

African American populations (Esteban , et al, 1998), and the small amount of adults 

used to gather the genotype data. The amount of genomic variance found in this 

population is very high due to the mixing of different population genomes (Esteban , et 
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al, 1998). This study was able to genotype more African American children than the 

number of adults previously genotyped. The genotype data derived in this study should 

be added to the genotype database to provide more information about the composition of 

the African American genome.  

This study was not able to demonstrate increased odds for developing obesity in 

individuals possessing risk alleles at the SNPs in several obesity-candidate genes (Table 

8). In this small sample size, it was not expected to find statistically significant odds 

ratios as each SNP only contributes slightly to the overall development of obesity; only 

larger sample sizes have the power to detect these differences. The genotype data in this 

study was done to determine if the individuals with the risk alleles had increased risk of 

obesity or obesity-related phenotypes in the expected directions, to determine if the 

genotypes interact with transcript levels to explain obesity-related phenotypes, and to 

determine if a combined variable could be generated to predict obesity in a small 

population. 

This study examined strictly obese compared to non-obese children to elucidate 

which genetic and epigenetic effects are most strongly associated to obesity-related 

phenotypes. The basic sample characteristics can be found in Tables 2, 3, and 4. When 

comparing the total obese and non-obese groups, statistically significant differences were 

found for measurements of BMI, BMI percentile, height, weight, and percent body fat, as 

expected. Several statistically significant differences were also identified when 

examining eating behaviors. These included emotional over-eating, food responsiveness, 

and satiety responsiveness. Female children (Table 4) show the same trends as the total 

population, however, obese females also ate more on average in KCals and grams 
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compared to non-obese females. Male children show differences between obese and non-

obese in measures of BMI, BMI percentile, percent fat, and weight (Table 3). There are 

fewer numbers of males in this study, and this may be why fewer associations are 

identified in males. There are, however, many differences between the sexes to consider 

when examining adolescent and childhood obesity. 

 

4.2 Obesity Differences Between the Sexes 

There are many differences in body composition over time between males and 

females, and these should be taken into account when examining these data. Changes in 

hormone secretion or signaling can alter body composition, feeding behaviors, and 

metabolism of carbohydrates, fats, and proteins (Wisniewski and Chernausek, 2009). 

Gonadal steroids and hormones are suggested to be the major mediators of sex 

differences in body composition and body fat patterning in adults (He, et al, 2002). The 

presence of gonadal steroid receptors in adipose tissue supports this role (He, et al, 2002). 

Gonadal steroids can also influence genes, such as leptin, that play roles in body fat 

distribution patterns (He, et al, 2002).  

During infancy and childhood girls have been identified to have higher fat mass 

and distinct patterns of fat distribution in comparison to boys (Wisniewski and 

Chernausek, 2009). Girls, younger than 10, have been found to have 28% to 32% greater 

total fat mass and subcutaneous fat when compared to boys of the same age and ethnicity 

(Arfai, et al, 2002). In the first few months of life, the gonads secrete sex steroids, such as 

testosterone, which could contribute to the early differences seen in fat and body 

composition between males and females (Arfai, et al, 2002). Blocking testosterone 
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release in male monkeys has been shown to result in decreased muscle mass and smaller 

bones, indicating the importance of gonadal hormones and steroids in modifying body 

composition (Arfai, et al, 2002). These data suggest that gonadal hormones and steroids 

may play a role in the development of differences in body fat distribution in children, as 

well as adults. 

Several differences between the sexes were identified in the present study (Tables 

5 and 6). This study found that five to six year old African American females in the total, 

obese, and non-obese populations have a higher percentage of body fat compared to total 

males, obese males, and non-obese males, as expected. Obese females were also found to 

have higher weight and BMI compared to obese males. However, non-obese females 

were found to have decreased BMI, decreased BMI percentile, and decreased average 

food intake when compared to non-obese males. This study also found that obese girls 

are more likely to rank higher on scores for emotional over-eating and lower for food 

fussiness compared to obese males (Table 5). This may suggest that females are more 

strongly affected by environmental cues that promote obesity. Several studies have found 

that conflict in the family associates with the consumption of sweet snacks in girls 

(Wisniewski and Chernausek, 2009) and could be linked to increased emotional over-

eating.  

African American girls have been identified to have the highest rates of obesity 

compared to males and to other ethnicities (Wisniewski and Chernausek, 2009). The 

enhanced findings of obesity-related phenotypes in the female population of this study 

would also support this conclusion. These data may suggest that female African 

American children are more strongly affected by genetic predispositions for obesity and 
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obesigenic environments in comparison to males. Further research examining obesity 

needs to be done to unlock the differences between ethnicities and the sexes to determine 

if (and why) female African American children are at a higher risk for obesity. 

Physical activity levels were not assessed in the present study, but this could be 

another explanation of the sex differences identified between males and females. Girls 

have been found to participate less in sports and physical activity compared to boys 

(Wisniewski and Chernausek, 2009), and physical activity has been shown to be an 

important modulator of obesity, even if individuals have a genetic predisposition to 

develop obesity (Shengxu, et al, 2010). 

 

4.3 Epigenetic and Genotype Alterations of BDNF  

 BDNF is thought to be important in continuing signaling from MC4R in the VMH 

to reduce food intake (Figure 21; Lett, et al, 2011). This study was able to identify three 

associations between epigenetic and genotype variations at the BDNF locus to obesity-

associated phenotypes. These associations survived Bonferroni adjustment for multiple 

testing (Tables 9 and 10). Epigenetic alterations in the BDNF promoter, upstream of exon 

I, lead to decreased food fussiness and decreased satiety in females (Table 9). The C 

allele at BDNF rs4923261 was linked to increased emotional under-eating in males 

(Table 10). Previous research has identified that children with higher BMI or weight have 

lower food fussiness and lower satiety responses (Haycraft, et al, 2011; Webber, et al, 

2008). Emotional under-eating has been found to be highest among obese as well as 

underweight children (Webber, et al, 2008); the role of emotional under-eating and 
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obesity is not entirely understood, however, this study suggests it is a risk factor for 

obesity.  

The promoter analyzed is categorized as CpG island, and the relationship between 

low methylation and obesity-associated behaviors is unexpected. Typically methylation 

in the promoter of genes has a silencing effect (Gregory, 2001). BDNF would require 

activation to induce satiety; therefore, low methylation would be predicted to be a 

protective factor. Analysis of the promoter region using Genomatix MatInspector 

software (see methods for details) indicates that the CpG site tested lies within the core 

recognition binding site for the zinc finger 5 protein (ZF5).  

ZF5 binds to the recognition site tccCGCGgagagcgg, with the core recognition 

site represented by capital letters. The CpG site analyzed falls on the first CpG site within 

the core recognition sequence, and could interrupt the binding of ZF5 when methylated. 

ZF5 was first identified for its ability to bind and repress the murine myelocytomatosis 

proto-oncogene (c-myc) promoter (Numoto, et al, 1993). ZF5 in expressed ubiquitously, 

with the highest expression of this protein found in the brain and in ovarian tissue 

(Kaplan and Calame, 1997). If this protein binds and represses BDNF transcription, 

particularly in the brain, low methylation would allow the repressor to bind and impede 

expression and function of this gene. This decrease in BDNF function may lead to 

decreased signaling to induce anorexigenic effects and increase the risk for obesity. 

Further research is needed to determine if this transcription factor does bind to the 

promoter of BDNF in humans and how it alters transcript levels of BDNF. BDNF, 

however, is a highly complex gene that is regulated by nine separate functional promoters 
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(Pruunsild, et al, 2007), and there may be other explanations to describe how decreased 

methylation at promoter I of BDNF is correlated to obesity risk.  

BDNF contains 11 exons, and can produce numerous splice variants, all 

containing the same 3’ exon with different 5’ exons (Pruunsild, et al, 2007). This 

complex regulation can allow for the production of 18 tissue-specific BDNF transcripts 

(Pruunsild, et al, 2007). BDNF also has a natural antisense RNA transcript that is 

expressed in all human tissues and could play an important role in tissue specific function 

and splicing of BDNF (Pruunsild, et al, 2007). The study conducted by Pruunsild’s group 

found that the variants containing exons II, III, IV, V, and VII are mostly brain specific, 

and other transcripts are expressed variably in nonneural tissues. The expression of 

transcripts containing exon I were found to be expressed in the brain, as well as in the 

testis and bone marrow (Pruunsild, et al, 2007). The study by Pruunsild’s group 

examined expression in various brain regions, but did not include the hypothalamus. 

They also did not examine expression in adipose tissue or whole blood. Data regarding 

which transcripts are expressed in these tissues are needed to help determine if BDNF has 

different tissue specific effects that may alter obesity risk. Further research is needed to 

identify the different tissue-specific functions of different BDNF transcripts. 

A previous study examining the effect of SNP rs4923461 found it to be associated 

with increased BMI, but also as a protective factor against T2D (Sandholt, et al, 2011), 

and several studies in mice have found that exogenous and subcutaneous treatment with 

BDNF can reduce blood glucose (Nakagawa, et al, 2000, Ono, et al, 1997). BDNF has 

been shown to be upregulated in skeletal muscle after exercise and leads to an increase in 

the phosphorylation and activation of 5’ adenosine monophosphate-activated protein 



 116 

kinase (AMPK) (Mathews, et al, 2009). AMPK is a protein that responds to changes in 

energy stores, and is activated in times when adenosine tri-phosphate (ATP) becomes 

low, such as during exercise (Musi, 2006). AMPK is involved in the shutting down 

pathways that consume ATP, and activating pathways involved in fatty-acid and 

carbohydrate metabolism to restore ATP levels (Aschenbach, et al, 2004). AMPK has 

also been shown to stimulate the uptake of glucose by muscle and decrease levels of 

glucose in the blood (Musi and Goodyear, 2003; Musi, et al 2001). Since BDNF has been 

seen to decrease levels of blood glucose in mice, and increase the activation of AMPK in 

cell cultures, it is likely that BDNF effects blood glucose by acting on AMPK. 

AMPK is regulated by a variety of upstream factors and affects many down 

stream pathways. Some of these upstream signals that regulate AMPK include 

anorexigenic and orexigenic signals (Musi, 2006). Orexigenic signals have been found to 

increase the activation of AMPK in the hypothalamus, leading to increased food intake 

(Musi, 2006). Anorexigenic signals decrease activation of AMPK triggering a decrease in 

food intake (Musi, 2006). As BDNF has 18 different tissue-specific transcripts, it is 

possible that one transcript is responsible for signaling to induce satiety downstream of 

MC4R in the VMH, and a separate transcript functions to regulate AMPK activity in 

nonneural tissues and other areas of the brain.  

Activation of AMPK in the short-term will lead to an increase in fatty-acid and 

carbohydrate metabolism, however constitutive activation of AMPK in the hypothalamus 

has been shown to increase food intake and weight in mice (Musi, 2006). I hypothesize 

that overexpression of a tissue-specific BDNF transcript, including exon I, will lead to 

increased activation of AMPK, and increased energy intake and obesity. 
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The data gathered for BDNF are all suggestive of the same thing; over-activity of 

BDNF in white blood cells, via decreased promoter methylation or by SNPs that alter 

BDNF activity, increase the instances of obesity-associated behaviors in African 

American children. This study is the first to show that epigenetic alteration in promoter I 

of BDNF is associated with differences in eating behavior. Since BDNF is such a highly 

complex gene much more research is needed to unravel the roles it plays in different 

tissues and how different BDNF transcripts can contribute to obesity.  
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Figure 20. LEP and BDNF Signaling to Induce Satiety. LEP triggers a signaling 

cascade to stimulate POMC/CART anorexigenic neurons that activate MC4R. Activation 

of MC4R signaling leads to activation of BDNF and continues the signaling cascade to 

induce decreased energy intake and increased energy expenditure (modified from Lett, et 

al, 2011). 
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4.4 Eating Behaviors and Body Composition in African American Children  
 
 This study was able to identify a total of 16 obesity-associated phenotypes linked 

to genetic and epigenetic changes in obesity-associated genes, including the three 

discussed previously. Table 27 shows all of the statistically significant associations found 

between different epigenotypes, expression, and genotypes and the phenotypes that were 

expressed. All of the phenotypes are shown in the direction, either increased or 

decreased, thought to be associated with increased weight or obesity identified from 

previous studies. The genetic and epigenetic variations found in this study to be 

associated with these phenotypes, and the direction in which they are associated, either 

increased or decreased methylation and expression, are listed in the first row of table 27. 

Of the 16 phenotypes correlated with genetic and epigenetic variations, three were 

measures of body composition (BMI, BMI percentile, and percent body fat) and two were 

measures of food intake. As expected, body composition and food intake were found to 

be higher among individuals with epigenetic and genetic variations predisposing for 

obesity. The final 11 were measures of behavior and temperament; seven were eating 

behaviors measured using the CEBQ, three were measures of temperament assessed 

using the CBQ, and one was a measure of self-regulation assessed by having the children 

perform a laboratory procedure. Previous correlative research has identified several 

behavioral traits associated with obesity in children and adults (Webber, et al, 2008). My 

study was able to replicate many of these eating behaviors in African American children 

who have different genetic and epigenetic variations in obesity-associated genes.  

The CEBQ, a questionnaire addressing eight separate feeding behaviors (see 

methods for details), has been used in several studies to identify behavioral correlations 
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to obesity. The Webber study, mentioned previously, found that higher weight status is 

correlated to decreases in satiety response, slowness in eating, and food fussiness and 

increases in food responsiveness, enjoyment of food, emotional over-eating, and desire to 

drink (Webber, et al, 2008). My study found all of these behaviors, except for slowness 

in eating, to be correlated in the same directions to several genetic and epigenetic 

variations hypothesized to lead to increased obesity risk. However, my study also found 

an association of emotional under-eating in groups hypothesized to be at risk for obesity. 

Emotional under-eating has been inconsistent among behavior studies. A few studies 

have found that emotional under-eating ranks highest within obese and under-weight 

populations (Webber, et al, 2008). These data, along with the data from my study, 

indicate that emotional over- and under-eating are not entirely opposites and more 

research needs to be conducted to illuminate the impact of these behaviors on obesity. 

Delay of gratification was another measure of behavior assessed in this study. In 

the present study, many genetic and epigenetic variations in obesity-associated genes 

were linked to a decreased ability for children to self-regulate, and hypothesized to be a 

risk factors for obesity. A lower ability to delay gratification or self-regulate has been 

shown in previous research to promote higher weight and obesity in early childhood and 

adolescence (Francis and Susman, 2009).  

Surgency, negative affect and effortful control were three measures of 

temperament correlated with obesity risk in this study. Surgency is a degree of 

extraversion (Rothbart, et al, 2001), and in this study was found to be lower in children 

who have genetic and epigenetic risk factors for obesity. Negative affect primarily 

corresponds to degree of negative emotions (Rothbart, et al, 2001), and was identified in 
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this study to be higher in individuals with genetic and epigenetic predisposition for 

obesity. The final dimension of temperament is effortful control, which was found to be 

lower in individuals at risk for obesity in this study. These results support the results of 

previous research in which more difficult and negative children and children who have 

lower inhibitory control are at risk for obesity (Pulkki-Råback, et al, 2005; Haycraft, et 

al, 2011; Francis and Susman, 2009). 
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Table 27. Epigenetic and Genetic Factors Influencing Obesity-Associated 

Phenotypes. 

                               

* This table depicts all of the epigenetic and genetic factors tested, and the obesity-related 

phenotypes associated with these factors. These include: increased FTO expression, 

increased FTO promoter methylation, decreased MAOA expression, increased MAOA 

promoter methylation, increased LEPR promoter methylation, the G allele at rs1137101 

in LEPR, decreased SH2B1 promoter methylation, decreased BDNF promoter 

methylation, the G allele at rs4923461 in BDNF, increased CCKAR promoter 

methylation, decreased DNMT3B promoter methylation, and the A allele at rs992472 in 

DNMT3B. Bold phenotypes represent associations that remained statistically significant 

after Bonferroni correction.  
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4.5 Genetic and Epigenetic Influences on Obesity-Associated Phenotypes 

 

4.5.1 Genetic and Epigenetic Influences of FTO   

The present study did not show any increased risk for obesity in individuals 

possessing risk alleles at three intronic SNPs of FTO (Table 8). The SNPs rs9939609 and 

rs8050136 have been identified in previous studies to be in strong linkage disequilibrium, 

r2 = 0.74-0.79, across different populations, including African Americans (Song, et al, 

2008). The data in this study supports these previous results showing the two SNPs have 

an r2 value of 0.77. This indicates that the genotype data collected in this study is accurate 

and consistent with previous findings. The risk allele at rs3751812 (Table 13) exhibited 

an association with lower enjoyment of food, and may be a false positive result due to the 

skewed number of samples in each genotype group. This association does not remain 

significant after Bonferroni adjustment.  

There were also no associations seen between FTO expression levels and 

genotypes at any of the three SNPs examined in FTO (Figure 4D-F). This is probably due 

to the relatively small sample size, and the small over all effects of each SNP on the 

development of obesity. These SNPs were previously associated with BMI in several 

GWAS. GWAS are more equipped to identify these small associations as they scan 

through thousands of participant genomes to identify which loci convey risks associated 

with a particular disease phenotype. More research is needed, with larger sample sizes, to 

determine how the SNPs in the first intron of FTO influence expression levels of FTO 

and obesity in African American children. 
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FTO mRNA level has been positively correlated with BMI, and found to be 

expressed at greater levels in the subcutaneous adipose tissue of obese individuals 

(Church, et al, 2010). The expression analysis in this study did not identify a difference 

between obese and non-obese individuals (Figure 4A-C). This study did, however, 

identify associations between increased FTO transcript levels and increased enjoyment of 

food and decreased food fussiness (Figure 5; Table 11). These data support the previous 

research that indicates increased expression of FTO is a risk factor for obesity by 

showing that individuals, predominantly females, who have higher FTO transcript levels 

exhibit differences in eating behaviors that can lead to over-consumption of food and 

obesity.  

To identify any association of FTO promoter methylation and obesity-related 

phenotypes, a CpG site in the proximal promoter of FTO was analyzed. No statistically 

significant differences could be identified between promoter methylation levels in obese 

and non-obese individuals (Figure 6B), obese and non-obese males, or obese and non-

obese females (data not shown). This is likely due to the small number of participants in 

this study. FTO methylation analysis was able to identify several correlations and 

associations between increased promoter methylation of FTO and obesity-related 

phenotypes. Increased FTO methylation was associated with increased emotional over-

eating, desire to drink, negative affect, and percent fat in the total and female populations 

(Figure 7; Table 12), and with increased BMI percentile in males (Figure 7C).  

These data suggested that increased methylation at this CpG site in the promoter 

of FTO is associated with differences in eating behaviors and increased measures of body 

composition. How methylation impacts non-CpG island promoters is still poorly 
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understood. These data would suggest that increased methylation at this CpG site would 

lead to a higher risk of obesity, possibly by mediating expression levels of FTO, although 

no association was seen between methylation and expression in white blood cells 

gathered from saliva samples (data not shown). A correlation may not have been 

identified in the study as FTO is predominantly expressed in the brain, and expression 

levels in whole blood are much lower. Methylation in cis also only accounts for 5-10% of 

the variance in gene transcript levels (Turan, et al, 2010). More individuals would be 

needed to identify the presence of a slight correlation between FTO promoter methylation 

and FTO expression.  

FTO has also recently been hypothesized to be a maternally imprinted gene (van 

den Berg, et al, 2009). If FTO is a maternally imprinted gene, high amounts of 

methylation are expected at the promoter, as the promoter of all maternal copies of FTO 

will be highly methylated and silenced. To determine if this gene is imprinted, and how 

methylation changes in the promoter of FTO affect obesity-related phenotypes, 

methylation at the promoter of FTO for the paternal and maternal copies needs to be 

examined separately. 

All of the expression and methylation data together support a role of FTO in 

modulating eating behaviors and energy intake. The exact function of FTO is poorly 

understood. Research has provided evidence for a role as a nucleic acid demethylase, 

DNA repair enzyme, and a transcriptional co-activator for methylated and unmethylated 

gene promoters (Gerken, et al, 2001; Wu, et al, 2010). With any of these functions, FTO 

has the potential to modulate a wide range of pathways leading to altered feeding 

behaviors and increased body composition measures. Future research is needed to 
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determine how exactly FTO modulates these effects and if FTO works in a sex-specific 

manner to develop obesity in children and adults. 

 

4.5.2 Genetic and Epigenetic Influences of DNMT3B 

 Little previous research has been done examining DNMT3B’s role in obesity. 

One study identified a low activity variant (C allele) at rs992472 in DNMT3B to be 

associated with low levels of hunger decrease after meals, in conjunction with variants at 

FTO rs9939609 and LEPR rs1137101 in adults (den Hoed, et al, 2009). No associations 

between these variants were found in this study (data not shown), and the more active A 

allele was found to be associated with higher food intake in the total and female 

populations (Table 15). The data in this study dispute these previous results and supports 

other research that show increased DNA methylation and global hypermethylation to be 

associated with obesity (Singh, et al, 2008; Kim, et al, 2010). Previous in vitro research 

has shown that DMNT3B overexpression can lead to global hypermethylation (Roll, et 

al, 2008). Research in mice has also identified overexpression of Dnmt3a, an important 

regulator of DNA methylation, in obese adipose tissue (Kamei, et al, 2010). These data 

support the hypothesis that global increased DNA methylation is a risk factor for obesity. 

 Methylation analysis at the promoter of DNMT3B was able to provide further 

insight into DNMT3B’s role in the development of obesity. The methylation analysis 

shows that lower methylation levels are associated with increased enjoyment of food, 

higher food responsiveness, decreased effortful control, higher negative affect, and 

increased BMI percentiles in the total and female populations (Figure 9; Table 14). These 
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data suggest that lower methylation of the DNMT3B promoter may be associated with 

higher expression of DNMT3B and  

possibly contributing to global hypermethylation and obesity. 

All of these data together suggest a role for DNMT3B in the regulation of food 

intake, eating behaviors, and temperament. A wide range of effects can be expected with 

higher activity of DNMT3B, as it is responsible for maintaining methylation throughout 

the genome. Alterations of DNMT3B activity can affect a multitude of genes that may be 

involved in different signaling pathways controlling obesity. Overall these data support 

previous research in which an increase in global methylation in blood and adipose tissue 

is associated with obesity (Singh, et al, 2008; Kim, et al, 2010). 

 

4.5.3 Genetic and Epigenetic Influences of LEPR 

 A multitude of research has been done on leptin and its role in obesity. LEP is an 

adipocyte-derived hormone that is responsible for regulating energy homeostasis by 

binding and activating its receptor, LEPR (Riestra, et al, 2010). The G allele at rs1137101 

of LEPR results in decreased LEP sensitivity and higher BMI in humans (den Hoed, et al, 

2009). The data in this study were able to show an association of the LEPR risk allele and 

increased negative affect in the total and male populations (Table 17). The results of this 

study need to be replicated with larger populations to ensure these results are valid, as the 

numbers of individuals in each genotype group are skewed. 

 The methylation analysis conducted on the LEPR promoter did not show any 

differences between obese and non-obese individuals (Figure 10B), but did show 

correlations and associations to BMI and percent fat in males (Figure 11 and Table 16). 
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Increased levels of methylation are associated with increased BMI and percent fat in 

males.  

 Since the LEPR promoter is categorized as a CpG island it is hypothesized that 

increased methylation will lead to gene silencing and decreased leptin sensitivity. 

Expression analysis of LEPR could not be conducted in this study to confirm this role. 

Further analysis is needed to determine how promoter methylation of LEPR affects 

expression levels of LEPR. These data support previous findings that dysregulation of 

LEPR is a risk factor for obesity, and is the first to show that alteration of methylation in 

the promoter of LEPR can lead to behavioral changes correlated with an increased risk to 

develop obesity. 

  

4.5.4 Genetic and Epigenetic Influences of SH2B1 

 SH2B1 is a positive regulator of leptin signaling (Ren, et al, 2007). Deletion of 

this gene in mice leads to extreme obesity, leptin resistance, and T2D (Ren, et al, 2007). 

The G allele at rs7498665 has been identified in GWAS and is thought to be associated 

with diminished activity of SH2B1 and obesity (Hotta, et al, 2011). The present study, 

however, was not able to identify any associations between rs7498665 genotype and 

obesity-associated phenotypes, but did gather insight on how epigenetic alterations at the 

SH2B1 promoter can lead to changes in obesity-associated phenotypes.  

Correlations were found in males between low promoter methylation and low 

satiety response and low food fussiness scores (Figure 13). The methylation data also 

identified associations between low methylation and decreased surgency, decreased 

satiety response, increased percent fat, increased negative affect, and increased BMI 
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percentile throughout all populations (Table 18). The promoter of SH2B1 is categorized 

as a CpG island. It was expected that decreased methylation would lead to increased gene 

expression and be a protective factor against obesity. Expression analysis was not 

conducted in this study and is needed in future research to determine exactly how 

methylation at this promoter effects SH2B1 expression. Analysis of the promoter region 

to was done using MatInspector to determine what transcription factors bind to the CpG 

site analyzed in the promoter of SH2B1. This analysis revealed that the CpG site lies 

within a binding site, CACGcggacaacgccac, for genes containing carbohydrate response 

elements. The core binding sequence is represented by capital letters. The CpG site 

analyzed in the study is the CpG directly after the CG in the core sequence.  

Carbohydrate-responsive element-binding protein (ChREBP) is a transcriptional 

regulator that binds to this recognition site and controls transcription of genes involved in 

carbohydrate metabolism and pancreatic β-cells in response to elevated glucose levels 

(Noordeen, et al, 2010). ChREBP has been shown to act as a transcriptional activator and 

repressor (Poupeau and Postic, 2011; Noordeen, et al, 2010). If ChREBP binds and 

represses transcription of SH2B1, low methylation at this site would facilitate binding 

and repression of transcription. Prospective research needs to elucidate how binding of 

ChREBP effects transcription of SH2B1, and utilize larger sample sizes to determine how 

promoter methylation of SH2B1 affects transcript levels of SH2B1. 

            These results support the role of SH2B1 as an important player in the regulating 

energy balance. Dysregulation of this gene can lead to changes in obesity-associated 

phenotypes. This study is the first to demonstrate that differences in the promoter 
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methylation of SH2B1 are associated with differences in eating behavior, temperament, 

and body composition. 

 

4.5.5 Genetic and Epigenetic Influences of BDNF 

As mentioned previously, BDNF has been found to play an important role 

continuing the signaling cascade from MC4R to regulate energy intake and expenditure; 

however, it may also be implicated in glucose metabolism and insulin sensitivity (Figure 

21; Heneghan, et al, 2010; Sandholt, et al, 2011). The A allele at SNP rs4923461 in 

BDNF has been previously associated with obesity in humans in GWAS (Rios, 2011). 

The genotype data in this study, however, contradicts these previous findings, identifying 

higher negative affect, decreased ability to delay gratification, increased emotional over- 

and under-eating, and increased desire to drink among G allele carriers (Table 21). These 

contradictory findings may be due to alternative functions of tissue-specific BDNF 

transcripts in the brain and nonneural tissues, as described previously. More research 

needs to be done with larger numbers of individuals to determine if these results are 

valid. 

The methylation analysis identified many associations and correlations between 

low levels of methylation and obesity-associated phenotypes (Tables 19 and 20), 

including the associations listed in Table 9. The most numerous and strongest 

relationships to obesity-related phenotypes were identified with epigenetic variation at 

the BDNF promoter. The data shows that methylation changes at promoter I of BDNF 

result in increases in BMI, enjoyment of food, food responsiveness, food intake, and 

emotional over-eating, as well as decreases in satiety response, food fussiness, and delay 
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of gratification (Figure 15; Tables 19 and 20). These data support the role of BDNF 

mentioned previously. Prior research examining BDNF have been able to identified 

sequence variants associated to obesity, but this study is the first to show that epigenetic 

differences in the promoter, before exon I, of BDNF are associated with differences in 

obesity-associated phenotypes.  

 

4.5.6 Genetic and Epigenetic Influences of NEGR1 

NEGR1 was associated with in obesity in several GWAS and thought to play a 

role in neuronal outgrowth and signaling of feeding behavior (Willer, et al, 2009). The 

SNP, rs2815752, has been associated with decreased insulin sensitivity, however the 

association was lost after stratifying by age and sex (Haupt, et al, 2010). The present 

study was not able to shed any light onto the role of NEGR1 in regulation of feeding 

behavior. No expression analysis could be preformed due to extremely low levels of 

expression in white blood cells extracted from saliva. Methylation analysis could not 

accurately be assessed using the restriction enzyme digestion method due to extremely 

low levels of methylation at this promoter.  

The genotype data did show a significant correlation to higher food intake, 

however the association was with the protective allele, contrary to expectations (Table 

22). These results could be a false result due to the low numbers of individuals in the 

study, or due to the large amount of variance in the measures for food intake. My data 

were not able to confirm the expected role of NEGR1 in energy intake or identify any 

novel associations to other obesity-associated phenotypes. Future work needs to be done 

to determine how NEGR1 contributes to the regulation of energy homeostasis.  
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4.5.7 Genetic and Epigenetic Influences of CCKAR 

 CCKAR modulates signaling from CCK and is thought to play a role in satiety 

response (Takata, et al, 2002). Variants of this receptor have also been found in 

association with obesity and T2D in humans (Takata, et al, 2002). In this study, no 

differences in promoter methylation were identified between obese and non-obese 

individuals in total, male, or female populaions (Figure16). Table 23 shows an 

association between high methylation and increased BMI percentile in females. It is 

expected that increased methylation at the promoter of CCKAR will lead to decreased 

expression and impede signaling from CCK to induce satiety. This data supports the 

previous hypothesis, as increased methylation is associated with increased BMI 

percentiles in females. This is the first study to show that epigenetic alterations of the 

CCKAR promoter can lead to alterations in body composition. Additional research is 

needed to determine if epigenetic alterations of CCKAR can be identified in both males 

and females, and how methylation in the promoter of CCKAR amends expression of 

CCKAR.  

 

4.5.8 Genetic and Epigenetic Influences of MAOA 

 MAOA is responsible for the deamination and degradation of monoamine 

neurotransmitters in the brain, including DA (Ducci, et al, 2006). Previous studies have 

linked low expression of MAOA to an increased risk for obesity (Ducci, et al, 2006). 

Studies in mice have shown that genes involved in DA metabolism, including Maoa, are 

upregulated after high fat feeding (Lee, et al, 2009). Alterations in these genes, resulting 

in a failure to reduce DA to counter the reward of eating, could lead to diet-induced 
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obesity (Lee, et al, 2009). Low activity of MAOA in humans is likely to result in a 

decreased efficiency to degrade synaptic dopamine, and individuals would likely be at 

risk for over-eating due to this enhanced reward response to food.  

This study was able to identify low expression of MAOA in obese females 

compared to the non-obese females (Figure 17B). Obese females had about half as much 

expression of MAOA as non-obese females. Correlations and associations were also 

found between low levels of expression and increased percent fat and emotional under-

eating in the total and female populations (Figure 18; Table 24). Epigenetic analysis of 

the MAOA promoter was also able to support these findings. 

Increased methylation levels at the MAOA promoter were associated with 

increased desire to drink and increased percent fat in the female population (Table 25). 

The male and female methylation data was found to be significantly different (Figure 

19C), as expected, due to the location of MAOA on the X chromosome and the 

phenomena of X inactivation in females. The phenomena of X inactivation may explain 

why associations between promoter methylation and obesity-related phenotypes were not 

seen in males.  

The promoter of MAOA is categorized as a CpG island, it is expected that 

increased MAOA promoter methylation will correspond to decreased levels of MAOA 

expression. A correlation between methylation and expression was not identified in this 

study. It is likely that this correlation could not be identified due to lower levels of 

expression of MAOA in white blood cells compared to areas in the brain where its 

primarily functions. As stated previously, methylation in cis also only accounts for 5-10% 

of the variance in transcript levels (Turan, et al, 2010). More individuals need to be 



 134 

examined to identify if these slight differences are present in African American children. 

Low levels of MAOA expression and high levels of promoter methylation are 

hypothesized to lead to a decreased ability of MAOA to degrade DA and an enhanced 

reward response upon to food intake. These data support the role of MAOA as a risk 

factor for obesity and are the first to show methylation changes of the promoter of MAOA 

are correlated to differences in eating behavior and body composition in female African 

American children.  

 

4.6 Combined Analysis and Implications 

Each gene examined alone was able to identify correlations and associations with 

obesity-associated phenotypes, but most were not able to predict an overall risk for 

obesity and most were not significant after correction for multiple testing. When the 

results for each epigenetic, transcript level, and genetic alteration were sorted into risk 

factors and combined the data was able to predict obesity in the total population (Table 

26). The extremely obese children had on average 7.86 ± 1.73 risk factors compared to 

non-obese children who had on average 6.67 ± 1.21 risk factors (Table 26). The same 

trend is seen when examining the children’s raw BMI scores. Children with a BMI ≥ 

19.88 had on average 7.71 ± 1.58 risk factors compared to children with a BMI ≤ 16.43 

who have on average 6.71 ± 1.24 risk factors. Although the difference in the number of 

risk factors is only about one, this is expected with a complex polygenic disease. Many 

other genetic and epigenetic factors may be working in conjunction with the ones 

identified here, along with environmental factors, to produce an obese phenotype.  
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This study was able provided insight into interactions between eating behaviors 

and child temperament to different genetic and epigenetic changes in obesity-related 

genes. We were able to show how these different epigenetic and genetic variants correlate 

with different obesity-associated phenotypes, and when the variants are combined the 

broad phenotype of obesity can be identified. This is a significant finding as future 

research, using larger samples and more candidate genes, can expand upon these results 

to elucidate more biomarkers and risk factors for obesity. The more markers we can 

identify and on what phenotypes they associate with relating to obesity, the better we will 

understand the condition, be able identify individuals at risk, and design therapies and 

intervention strategies to stop the progression of obesity into adulthood as well as obesity 

related diseases and deaths.  

This research has just scratched the surface in examining specific interactions 

between genes and correlated phenotypes. With future research, the precise roles of each 

obesity-candidate gene can be elucidated, and how they alter different eating behaviors 

and temperament to contribute to obesity. It is important to determine how these genes 

impact eating behaviors, and which behaviors contribute to the development of obesity so 

intervention strategies can be used to alter these behaviors and decrease obesity risk. 
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