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Abstract

Obesity is a condition o f excess body fat that causes or exacerbates several major 

public health problems. Common obesity is a polygenic disorder arising from the 

interaction of multiple genetic and environmental factors. Extensive studies have been 

conducted to decipher the genetic basis o f human obesity. These studies, mainly using the 

linkage and association approaches, have achieved limited success and 

inconsistent/inconclusive results have accumulated. Although a number o f factors may 

contribute to this situation, the most important reason is that most of the previous genetic 

studies on obesity lack sufficient statistical power due to small sample sizes and non- 

robust approaches employed. In this project, I conducted a whole-genome linkage scan 

for obesity in a large sample of 79 multiplex Caucasian pedigrees comprising 1,816 

subjects. The obesity phenotypes studied include body mass index (BMI), fat mass, 

percentage fat mass (PFM), and lean mass. By performing variance component linkage 

analyses, I identified several promising genomic regions (including lp36, 2q36, 19q 13, 

20p 12-q 13, etc) that may harbor quantitative trait loci (QTLs) contributing to obesity risk. 

The significance o f some of these regions was corroborated by the findings from earlier 

other studies. In addition, I tested a promising candidate gene, leptin receptor (LEPR), for 

association with obesity phenotypes in a separate large sample o f 405 Caucasian nuclear 

families comprising 1,873 subjects. LEPR is a strong candidate gene with both positional 

and functional importance to obesity. The LEPR gene is located at the genomic region lp 

showing reproducible linkage in the whole-genome linkage scans and LEPR is highly



involved in food intake and energy homeostasis. In order to obtain robust association 

results, I employed the family-based transmission disequilibrium test (TDT), which is 

immune to population stratification, a potential confounding factor in association studies. 

The results showed that the LEPR gene polymorphisms contribute to variation in obesity 

phenotypes in Caucasians. Finally, based on my experience in genetic studies of obesity 

and on a comprehensive survey o f the literature in the field, I addressed major issues that 

may cause the inconsistent/inconclusive results. The studies presented here delineated 

further the genetic basis o f obesity and highlighted the importance of powerful study 

design and robust analytical approaches in genetic mapping studies o f obesity.
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Definition and Epidemiology

Obesity is a condition o f excess body fat that adversely affects health. The World 

Health Organization (WHO) proposed a graded classification of overweight and obesity 

that is based on body mass index (BMI) (Table 1-1). BMI is defined as weight in 

kilograms divided by the square o f the height in meters. According to the WHO

classification, a person with a BMI over 25.0 kg/m is considered overweight; a BMI

2 2 • over 30.0 kg/m“ is considered obese. A further threshold at 40.0 kg/m is identified as

urgent morbidity risk. This classification provides useful and valuable evaluation of body

fat and identification of individuals at risk o f morbidity and mortality.

Table 1-1. WHO classification of overweight and obesity

BMI (kg/m2) WHO classification Popular description

<18.5 Underweight Thin

18.5-24.9 — ‘Healthy’, ‘normal’ or acceptable’ weight

25.0-29.9 Grade 1 overweight Overweight

30.0-39.9 Grade 2 overweight Obesity

>40 Grade 3 overweight Morbid obesity

Obesity is increasing in an alarming rate. Today, in the United States close to 65% 

of the adult population is overweight or obese (1). Comparing the period 1976-1980 (2) 

with 1999-2000 (1), the prevalence o f overweight (BMI > 25 kg/m") has increased by 

40% (from 46.0% to 64.5%) and the prevalence of obesity (BMI > 30 kg/m2) has risen by 

110% (from 14.5% to 30.5%). We are also witnessing a dramatic increase in weight 

among the youth. More than 10% of 2- to 5-yr-olds and 15% of 6- to 19-yr-olds are 

overweight (BMI > 95th percentile for age and gender) (3). Whereas some segments of
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the population are more likely to be overweight or obese than others, people of all ages, 

races, ethnicities, socioeconomic levels, and geographic areas are experiencing a 

substantial increase in weight (4). The epidemic is not confined to the United States but is 

in fact a global health problem (4).

Obesity has a devastating impact on public health. Close to 300,000 deaths each 

year in the United States may be attributable to obesity (5), making obesity the second 

leading cause o f preventable death in this country. Excess weight increases the risk of 

multiple conditions, including coronary heart disease, hypertension, type 2 diabetes, 

cholelithiasis, cerebrovascular disease, cancer, and premature death (4,6). The adverse 

health consequences occur not only in individuals who are in the overweight and obese 

categories, but disease risk also starts to increase even for those at the upper end of the 

normal range (BMI 22.0-24.9) (6). Overweight and obesity also increase the risk of a 

large variety of other conditions, including dyslipidemia, sleep apnea, asthma, cataracts, 

benign prostatic hypertrophy, menstrual irregularities, pregnancy complications, 

depression, and social discrimination (4). Obesity also negatively affects physical 

functioning, vitality, and general quality of life. Although there are a multitude of 

negative consequences associated with obesity, many may be reversible with weight loss. 

For example, randomized trials have shown that weight loss leads to a reduction in blood 

pressure, better glucose tolerance, and an improved lipid profile (4). The U.S. Preventive 

Services Task Force has concluded that these improvements in intermediate outcomes 

provide indirect evidence of the health benefits achievable with modest weight reduction

(7).
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Obesity results in a tremendous economic burden. It is estimated that obesity costs 

the United States $117 billion each year (4). This estimate includes both direct costs 

(related to diagnosis and treatment o f illness, including doctor visits, medications, 

hospitalizations, and nursing home stays) and indirect costs (resulting from lost wages 

and productivity due to illness or premature death) (4). The true cost o f the current 

epidemic o f overweight and obesity, however, is likely much higher than the $117 billion 

estimate. The estimate is based on the costs of obesity and does not fully address the 

costs related to those who are overweight but not obese. It also does not take into account 

other significant and costly conditions associated with obesity, such as reduced physical 

functioning, sleep apnea, pregnancy complications, and cataracts.

Measuring Overweight and Obesity

As the prevalence of overweight and obesity continues to increase, efforts have 

been made to quantify this weight change in individuals and in the population. Because 

fat is stored throughout the body, it cannot be measured directly. Body weight itself can 

provide an indication o f fat stores, but because body build and composition are extremely 

variable, there is no ideal body weight. Instead, other measurements are often used to 

estimate body fat and better quantify health risk. These include BMI, fat mass, percentage 

fat mass (PFM), waist circumference, waist/hip ratio, skin-fold thickness, and bioelectric 

impedance (BIA). Although these measurements cannot capture all the variables that 

impact risk, they can be used as tools to estimate risk.

The measurement used most widely to quantify body fat is BMI. It is relatively 

easy to calculate, and it is closely correlated with body fat in most people. However, BMI
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is not a perfect measure. This is because BMI does not distinguish between fat mass and 

lean mass and, therefore, does not provide an accurate indication of body fat in extremely 

muscular individuals or people who have lost significant muscle mass. In addition, BMI 

may not be a sensitive indicator of the health risks associated with moderate weight gain 

(10-20 lb) in individuals that fall within the normal BMI range. Despite these limitations, 

BMI is still a reliable and valid measure for identifying adults at increased risk of 

overweight- and obesity-related morbidity and mortality (7).

Other measurements are also useful in evaluate human body fat, each having 

respective strengths and limitations. For example, skinfold thickness represents a simple, 

practical method, but with a principal drawback o f poor reproducibility (8,9). Waist 

circumference or waist/hip ratio is generally a proxy measure o f visceral fat (10,11). BIA 

is a relatively simple method to measure body composition, but the accuracy o f BIA 

depends on the prediction equation employed, which tends to overestimate fat-free mass 

and underestimate PFM under some situations (e.g., for obese subjects) (12,13). 

Measurements of fat mass and PFM, in comparison with BMI, are more homogeneous 

phenotypes and reflect body fat content more accurately (14,15). Lean mass (mostly 

skeletal muscle) is a major component of the body and a key site for energy metabolism. 

It plays an important role in the consumption of carbohydrate and lipid, and may 

contribute substantially to the development and maintenance of the obese status (14,15).

Proportions of body composition are traditionally derived from underwater 

weighing, which may yield erroneous estimates of body fat content under a variety of 

circumstances (15). Dual energy X-ray absorptiometry (DXA) is a contemporary 

technology in measuring body composition. DXA is based on the simultaneous
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differential attenuation by bone, fat, and lean tissue of transmitted photons of two energy 

peaks. It provides a highly accurate measure of three major components of the body: fat 

mass, lean mass and bone mass (8,15). For accurate measurement of body composition, 

DXA is superior to BIA, isotope dilution of tritium, or total body potassium under a 

variety of situations (16-18). Other techniques, such as computerized tomography (CT) 

scanning and magnetic resonance imaging (MRI), while accurate, are usually of limited 

availability due to expensive machines, measurement cost, analysis time and/or relatively 

high radiation exposure. Overall, DXA provides homogeneous and accurate 

measurements of phenotypes that are ideal for large-scale genetic studies of obesity.

Risk factors of Overweight and Obesity

Overweight and obesity result from the interaction of many factors, including 

genetic, metabolic, behavioral, and environmental influences (Figure 1-1). The rapidity 

with which obesity is increasing suggests that behavioral and environmental influences, 

rather than biological changes, have fueled the epidemic. Increasing energy consumption,

Figure 1-1. Factors 
influencing the 
development of obesity

Genes

Monogenic syndromes Susceptibility genes

|  O besity j

Metabolic rate Culture

Excercise Food intake

Environmental factors
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decreasing energy expenditure, or a combination o f both has led to a positive energy 

balance and a marked increase in weight in our society.

Over time, changes in our eating habits and activity levels have occurred, but the 

specific details of these complex behavior changes are not well understood. In evaluating 

caloric intake, the data from large national surveys have shown inconsistent results. 

Ecological data seem to support the idea that energy intake has increased (19). Despite 

the fact that there has been an increase in availability and consumption of lower-fat food 

items over time, a number of trends have been described that could contribute to an 

increased energy balance and the observed rise in obesity: higher per capita energy 

availability, increased percentage of food consumed outside the home including fast 

foods, greater consumption o f soft drinks, and larger portion sizes (19). The inconsistent 

data on energy intake suggest that rising levels of obesity may be more closely related to 

changes in energy expenditure. As with energy intake, competing influences exist. For 

example, the number of health clubs, recreational facilities, and homes with exercise 

equipment has grown. However, sedentary activities, such as television watching and 

videogame playing, have also increased. Today 60% of the U.S. population does not 

participate in regular physical activity, and 25% are almost entirely sedentary (20). 

Overall, it appears that levels of leisure-time activity have not changed significantly.

Although the complexities o f this relationship are not yet fully understood, the 

end result is quite clear: the imbalance o f energy intake and energy expenditure has 

resulted in an epidemic o f overweight and obesity across the United States.
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Genetic Determination of Obesity

The strong genetic determination of human obesity has been unequivocally 

established by numerous studies (21). For example, studies have examined the genetic 

component of obesity by estimating heritability (h2) o f obesity related phenotypes. In 

quantitative genetics, heritability was developed to measure the relative contribution of 

genetic factors to trait variability (22). In this scenario, the variance components of 

phenotype ( Vp ) can be decomposed into genetic effects ( VG) and environmental effects 

(VE) (i.e., Vp = VG +VE). We define broad-sense genetic heritability as the proportion of 

genetic effects to total phenotypic variance ( hB2 = VG IVp). The genetic variance (VG) can 

then be further decomposed into additive effects ( VA ) and dominant effects ( VD) (i.e., 

VG = VA + VD )• We define narrow-sense genetic heritability as hN2 =VA/VP . From a

quantitative genetics point o f view, the narrow-sense genetic heritability is more 

interesting, as it is the component that is truly heritable.

Family studies and adoption studies looking at heritability o f obesity have drawn 

overall positive conclusions regarding familial nature o f obesity (21). Twin studies have 

suggested a heritability o f fat mass o f 0.4-0.7 with a concordance o f 0.7-0.9 between 

monozygotic twins compared with 0.35-0.45 between dizygotic twins (21). In general, 

all studies identified a considerable proportion of the phenotypic variation as attributable 

to genetic factors. The estimates of heritability o f BMI range from 0.50 to 0.90. For fat 

mass, heritability ranges from 0.20 to 0.65. For PFM, heritability ranges from 0.62 to 

0.80. For lean mass, heritability ranges from 0.52 to 0.80. Some other obesity-related 

phenotypes also have strong genetic control. For instance, waist/hip ratio and waist
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circumference reflect the visceral fat distribution. The heritability estimates range from 

0.28 to 0.61 for waist/hip ratio and 0.29 to 0.82 for waist circumference. A variety of 

skinfold thickness ratios, such as trunk/extremity skinfold ratio, reflect central versus 

peripheral fat distribution. The heritability estimates o f trunk/extremity skinfold ratio are 

0.18-0.59. This variability o f heritability estimates may be due to the difference in study 

designs (twins versus family), statistical methods (correlations versus variance 

components), and/or the underlying heterogeneity across different populations.

Complex segregation analysis, a general method for evaluating the transmission 

of a trait within pedigrees, has been conducted to investigate genetic inheritance patterns 

of obesity. This method proceeds by testing models of varying degrees o f generality, both 

to determine whether a Mendelian locus is likely to exert a large effect on the phenotype 

o f interest and to estimate the magnitude of genetic sources o f variation in the trait. 

Segregation analyses in several populations suggested that major genes with recessive 

effects might account for 35-45% of the variation in obesity phenotypes (23,24), 

however, it is generally assumed that multiple genes contribute, each having modest 

effects (14,15).

Molecular Genetic Studies of Obesity

A. Monogenic Human Obesity

Obesity or abnormal fat distribution characterizes some Mendelian syndromes, 

such as Prader-Willi Syndrome, Bardet-Biedl Syndrome, Cohen Syndrome, and Wilson- 

Tumer Syndrome (25). In these cases, obesity could be a related, but not a dominant, 

clinical feature. Most of these syndromic forms of obesity have been genetically mapped
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to different chromosomal regions, but causative genes have not yet been isolated due to 

the extreme rarity o f these mutations.

By screening human subjects for mutations in candidate genes derived from 

mouse studies, a few cases o f single-gene obesity syndrome have been reported (25). To 

date, mutations in the following genes: leptin (LEP), leptin receptor (LEPR), 

proopiomelanocortin (POMC), melanocortin 4 receptor (MC4R), proprotein convertase 

subtilisin/kexin type 1 (PCSK1), peroxisome proliferative activated receptor-y (PPAR-y), 

and protein phosphatase 1 regulatory subunit 3A (PPP1R3A) have been found to result in 

obesity as a dominant clinical feature. These mutations are typically associated with early 

onset and severe obesity. For example, in the LEP gene, a homozygous frame-shift 

mutation involving the deletion of a single guanine nucleotide in codon 133 was 

identified in two severely obese children (26), and another mutation of C-T substitution at 

codon 105 was found in three morbid obese individuals (27). Because these mutations are 

rare and usually exist in extremely obese subjects, they may not be responsible for 

common human obesity in the general population.

B. Common Human Obesity

Common obesity is a complex disease influenced by multiple genetic and 

environmental factors, as well as interactions among them (14,28,29). In other words, 

many genetic variants will contribute to the susceptibility to obesity, a few with large 

effects and the majority with modest effects. This complicated situation poses special 

difficulties in gene hunting for obesity. From a quantitative genetics viewpoint, for 

phenotypes with a substantial genetic contribution to variability, studies to identify the
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genetic loci influencing the phenotypes are more likely to be eventually successful. 

However, high heritability does not always ensure large individual gene effects. Thus, the 

power to detect a genetic variant contributing to a multifactorial phenotype is directly 

proportional to the magnitude of the specific effects of the variant. Currently, several 

experimental approaches have been employed to identify genetic loci contributing to the 

obesity risk. In the following, I briefly review these approaches and current status of gene 

mapping of obesity in humans.

a) Approaches and General Comparison

Three approaches have been commonly used in the search for obesity genes: 1) 

linkage studies in multi-generation pedigrees or sib-pairs; 2) population-based association 

studies (case-control studies for dichotomous traits or cohort studies for quantitative 

traits) for candidate genes; 3) Family-based association tests such as the transmission 

disequilibrium tests (TDT). Each approach has its own advantages and disadvantages, as 

elaborated below.

Linkage Approach

Linkage refers to close physical location of such a gene to a chromosomal locus 

(found by the study) that is linked (through its alleles) to variation in the studied trait 

(30). Linkage tests whether there is co-segregation or co-inheritance between alleles o f a 

gene and a phenotype of interest in pedigrees or affected relative pairs (30). The 

probability that a marker locus is linked to a disease/trait locus is expressed by the 

logarithm of the odds ratio (i.e., LOD score). Chromosomal regions that contain genes
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that may contribute to variation in continuous phenotypic traits (e.g., BMI) are termed 

quantitative trait loci (QTL). A most important strength o f the genome-wide linkage scan 

approach is that it may allow susceptibility QTLs or genes to be identified that are not 

candidates based on the current understanding of the pathophysiology of obesity. Thus, a 

linkage scan o f the whole human genome may improve the likelihood that a gene 

influencing obesity might be identified by searching the genome and testing polymorphic 

markers evenly spaced on all chromosomes.

Identification of the genes contributing to polygenic traits can be quite complex, 

even for obesity phenotypes such as BMI, fat mass and PFM, which having substantial 

heritability. Therefore, several strategies have been employed to increase the chance of 

gene identification. One technique has been the identification o f families with extreme 

obesity phenotypes. The rationale for such studies is that genes with a substantial 

contribution to variation in obesity phenotypes are more likely to be segregating in 

families with extreme phenotypic measurements. This strategy has been employed to 

identify families with abnormally obese members. An advantage of this approach is that 

statistical tests o f linkage can be employed that model the genetic contribution to obesity 

as a single gene effect. Such studies typically employ parametric linkage analyses [i.e., 

computer package: FASTLINK (31); VITESEE (32)], the most powerful study design for 

identification of genetic loci contributing to extreme obesity. However, there are several 

limitations to this particular experimental design. First, the genes found to contribute to 

the extreme obesity observed in these unusual pedigrees may not contribute substantially 

to the normal variation in obesity phenotypes observed in the general population. A 

second concern in the identification o f extreme pedigrees is their rarity in the population.
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A third limitation is the likely faulty assumption that families with extreme obesity are 

segregating as a single-gene disorder, whereas the phenotype is due to more than one 

gene as would occur in a multifactorial disorder.

An alternative to the identification o f pedigrees with an extreme phenotype is the 

ascertainment of families with members having obesity phenotypes within the normal 

range. In such pedigrees, obesity is inherited in a complex, non-Mendelian fashion, with 

multiple genes and environmental factors contributing to the phenotype. As such, a 

particular model for obesity inheritance may be difficult to specify. This so called model- 

free nonparametric linkage analysis which typically involves studying a large number of 

related subjects thought to be segregating for genes that influence obesity. All statistical 

tests of linkage using nonparametric methods are based on "identity by descent" (IBD) 

marker allele sharing (Figure 1-2). Alleles are IBD if siblings inherit the same marker 

allele from the same parent. If the marker being tested is in close physical proximity to a 

gene influencing the phenotype, then siblings with similar phenotypic values would be 

expected to share marker alleles IBD. Conversely, siblings with dissimilar phenotypes 

would be expected to share fewer marker alleles IBD near the gene influencing the 

phenotype. An advantage o f quantitative linkage methods as employed here is that no 

arbitrary cutoff for "high" or "low" phenotypic values is necessary; therefore, all sibling 

pairs are included in the analysis [e.g., computer package: Mapmaker/Sibs (33)].

More recently, nonparametric linkage methods, which allow the inclusion of more 

extended pedigrees beyond simply sibling pairs in the genetic analysis, have been 

developed. These methods typically rely on variance component-based approaches [e.g., 

computer package: SOLAR (34)]. An important advantage o f these techniques is the
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ability to include data from large numbers of informative relationships within a pedigree 

and estimate the genetic contribution from a particular chromosomal region as well as the 

residual genetic variance. Generally, the larger and more complex the pedigree, the more 

powerful the linkage scan.

Figure 1-2. Schema of IBD. In each nuclear family, the genotype for a marker with 
four alleles is shown. In the left panel, the two siblings have both inherited allele 1. 
However, the brother inherited this allele 1 from his mother while his sister inherited 
this allele 1 from her father. Therefore, they have no alleles IBD (IBD = 0). In the 
middle panel, both siblings inherited the 1 allele from the father (IBD = 1). In the right 
panel, both siblings inherited the 2 allele from their father and the 3 allele from their 
mother (IBD = 2).

Linkage analyses for complex diseases are commonly performed using affected 

sibling pairs. In the case of obesity, these might be relatives diagnosed with obesity based 

on WHO proposed threshold (Table 1-1). Rather than employing a quantitative phenotype 

(e.g., BMI), these studies classify individuals as "affected" or "unaffected." Tests of 

linkage are still based on the sharing of marker alleles identical by descent; however, in 

this type of analysis, because both relatives are affected (i.e., not discordant), linkage tests 

only for increased sharing of marker alleles. However, from the perspective of gene 

mapping of complex traits, compared to a quantitative phenotype such as BMI or fat
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mass, the use of a dichotomous phenotype (e.g., diagnosed obesity) is a less powerful 

approach, since significant information is lost in the transition from a continuous to a 

discontinuous scale (35). .

Because a linkage scan for the whole human genome involves multiple testing, a 

stringent criterion has been proposed to minimize the chance o f false positive findings. 

For genome-wide linkage analysis in pedigrees, LOD scores > 3 .3  and > 1.9 are widely 

accepted as the criterion of claiming significant and suggestive linkage, respectively (36). 

Correspondingly, the thresholds for whole-genome linkage scans with sib pairs are LOD 

> 3.6 and > 2.2 (36). Linkage analysis has several limitations. First, the genomic regions 

identified in whole-genome linkage scans generally are quite large (e.g., -20-30 cM), 

which is usually impractical for physical mapping. Therefore, subsequent finer-scale 

saturation linkage mapping and linkage disequilibrium (LD) mapping are usually 

essential steps to eventually identify the causal gene(s) (37,38). Second, in contrast to 

traits determined by single genes, using the linkage approach to search for genes 

underlying complex traits generally requires very large samples screened/genotyped to be 

sufficiently powerful (38,39).

Poyulation-Based Association Analysis

Another commonly employed experimental design is the candidate gene 

association analysis, which seeks to test the association between a particular genetic 

variant (i.e., allele) and a specific phenotype. Candidate genes are normally chosen a 

priori based on known biological functions of the gene products relating to obesity. Many 

of these candidate gene studies use population-based association methods, which can be a
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case-control design for dichotomous traits, and cohort studies for quantitative traits. As 

an illustration for obesity, two samples are collected: a group of obese patients and a 

control group of non-obese subjects. The allele frequencies at a polymorphism within or 

near the candidate gene are then compared in the two groups. Ideally, the two groups 

should be matched so that they differ only in their disease status. For quantitative traits 

(e.g., BMI), regular ANOVA can be used to test if there is a significant difference in the 

mean phenotypic value among different genotype groups. In theory, evidence of 

differences in allele frequencies within the two populations (that is, association) may be 

the result of LD with the candidate gene or possibly with another gene in close proximity; 

however, in practice, the candidate gene is thought likely to be causative for a disease.

Population-based association studies are generally statistically much more 

powerful and the samples are much easier to recruit than is the case for linkage studies 

(38,39). Because o f its simplicity, the population-based association study of candidate 

genes has been widely used and perhaps abused. There are a number o f major problems 

with this approach. The first is the choice of candidate gene. A large number o f proteins 

are involved in energy homeostasis and adiposity, and their genes are all potential 

candidates. Second, analysis of each candidate in isolation o f the others is difficult to 

interpret statistically (38,39). Third, association studies often use simple polymorphisms 

in introns with doubtful biological effect. Fourth, there is no chance o f finding genes 

outside those hypothesized. Fifth, an association usually only reflects statistical 

nonindependence (linkage disequilibrium) between a marker allele(s) and a functional 

mutation(s) underlying the risk or variation of a trait and does not necessarily imply 

causality. Sixth, spurious associations are common due to population
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stratification/admixture (40,41). Finally, disequilibrium appears to exist in blocks 

separated by regions of excess recombination (44-46), suggesting that complete 

characterization of the boundaries of linkage disequilibrium is essential for the accurate 

interpretation of results that could lead to erroneous interpretation of apparent linkage 

disequilibrium with candidate genes.

Family-based Association Approach: the Transmission Disequilibrium Test

Studies using the population association approach, although valuable, are limited 

in that the results from this approach alone may not be conclusive. On the other hand, the 

linkage study approach for a complex trait often is of limited statistical power. This, 

together with the polygenic nature of complex traits, may lead to difficulty in replicating 

linkage results in different studies as well as false identification of genes in whole- 

genome scans. An alternative approach, the transmission disequilibrium test (TDT), has 

been developed for complex diseases (41,47) and extended to continuously distributed 

quantitative traits.(48,49). Utilizing nuclear families or discordant relative pairs, TDT can 

simultaneously test both linkage and association between marker alleles and a functional 

variant underlying the study trait. TDT is based on the assumption that if a given allele 

contributes to the trait, then the probability that an affected person has inherited the allele 

from a heterozygous parent should vary from 0.5, the value expected under random 

segregation (41,47).

When testing specific genes (e.g., candidate genes) such as putative QTL or 

disease susceptibility loci (DSL), the TDT is much more powerful than the linkage 

approach (41,47,50). The TDT has been used to identify genes underlying complex
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diseases or to detect linkage and/or linkage disequilibrium (association) between markers 

and such genes. In testing candidate genes for association with complex diseases in the 

presence of evidence of linkage, the TDT is not plagued by the problem of population 

admixture or stratification (41,47). In the presence of association between genotypes and 

phenotypes, the TDT can be used to test linkage of candidate genes with complex 

traits(41,47). Only when both linkage disequilibrium (association) and linkage of a 

marker with a QTL exist can TDT results be significant when testing candidate genes as 

putative QTLs. The TDT requires existence of LD of adjacent genes (or makers with 

functional mutations) to a trait, and utilization of a much denser distribution of genetic 

markers as compared to conventional linkage studies. However, the use of TDT in the 

obesity genetics field has been relatively rare so far, partially due to the difficulties in 

recruitment o f a large number of families. This is interesting given that a number of 

candidate genes and genomic regions have been suggested but the results have been 

inconsistent across various studies as mentioned earlier.

The three approaches are all useful tools and may complement each other. To 

date, the field has largely relied on whole-genome linkage scans and candidate gene 

association studies. Genome-wide scan using the association approach, also theoretically 

more powerful than linkage scan studies (39), is currently immature due tosome 

technological and methodological limitations. With the rapid advancement in high- 

throughput SNP genotyping technology and statistical analytical tools, it is likely that the 

genome-wide association approach will become a promising way to decipher the genetic 

basis of obesity in the near future (51).
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b) Whole-Genome Linkage Scans fo r  Obesity Genes

The past few years have witnessed increased enthusiasm of genome-wide linkage 

scans for human obesity genes, resulting in the publication of more than 30 studies (25). 

The human QTLs for obesity identified from these studies expanded substantially during 

the past few years (25). These genome linkage scans were performed in various 

populations, including Caucasians, African-Americans, Mexican-Americans, Japanese 

and Chinese, as well as isolated populations such as Pima Indians and Old Order Amish 

subjects (25). In the following, 1 briefly outline some representative studies.

Caucasians

In a sample of 514 subjects from 158 French nuclear families each ascertained 

through an extremely obese proband (BMI > 40 kg/m ), Hager et al. (52) reported linkage 

on chromosome 10p for BMI with additional linkage signals on chromosomes 2p and 5q 

for leptin levels. In the Quebec Family Study, a genome scan on 748 subjects from 194 

Caucasian nuclear families ascertained through obese probands (BMI > 32kg/m ) 

reported linkage for fat free mass on chromosomes lq44, 7ql 5.3, 15q26, 16pl3. and 18q 

12 (53). Perusse et al. (54) reported QTLs affecting abdominal subcutaneous fat on 

chromosomes lp ll .2 , 4q32.1, 4ql5.1, 7q31.1, 9q22.1, 12q22-23, 12q24.3, 13q34, and 

17q21 in French Caucasians. In the HERITAGE Family Study in 522 subjects from 99 

Caucasian nuclear families, Chagnon et al. (55) reported linkage on chromosomes 8q23.3, 

9q34. 1 Op 15, 12pl2.1.and 14q 11 for BMI, 10ql5and 12p 12.1 for fat mass, 14ql 1 for fat 

free mass, and 19p 13 for leptin levels. In a sample of 513 subjects from 92 Caucasian 

nuclear families ascertained though extremely obese probands (BMI > 40kg/m ), Lee et
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al. (56) detected significant linkage on chromosome 20ql3 for BMI and PFM. In a 

population of 2,209 subjects from 507 Caucasian families ascertained through an obese 

proband, Kissebah et al. (57) detected linkage on chromosome 3q27 for BMI and waist 

circumference, and on 17ql2 for plasma leptin levels.

Our group performed a pilot whole-genome linkage scan for obesity-related 

phenotypes on 630 subjects from 53 Caucasian pedigrees (containing more than 1,249 

sibpairs) and reported linkage on chromosomes lp31, 2q 14. and 4ql4  for BMI, 2q 14 for 

fat mass, 2ql4  for PFM, and 12q 14 and 17p 12 for lean mass (58).

Pima Indians

Obesity in Pima Indians is familial and has complex relationships with type 2 

diabetes. Norman et al. (59) reported linkage on chromosomes 18q21 and 11 q21 -22 for 

percentage body fat; 11 q23-24 for 24-hour energy expenditure; 1 p21-31 and 20q 11.2 for 

24-hour respiratory quotient. In 264 Pima Indian nuclear families, In a sample of 1,199 

sibling pairs from 239 nuclear families, Walder et al. (60) reported linkage on 

chromosomes 6q21 and 16q21 for leptin levels. A genome scan (61) for mean 

subcutaneous abdominal adipocyte size measured from fat biopsies on 259 subjects from 

164 nuclear families reported linkage on chromosome 1 q21 -23, where the lamin A/C 

(LMNA) gene is located.

Mexican-Americans

Compared with White Americans, Mexican-Americans have a much higher 

prevalence of overweight and obesity. In a sample of 458 subjects from 10 Mexican- 

American pedigrees containing more than 5.000 various pairs of relatives, Comuzzie et al. 

(62) reported linkage on chromosome 2p21 for fat mass and leptin levels. Another study
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on 470 subjects from 10 multigenerational families of Mexican-American ancestry 

reported linkage on 8p, 17q, 2p, and 6q for BMI (63).

A frican-A mer leans

Like Mexican-Americans, African-Americans are also under high risk of obesity. 

In a sample of 618 African-Americans from 202 families ascertained by having a blood 

pressure in the upper 25lh percentile of the age-sex-specific distribution, Zhu et al. (64) 

detected linkage on 3q26 and 5p 15 for BMI, 3q27 and 6p22 for percentage body fat.

Old Order Amish

The Old Order Amish is a founder population of European origin and is of 

considerable genetic homogeneity, which is advantageous for mapping obesity genes. In 

an Old Order Amish sample containing 672 individuals from 28 extended families, Hsueh 

et al. (65) reported linkage on chromosome 3p25.2 for percentage body fat. 7q31-36 and 

lOpl 1-12 for leptin-adjusted BMI, 14q22-31 for waist circumference and leptin-adjusted 

BMI, and 16p for BMI and leptin levels.

Combined Sample

Due to the moderate or minor effects of each gene on obesity, it is usually difficult 

to obtain sufficient power to detect the susceptibility genes with sample sizes often used 

in most individual linkage scan studies. Hence, genome-wide scans using combined 

samples from multiple centers can greatly increase the sample sizes and, therefore, 

increase the chances of gene identification. A genome scan on (66) two complementary 

samples comprised of 1,184 and 3,027 subjects (from the Utah Molecular Genetic Lab 

and the Mammalian Genotyping Service), respectively, identified linkage on



chromosome 7q32.3 in each sample, and on chromosomes 7q32.3 and 13q 14 in the 

combined sample. Another study (67) using a combined sample from four multicenter 

networks representing four ethnic groups (African-Americans, white, Mexican- 

Americans, Asians) with 6,849 subjects reported linkage on chromosomes 3q22.1, 3p24.1, 

7p 15.2, 7q22.3, 14q24.3, 16ql2.2, and 17pl 1.2 for BMI.

Confirmation and Replication

Up to now, more than 130 QTL regions underlying normal variation in human 

obesity phenotypes have been reported (25). Putative genomic regions showing linkage to 

obesity have been identified on every human chromosome except the Y chromosome 

(25). A few linkage regions (2p21, 3q27, 6q21, 1 Op 12-p 11, Ilq23-q24, 17p 12, 18q21, 

20ql 1-13, X23-24) have been supported by multiple studies (summarized in Table 1-2). 

These regions deserve follow-up focused analyses for confirmation, and eventually for 

fine mapping and positional cloning of causal genes within (if confirmed). Besides, some 

other linkage regions were also reported in at least two different studies (25). including 

1p31-p21, 2q12-14, 3p24-p22, 4 p l5 -p l4, 4q31-q32, 5pl5, 7pl5, 7q31-q32, 14ql 1 -q l3, 

and 14q24, which await further studies for confirmation/replication.

Despite the above limited replications, the significant genomic regions are largely 

different across studies. Difficulties in replication may reflect the complexity of genetic 

inheritance o f obesity (e.g., locus and/or population heterogeneity, gene by gene and gene 

by environment interactions, etc.). From a statistical genetics point of view, low power 

due to small sample sizes could be a potential contributing factor (to be elaborated in 

Chapter 4).
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Table 1-2. Putative genomic regions replicated in multiple linkage studies

Region Marker Phenotype Lod score or 
P value

Sample size Reference

2p21 D2S1788 Fat mass/leptin Lod=4.9/2.8 458 subjects; 10 pedigrees (62)
D2S165, 367 Leptin, BMI 0.008<P<0.03 720 subjects; 230 families (68)

Leptin Lod=2.4/2.7 514 subjects; 18 families (52)
3q27 D3S2427 BMI/WC Lod=3.3/2.4 2209 subjects; 507 families (57)

BMI Lod=3.4 6849 subjects, 4 ethnic groups (67)
BMI Lod=1.8 618 subjects; 202 families (64)

6p21 D6S1959 PFM Lod=2.7 618 subjects; 202 families (64)
D6S276 Eating behavior Lod=2.1 624 subjects; 28 families (69)
D6S271 Leptin Lod=2.1 770 subjects; 239 families (60)

10pl2-pll D10S197 Obesity Lod=4.9 514 subjects; 18 families (52)
D10S220 Leptin Lod=2.7 672 subjects, 28 families (65)
D10S204,193 Obesity l.l<Lod<2.5 286 subjects; 93 families (70)
D10S582,107 Obesity 0.0005<P<0.03 862 subjects; 170 families (71)

Ilq23-q24 D11S976 24-h EE Lod=2.0 236 sibpairs; 82 families (59)
D11S4464, 912 BMI 2.6<Lod<2.8 479 subjects; 14 pedigrees (72)
D11S912 BMI Lod=3.6 1766 sibpairs; 264 families (73)
D11S1998 BMI Lod=2.7 1526 sibpairs (74)

17pl2 D17S947 Leptin Lod=5.0 2209 subjects; 507 families (57)
Adiponectin Lod=1.7 1100 subjects; 170 families (75)
BMI Lod=2.5 6849 subjects, 4 ethnic groups (67)

18q21 D18S877 Fat-free mass Lod=3.6 336 sibpairs (53)
PFM Lod=2.3 451 sibpairs (59)

D18S115 Obesity Lod=2.4 193 sibpairs (76)
20ql1-ql3 D20S107,211,149 BMI,PFM 3.0<Lod<3.2 423 sibpairs (56)

D20S601 24-h RQ Lod=3.0 236 sibpairs; 82 nuclear families (59)
D20S478,481 BMI 2.0<Lod<2.2 994 subjects; 37 pedigrees (72)

Xq23-24 DXS1057 BMI Lod=2.0 994 subjects; 37 pedigrees (72)
DXS6804 Obesity Lod=3.1 193 sibpairs (76)
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c) Association Studies o f  Obesity Candidate Genes

During the past decades, a long list o f obesity candidate genes has been generated 

from molecular biology studies in both humans and animal models (summarized in Table 

1-3). The coding products o f these candidate genes generally have functional relevance in 

energy homeostasis and adipose metabolism. Extensive efforts have been made to test 

association between these candidate genes and obesity-related phenotypes. To date, there 

are 272 studies reporting positive associations with 90 candidate genes for obesity-related 

phenotypes (25). The most extensively investigated candidate genes include LEP (leptin), 

LEPR (leptin receptor), UCPs (uncoupling proteins), PPAR-y (peroxisome proliferative 

activated receptor y), and ADRB3 (beta-3 adrenergic receptor), which are highly involved 

in energy homeostasis and adipogenesis. The results from these studies have been 

comprehensively summarized in a review article (25).

Based on current data, the results across different studies remain largely 

inconsistent and controversial. An example is seen with the ADRB3 gene, which exists 

mainly in adipose tissue and is involved in the regulation o f lipolysis and thermogenesis. 

The association o f a Trp64Arg mutation in the ADRB3 gene with obesity phenotypes 

was found in a Finnish population (77), morbidly obese French women (78), and 

Japanese individuals (79). However, discordant results were reported in the Quebec 

Family Study and Swedish obese subjects cohort (80). Possible reasons for this 

irreproducibility include genetic heterogeneity, population admixture/stratification, small 

sample sizes, or variable linkage disequilibrium among populations (81), or low prior 

probability of the involvement o f the gene(s) in question in the overall risk o f the disease 

(39). Given these confounding factors, lack of significant association in a specific study
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may not necessarily be strong evidence against the importance o f a candidate gene of 

interest. (To be discussed in details in Chapter 4).

Another concern is that the majority of obesity candidate genes were selected a 

priori based on known biological functions o f a gene product. Positional candidate genes 

identified are still rare, although more than 30 whole-genome linkage scans have been

reported so far.

Table 1-3. Primary candidate genes for obesity

Gene Chromosome Function/Action

Satiety
Leptin (LEP) 7p31.3 Control of stored fat levels via its influence 

on feeding and metabolic rate

Leptin receptor (LEPR) lp31 Receptor of leptin

Neuropeptide Y (NPY) 7p22 Stimulator of feeding

NPY Y5 receptor 4q31 NPY receptor isoform involved in 
stimulation of feeding

Pro-opiomelanocortin (POMC) 2p23 Precursor of a-MSH, an inhibitor of 
feeding

Proprotein conertase 1 (PCI) 5ql5-q21 Processing enzyme required for cleavage 
of POMC

Agouti related protein (AGRP) 16q22 Antagonist to a-MSH, stimulator of 
feeding

Melanocortin receptor 4 (MC4R) 18q22 Receptor isoform for a-MSH

Melanocortin receptor 3 (MC4R) 20ql3 Receptor isoform for a-MSH

Cocaine- and amphetamine- 
regulated transcript (CART)

5pl4-ql4 Inhibitor of feeding

Orexin (OX) 17q21 Stimulator of feeding

Orexin receptor 1 (OXR1) lp33 Receptor for Orexin

Glucagon-like peptide 1 (GLP1) 2q36 Inhibitor of feeding

GLP receptor 1 (GLP1R) 6p21 Receptor for GLP1

Corticotropin-releasing hormone 
(CRH)

8ql3 Inhibitor of feeding

CRH receptor 2 (CRHR2) 7pl4 Receptor involved in feeding effects of 
CRH
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Gene Chromosome Function/Action

Peroxisome proliferative 
activated receptor y (PPAR- y)

Adipogenesis
3p25 Transcription factor critical in the transition 

from preadipocyte to adipocyte

Retinoic acid receptor a (RXRA) 9q34 Forms heterodimer with PPAR- y to induce 
expression of adipose-specific genes

CCAAT/enhance binding protein 
a (C/EBP- a)

19q 13 Late expression in adipocyte differentiation 
program and is responsible for expression of 
adipocyte-specific genes

CCAAT/enhance binding protein 
ß (C/EBP- ß)

20ql3 Early expression in response to hormonal 
stimulation; stimulates adipogenesis 
cascade; induces PPAR- y expression

Resistin (RSTN) 19pl3 Secreted protein expressed exclusively in 
adipocytes, concurrently with PPAR- y

Adipose differentiation -related 
protein (ADRP)

9 Localized on the surface of undifferentiated 
adipocytes

Aquaporin 7 (AQP7) 9pl3 Forms a channel for water and glycerol in 
adipocytes

Adiponectin (APM1) 3q27 Abundant protein secreted from adipoctytes 
and involved in insulin signaling

Acetyl co-A carboxylase 2 
(ACC2)

Energy
12q24

metabolism
Critical enzyme in fatty acid oxidation

Dacylglycero O-acyltransferase 
(DGAT)

8qter Important enzyme in formation of stored 
triglycerides in differentiating adipocytes

Hormone sensitive lipase (LIPE) 19ql 3 In adipose tissue, it primarily hydrolyzes 
stored triglycerides to free fatty acids

Lipoprotein lipase (LPL) 8q22 Primarily acts on the hydrolysis of 
triglycerides of circulating chylomicrons and 
very low density lipoproteins

Uncoupling protein 2 (UCP2) 11 q 13 Uncouples oxidative phosphorylation from 
ATP synthesis, energy given off as heat

Uncoupling protein 3 (UCP3) 11 ql 3 Uncouples oxidative phosphorylation from 
ATP synthesis, energy given off as heat

Tumor necrosis factor; TNF 
superfamily, member 2 (TNF-a)

6p21 A cytokine with a wide variety of functions 
that is secreted from macrophages

B2-adrenergic receptor (ADRB2) 5q31-q32 Mediates the catecholamine-induced 
activation of adenylate cyclase

B3-adrenergic receptor (ADRB3) 8pl2-pl 1 Regulation of lypolysis and thermogensis 
via activation of adenylate cyclase

G-protein subunit 3 (GNB3) 12pl3 Regulator of adrenergic and other signaling 
in adipocytes
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C. Knowledge from Animal Models

Because o f the difficulties inherent to genetic analysis o f human obesity, animal 

models o f obesity (particularly rodents) have been looked at intensively for clues to the 

analogous genes in humans. This task has been accomplished through the production of 

several mutant lines o f mice and genetically modified mice (82,83). These animal models 

(monogenic or polygenic) have been powerful tools to permit deciphering and 

understanding o f energy and lipid metabolism and development of potential treatments 

for human obesity.

Monogenic models  —  Over the past few years, the genes responsible for most of 

the known cases o f monogenic forms of obesity in mice have been cloned, revealing 

interesting candidate genes for human obesity. Six single gene obesity mutations - agouti, 

obese (ob), diabetic (db), fat, tubby and mahogany mutant mouse strains - have been 

mostly studied (25). These genes encode molecules involved in physiological pathways 

that influence body fat storage. The best described monogenic animal obesity models are 

the ob mutants (84) and db mutants (85). The former was deficient in circulating 

adipostatic hormone leptin and the latter was deficient in its cognate receptor (leptin 

receptor). The finding o f leptin as a satiety factor in the ob mouse line stimulates the 

discovery the leptin pathway that regulates food intake and energy homeostasis (86). In 

humans, circulating serum leptin levels are highly correlated to body fat content and 

mutations in this gene seem to cause extreme obesity at an early age (25).

Knockout and transgenic models  —  The advent o f recombinant DNA technology 

makes transgene expression (the introduction and overexpression of specific genes in 

mice) a frequently used approach to identify obesity genes and their functions.
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Transgenic technology has provided several obese mice models, which helped clarify the 

function o f specific genes and proteins in physiological pathways o f adiposity (87). 

However, the close interaction between polygenes and environmental factors were, 

sometimes, limiting factors of the transgenic methodology. Alternatively, gene knockout 

represents a more direct and refined method, which basically consists in the disruption 

(knockout) o f specific endogenous genes. This permits us to assess the relative 

importance o f the individual components of the genetic framework of body weight 

regulation through the association between the resulting abnormalities and the disrupted 

gene (88). A number o f mice obesity genes have been knocked out (25), allowing 

researchers to investigate the actual role o f these putative obesity candidate genes.

Polygenic mouse models — As with monogenic models o f obesity, polygenic 

mouse models using the quantitative genetic approach have provided important insight 

into fundamental aspects o f the genetic architecture o f common obesity (82). The vast 

spectrum of existing genetic variation, associated with a short generation time and low 

husbandry cost, make mice well suited to this approach. To date, a total o f 183 animal 

QTLs related to body fat content, body weight, and adiposity have been mapped (25). 

Some o f them are close to the mapped position for single-gene mutations that cause 

obesity. For example, the chromosome 6 locus identified in BSB mice is very close to the 

ob gene (89). The chromosome 4 locus identified in the SWR/J x AKR/J cross contains 

the db gene (85). An extensive equivalence between animal QTLs and specific regions in 

the human genome have been postulated (25). Examples are the QTLs mouse obesity-1 

(mob-1) and obesity qt-1 (obq-1), which are supposed to be collocated with the human 

uncoupling proteins 2 and 3 (UCP-2 and 3) genes. More recently, the combination of
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conventional QTL mapping and transgene methodologies provides a powerful tool for 

QTL analysis (82). The traditional QTL mapping in F2 crosses and backcross populations 

have now been corroborated by the utilization of genetically identical lines o f individuals, 

permitting the production of as many genetically identical animals as necessary for a 

reliable identification of QTLs in polygenic models (82).

SUMMARY

Extensive studies including genome-wide linkage scans and candidate gene 

association studies have been performed to search for genes underlying risk o f obesity. 

However, the results are currently inconsistent/inconclusive. So far, none of the candidate 

individual genes or any of their combinations have been established as able to explain > 

10% variation in obesity phenotypes in any single population. This leaves the remainder 

(> 50%) o f the variation in obesity phenotypes that is attributable to genetic factors 

unidentified by candidate gene studies. Powerful whole-genome linkage studies are 

necessary to identify genes that account for the majority o f variation in obesity 

phenotypes with high certitude. Candidate genes with both positional importance (that is, 

located at the linkage regions) and functional relevance in energy homeostasis and 

adipose metabolism should have high priority for association analysis to identify causal 

variants to obesity.
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CHAPTER 2

Whole-Genome Linkage Scan for Obesity in Multiplex

Caucasian Pedigrees
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Introduction

As one of the major approaches to detecting obesity genes, the whole-genome 

linkage scan has been extensively performed over the past few years. To date, more than 

30 genome linkage scans have reported >130  human QTLs (25). A few limited genomic 

regions (e.g., Ip36, 2p21, 3q27, 1 Op 12, llq23-24, 20pl2) have been replicated across 

studies, while others are largely inconsistent (25,90). As the number of QTLs continues 

to increase, there is a growing need to validate these candidate regions rigorously. 

Difficulties in replication o f linkage results may reflect the complexity o f the genetic 

inheritance of obesity. On the other hand, poor study design (e.g., small sample size, poor 

data quality, statistical analytical approaches inappropriately used, etc.) may contribute to 

the situation.

We recently reported a pilot whole-genome linkage scan for obesity phenotypes in 

53 extended Caucasian pedigrees that contained > 10,000 relative pairs (including 1,249 

sib pairs) informative for linkage analyses (58). Several potentially important genomic 

regions were identified/suggested. In this study, with an intention to confirm the previous 

findings and to identify new QTLs, I performed a second whole-genome linkage scan in 

an enlarged sample whose size is nearly tripled. This enlarged sample contains 1,816 

subjects from 79 multiplex pedigrees (including 53 pedigrees used in our pilot linkage 

scan and 26 newly recruited pedigrees). All the subjects were genotyped with 442 

microsatellite markers. Generally, these markers were ~10cM apart. However, around 6 

genomic regions (i.e., Ip36, 2ql4, 4ql2, 6q27, 12q 14, and 20q 13) that were shown to be 

of potential importance for obesity in our pilot whole-genome linkage scan (58), denser 

markers (~5cM apart) were genotyped.
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In this study, some of our earlier linkage findings were confirmed (e.g., Ip36). In 

addition, I found several novel linkage regions to obesity phenotypes, including 3 q ll, 

6ql5, 17 q l2, 19ql3 and 20pl2. However, some linkage peaks identified in our pilot 

linkage scan were reduced or even disappeared in this study, reflecting the difficulties and 

challenges facing genetic mapping of obesity.

Materials and Methods

Subjects

The study was approved by the Creighton University Institutional Review Board. 

The study subjects came from an expanding database being created for studies to search 

for genes underlying the risk of osteoporosis in the Osteoporosis Research Center (ORC) 

of Creighton University. The study subjects signed informed-consent documents before 

entering the project. All the study subjects were Caucasians o f European origin.

A total o f 1,816 subjects from 79 pedigrees were included in this whole-genome 

linkage scan. This large sample is consist o f 3 groups: 1) the sample from the pilot 

whole-genome linkage scan, i.e., the 53 pedigrees containing 630 individuals; 2) 128 

individuals who were newly recruited but still belong to the original 53 pedigrees; 3) 26 

newly recruited pedigrees containing 1,058 subjects.

These 79 extended pedigrees vary in size from 4 to 416 individuals, with a mean 

o f 31.9 (± SD = 48.9) (Table 2-1).
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Table 2-1. Pedigree structures of the sample sets

Pedigree Size No. pedigrees
(No. subjects in a pedigree) 53 pedigrees 26 pedigrees Combined 79 

pedigrees
< 10 28 (32) 4 32
10-19 14(11) 11 25
20-29 4(6) 3 7
30-39 4(2) 3 7
> 50 3(2) 5 8

Note: The numbers in parentheses are for the 53 pedigrees with 630 subjects used in our 

pilot whole-genome linkage scan (58).

The pedigrees were initially recruited for genetic studies o f  bone mineral density 

(BMD), a major risk factor for osteoporosis. Among the 53 pedigrees used in our pilot 

linkage scan, 50 pedigrees were ascertained through probands with low BMD ( Z Bm d  < -  

1.28 at the hip or spine, belonging to the bottom 10% in the sex- and age-matched 

population) and 3 pedigrees were recruited without regard to BMD. Among the 26 new 

pedigrees, 25 pedigrees were recruited through probands having high BMD ( Z bm d  

>+1.28 at the hip or spine, belonging to top 10% in the sex- and age-matched population) 

and one pedigree was recruited without regard to BMD values.

To minimize nongenetic influence on bone mass, the following criteria were 

applied to exclude individuals with: 1) serious residuals from cerebral vascular disease;

2) diabetes mellitus, except for easily controlled, non-insulin dependent diabetes mellitus;

3) chronic renal disease manifest by serum creatinine>1.9mg/dl; 4) chronic liver diseases 

or alcoholism; 5) significant chronic lung disease; 6) corticosteroid therapy at 

pharmacologic levels currently or for more than six months duration at any time; 7) 

treatment with anticonvulsant therapy currently or for more than six months duration at
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any time; 8) evidence of other metabolic or inherited bone disease such as hyper- or 

hypoparathyroidism, Paget’s disease, osteomalacia, osteogenesis imperfecta, or others; 9) 

rheumatoid arthritis or collagen disease; 10) recent major gastrointestinal disease (within 

the past year) such as peptic ulcer, malabsorption, chronic ulcerative colitis, regional 

enteritis or any significant chronic diarrhea state; 11) significant disease o f any endocrine 

organ that would affect bone mass; 12) hyperthyroidism; 13) any neurological or 

musculoskeletal condition that would be a nongenetic cause o f low bone mass; and 14) 

any other disease, treatment (including bisphosphonates), or condition (such as hormone 

replacement therapy) that would be an apparent nongenetic factor underlying the bone 

mass variation. The exclusion criteria were assessed by nurse-administered 

questionnaires and/or medical records.

The ascertainment scheme through the proband o f extremely low or high BMD 

may offer higher statistical power to identify QTLs for BMD than would be achieved 

through random sampling (91). Since BMD and BMI are significantly correlated, the 

sampling scheme of our study pedigrees for detecting QTLs for BMD variation may also 

have a similar effect (if any) on BMI and related obesity phenotypes. Actually, the 

probands having extremely low BMD tend to have BMI that are lower than the average 

in their pedigrees, while the probands having extremely high BMD tend to have BMI that 

are higher than the average in their pedigrees. Thus, the ascertainment scheme through 

the proband o f extremely BMD will not cause any bias to this linkage mapping study of 

obesity.
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Measurement

The obesity phenotypes studied were BMI, fat mass, PFM, and lean mass. Fat 

mass and lean mass were measured by DXA with a Hologic 2000+, or 4500 scanner 

(Hologic Corporation, Waltham MA) in our Osteoporosis Research Center. DXA 

machines report body fat mass and lean mass in grams. The PFM is the ratio o f fat mass 

divided by body weight which is obtained from DXA (i.e., the sum of fat mass, lean 

mass, and bone mass). All machines were calibrated daily. The body composition bar was 

used on every whole body scan on the Hologic 2000+. On the Hologic 4500, the bar was 

not needed for the body scans; instead, it was scanned every week. Software and 

hardware have always been constantly kept up-to-date during the implementation o f the 

recruitment for this project.

For 24 people with duplicate scans on the same day on the two types o f machines, 

the percentage difference in whole body mass was less than 3%. From these duplicate 

measurements, regression models were developed to convert the DXA values from 

Hologic 2000+ to Hologic 4500 scanner, the practice o f which is well accepted in the 

field. The measurement precision of BMI as reflected by coefficient of variation (CV) 

was 0.2%. The CVs for fat mass, PFM and lean mass were 2.2%, 2.2% and 1.0%, 

respectively, for measurements obtained on the Hologic 2000+, and 1.2%, 1.1% and 

0.7%, respectively, for measurements obtained on the Hologic 4500. Members o f the 

same pedigree were normally measured on the same type o f machine, ensuring minimum 

or no confounding effects (if any) o f measurements by different machines in the study 

sample. All the DXA reports were scrutinized for artifacts and confounding features. 

Those with significant confounding features were excluded from the analysis. For each
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study subject, information on age, gender, ethnic background, medical history, family 

history, reproduction and menstrual history (women only), physical activity, alcohol use, 

diet habits, smoking history, etc. were assessed by a questionnaire. The information 

collected through the questionaire is valuable and important for obesity genetic studies. 

In the analyses, the significance o f these factors was tested and any significant factor was 

modeled as covariates to adjust the phenotypic values.

Table 2-2 presents the summary of the basic characteristics o f the study subjects 

stratified by age and sex.
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Table 2-2. Basic characteristics of the study subjects

Age Range (yrs)
C

Mean (SD) 
[Range]oex

W
Height

(m)
Weight

(kg)
BMI

(kg/m2)
Fat Mass 

(kg)
Lean Mass 

(kg)
PFM

19-29
Male 1.85 (0.07) 85.37(11.66) 24.93 (3.07) 16.26 (9.16) 61.21 (7.14) 0.19(0.09)
[80] [1.62-2.00] [53.62-130.93] [18.84-43.68] [7.83-55.05] [41.77-98.16] [0.08-0.44]

Female 1.66 (0.05) 68.15(11.22) 24.63 (5.32) 23.65(11.69) 41.51 (4.82) 0.34 (0.08)
[126] [1.46-1.83] [41.29-128.70] [17.01-44.67] [7.74-74.24] [25.95-73.56] [0.14-0.54]

30-39
Male 1.80 (0.07) 88.17(11.82) 26.94 (4.00) 19.72 (9.67) 60.55(7.16) 0.23 (0.08)
[168] [1.63-2.04] [63.11-153.60] [17.93-44.16] [7.83-51.10] [47.72-90.01] [0.11-0.42]

Female 1.67 (0.04) 69.67(11.52) 25.00 (4.86) 24.70 (8.10) 41.31 (5.21) 0.35 (0.07)
[266] [1.47-1.93] [43.5-129.85] [14.19-46.79] [4.07-57.94] [23.61-72.59] [0.10-0.51]

40-49
Male 1.79 (0.05) 90.21 (11.46) 27.12(3.47) 23.15 (7.89) 59.88 (6.76) 0.26 (0.05)
[177] [1.58-1.96] [59.60-138.50] [18.92-40.91] [8.99-51.45] [45.16-92.41] [0.12-0.45]

Female 1.66 (0.05) 72.61 (12.22) 26.75 (6.31) 27.73(11.79) 40.89 (6.08) 0.38 (0.08)
[299] [1.47-1.89] [46.25-130.32] [17.86-47.45] [7.17-58.56] [29.90-71.18] [0.15-0.53]

50-59
Male 1.77 (0.05) 91.65(11.67) 28.02 (3.36) 24.07 (7.57) 59.11 (4.70) 0.28 (0.05)
[117] [1.56-1.98] [65.20-135.39] [18.90-44.93] [11.37-51.78] [47.87-88.45] [0.15-0.44]

Female 1.67 (0.04) 73.51 (12.30) 26.15(5.41) 28.39(11.33) 39.02 (5.69) 0.40 (0.07)
[158] [1.47-1.86] [44.95-121.70] [18.56-45.80] [10.93-60.78] [30.35-69.01] [0.20-0.52]

60-69
Male 1.81 (0.04) 92.39(11.96) 28.43 (4.93) 20.56 (4.62) 60.78 (9.73) 0.24 (0.02)
[88] [1.58-1.92] [62.7-129.38] [20.74-46.78] [8.23-53.79] [45.74-86.35] [0.12-0.43]

Female 1.61 (0.04) 74.28(12.59) 27.20 (5.93) 29.95 (9.21) 36.68 (4.53) 0.43 (0.06)
[143] [1.45-1.78] [46.12-125.52] [15.82-45.87] [7.13-64.35] [30.85-65.68] [0.16-0.52]

>70
Male 1.74 (0.05) 85.94(11.94) 27.74 (3.72) 21.84 (6.90) 55.26 (3.05) 0.27 (0.05)
[85] [1.57-1.93] [58.63-127.31] [19.13-46.13] [6.33-49.73] [42.89-81.95] [0.11-0.44]

Female 1.58 (0.05) 74.22 (9.85) 25.87(3.36) 23.57 (7.22) 35.15 (2.59) 0.39 (0.07)
[109] [1.42-1.77] [43.58-121.67] [18.06-44.32] [9.96-53.93] [9.98-59.87] f0.22-0.49]
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Genotyping

For each subject, DNA was extracted by employing the Puregene DNA isolation 

kit (Gentra Systems, Inc., Minneapolis, MN). All the subjects were genotyped for 442 

microsatellite markers, including 423 for autosomes and 19 for chromosome X. These 

markers are from ABI PRISM® Linkage Mapping Sets Version 2.5 (Applied Biosystems, 

Foster City, CA). Generally, these markers were ~10cM apart. However, within the 6 

genomic regions (lp36, 2ql4, 4ql2, 6q27, 12q 14, 20ql3) that were shown to be of 

potential importance for obesity in our pilot whole-genome linkage scan (58), denser 

markers (~5cM apart) were genotyped. The overall marker density was -8.1 cM per 

marker. Markers were grouped into 28 panels based on the length their PCR products and 

color (labeled with different fluorescence dye), thus, within each panel, different markers 

can be examined in a single electrophoresis. These markers have an average population 

heterozygosity o f -0.79.

The PCR reaction setup was performed automatically by using a Tecan Genesis 

Robotic Sample Processor RSP 150 (Tecan US. Inc., Durham, NC). The total PCR 

reaction cocktail is 20 p.L with final concentrations: IX PCR Buffer II, 2.5 mM MgCL, 

250 pM dNTPs, 10 pmoles o f each primer, 100 ng o f DNA and 0.6 units o f AmpliTaq 

Gold DNA Polymerase. PCRs were performed on GeneAmp® PCR System 9700 

Thermal Cyclers (Applied Biosystems, Foster City, CA,). Thermal cycling conditions 

were programmed as: 94°C for 10 minutes, followed by 10 cycles o f 94°C for 15 sec, 

55°C for 30 sec, 72°C for 1 minute; followed by 20 cycles o f 89°C for 15 sec, 55°C for 30 

sec, 72°C for 1 minute; followed by a 10 minute extension at 72°C. After cycling, the 

reactions are cooled to 4°C until removed from the thermal cyclers. Then, PCR products
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of markers within the same panel were pooled at the following ratios: 4 pi o f each ‘blue’ 

marker, 2 pi o f each ‘green’ maker and 6 pi o f each ‘yellow’ marker. Pooled PCR 

products were stored at -20°C until electrophoresis.

For electrophoresis, first, 1.0 pi of pooled PCR products is added to 9.0 pi of 

loading buffer containing deionized fonnamide, and GeneScan ™ 500 LIZ ™ size 

standards (Applied Biosystems, Foster City, CA). After heating at 95°C for 5 minutes to 

denature the pooled PCR products, the sample is placed on ice for ten minutes and then 

electrophoresed on the ABI PRISM® 3700 DNA Analyzer (Applied Biosystems, Foster 

City, CA). After electrophoresis, the data were analyzed using GeneScan® Analysis 

(v3.7) and Genotyper® (v3.7) software (Applied Biosystems, Foster City, CA). First, 

within the GeneScan® Analysis software, one lane was randomly chosen to define the 

size standard and analyze the data. Then, all data were imported including dye color, 

sample fragment size and sample information into Genotyper® for allele identification. 

Within the Genotyper® software, sample fragments were labeled and the data, including 

height o f peak, allele size, and marker information were created. A control DNA was 

included (from CEPH Individual 1347-02) sample (Applied Biosystems, Foster City, CA) 

with known allele sizes for each marker panel to provide verification o f accurate allele 

calling. These standard samples were generated by performing a batch of duplicate PCR, 

pooling the duplicates, and loading each gel with an aliquot o f the pool. Initially, lanes 

containing reference CEPH DNA samples were imported into the Genotyper®. The 

fragment sizes o f the CEPH were applied to adjust the samples and determine the allele 

size, which allowed to adjust for the gel-to-gel variation using the offset features o f the 

program. Gels were first labeled automatically using the Genotyper® software. After
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automatic labeling, each sample was checked manually by reading the gel to verify that 

the software has made the correct allele calls. Those peaks that were incorrectly labeled 

by the software were re-labeled manually. As each marker was analyzed, a data table was 

constructed that contains sample identifiers and corresponding allele sizes, peak 

fluorescence. These data were then exported and stored in a Microsoft Excel file format 

pending further analyses.

A genetic database management system (GenoDB) (92) was used to manage the 

genotype data. PedCheck (93) was used to check the Mendelian inheritance pattern at all 

the marker loci and for confirming the alleged relationships o f family members within 

pedigrees. After three rounds o f data checking and re-genotyping, the data that could still 

not pass the PedCheck, or was missing, was counted as the genotype missing and error 

data. Its rate was -0.3% . All the markers were successfully genotyped.

Statistical Analyses

One o f the most important features o f the study sample is the relative pairs 

contained that are informative for linkage analyses. Table 2-3 lists that informative 

relationships for linkage analyses in the 53 original pedigrees, the 26 new pedigrees, and 

the combined 79 pedigrees. It can be seen that the number of informative relative pairs in 

the combined 79 pedigrees was much larger than that in the initial 53 pedigrees. For 

instance, the number of sib pairs in the 79 pedigrees was more than triple that in the 

initial 53 pedigrees. This was mainly due to the larger sample size and incorporation of 

some large families in the 26 newly recruited pedigrees. These large number of
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informative relative pairs reflects the richness o f the genetic information for linkage 

analyses in this sample.

Table 2-3. The informative relationships contained in the sample sets

53 pedigrees 26 pedigrees Combined 79 
pedigrees

No. subjects 758(630) 1,058 1,816

Relative pairs

Siblings 1,348 (1,249) 2,498 3,846

Grandp arent- gr andchi 1 d 1,232 (1,098) 2,486 3,718

Avuncular 2,132 (1,993) 5,038 7,170

First cousins 2,870 (2,589) 8,046 10,916

Second cousins 2,586 (1,971) 17,762 20,348

First cousins, once removed 1,998 (1,607) 13,165 15,163

Second cousins, once removed 66(12) 20,045 20,111

Total 12,232 (10,519) 69,040 81,272

Note: The numbers in parentheses are for the 53 pedigrees with 630 subjects used in the

pilot whole-genome linkage scan.

The histogram method and the Grubbs’s test (threshold p < 0.01) (94) were 

applied to check for outliers of obesity phenotypes in the sample. Three outliers for BMI, 

two outliers for fat mass, two outliers for PFM, and four outliers for lean mass were 

excluded from the linkage analyses.

A variance component linkage analysis for quantitative traits (34,95) was 

performed. The program employed was SOLAR (Sequential Oligogenic Linkage 

Analysis Routines) (34). The analysis is based on specifying the expected genetic 

covariances between relatives as a function of the identity by descent (IBD) at a given 

marker locus or chromosomal position. The analysis considers the phenotypic and genetic
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information from all pedigree members simultaneously. In the variance component 

analysis, for a simple model in which a major locus and residual polygenes influence a 

trait, the covariance matrix for a pedigree is given by:

Q = FIo-2 + 2 0 c r 2 + /c r2m g e

where <x2 is the additive genetic variance due to a major QTL, and 11 is a matrix

whose elements ( n mij) provide the probability that individuals i and j  are IBD at a QTL

that is linked to a genetic marker locus. 11 is a function of the estimated IBD matrix for 

the genetic marker itself and a matrix of the correlations between the proportions o f genes 

IBD at the marker and at the QTL. cr2 is the genetic variance due to residual additive

genetic factors, O is the kinship matrix, c r  is the variance due to individual-specific 

environmental effects, and /  is an identity matrix. Using the variance component model, 

the null hypothesis that cr2, the additive genetic variance due to the QTL, equals zero (no 

linkage) was tested by comparing the hkelihood of this restricted model with that of a 

model in which cr2 is estimated. The difference between two logio likelihoods produces a 

LOD score. Twice the difference in loge likelihoods of these models yields a test statistic 

that is asymptotically distributed as a 1/2:1/2 mixture o f a x~ variable and a point mass 

at zero.

Using SOLAR, I performed two- and multipoint linkage analyses in the 79 total 

pedigrees. The newest version o f SOLAR has a function of evaluating genetic 

heterogeneity by incorporating the program HOMO developed by Harald Goring 

(available at hgoring@darwin.sfbr.org). HOMO performs a test for heterogeneity using 

an admixture model (96) and is, in principle, quite similar to Jurg Ott’s program HOMOG
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(97). Using the HOMO program, loci achieving LOD scores > 2.0 in the analyses o f the 

79 total pedigrees were analyzed for linkage heterogeneity.

Prior to linkage analyses, the effects o f covariates (sex and age) on obesity 

phenotype were evaluated in polygenic models, with only the significant covariates (P < 

0.05) being retained in the model and included in the linkage analyses. SOLAR is a 

flexible tool that can accommodate the effect o f common household in a polygenic model. 

This may increase statistical power to detect linkage by decreasing the proportion of the 

residual phenotypic variation attributable to random environmental factors. However, as 

the information on household in this sample was incomplete, it was not included in the 

analyses. Since there were some large multi-generational pedigrees, generation was 

incorporated in the analyses as a covariate. Generally, the variance component analysis 

implemented in SOLAR is quite robust to deviation from normality (98). However, some 

types o f nonnormality o f the data (e.g., extreme leptokurtosis o f 2 or more) may inflate 

the type I error rate (99). For the 79 pedigrees, values of skewness of BMI, fat mass, 

PFM, and lean mass were 0.68, 0.83, and 0.08, and 0.41 respectively, and values of 

kurtosis o f BMI, fat mass, PFM, and lean mass were 0.56, 1.00, -0.57, -0.73 respectively. 

These values were quite similar to those of the original 53 pedigrees and 26 new 

pedigrees (data not shown).

In SOLAR, a multipoint approximation for pedigrees of unlimited size and 

complexity was used to estimate IBD sharing at arbitrary chromosomal locations. This 

method is based on a linear function of IBD values at genotyped markers. The IBD 

estimation procedure has been shown to be efficient and compares favorably to other 

multipoint methods suitable for use in pedigrees. So far, there have been few software

45



programs capable o f handling large and complex pedigrees (> 200 individuals in a 

pedigree) with regard to multipoint linkage analysis. SIMWALK, a statistical genetics 

computer application that uses Markov chain Monte Carlo (MCMC) and simulated 

annealing algorithms to perform linkage analysis, is able to deal with pedigrees o f any 

size and was shown to be more accurate than SOLAR in calculating IBD (100). To 

investigate the potential difference between the methods implemented in the two 

computer programs, I employed SIMWALK to perform linkage analyses and compared 

the results with that o f SOLAR.

RESULTS

By performing quantitative genetic analysis with covariate screening using 

SOLAR, I estimated the heritabilities o f the obesity phenotypes in the total 79 pedigrees. 

The estimated heritabilities (± SE) o f BMI, fat mass, PFM, and lean mass were 0.41 (± 

0.04), 0.53 (± 0.05), 0.54 (± 0.05), and 0.58 (± 0.04), respectively, after adjusting for 

significant covariates (age and sex).

Figure 2-1 displays the results o f multipoint linkage analysis for all the four 

phenotypes in the total 79 pedigrees. Table 2-4 summarizes the genomic regions that 

achieved LOD scores generally greater than 1.5 for any one of the four obesity 

phenotypes in two-point or multipoint linkage analyses. For the purpose of comparison, 

the significant results of our pilot linkage scan (58) were also summarized in Table 2-4. 

For the results presented, obesity phenotypes were adjusted with multiple regression for 

significant covariates o f age, sex and age*sex.

For BMI, a QTL was identified with LOD score of 2.53 achieved at the marker
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D1S468 on lp36. In addition, in multipoint linkage analyses, a maximum LOD score 

(MLS) of 1.45 was achieved on lp36. Notably, lp36 also showed evidence o f linkage in 

our pilot whole-genome linkage scan, with LOD scores o f 2.75 and 2.09 achieved in two- 

point and multipoint linkage analyses, respectively. Hence, lp36 is a genomic region 

showing reproducible linkage, although the LOD scores reduced slightly in the total 79 

pedigrees. To investigate the genomic region lp36 further, I performed heterogeneity 

testing in the analyses o f the total 79 pedigrees, using the HOMO program. Hypothesis 

tests did not favor a model o f linkage with heterogeneity (P =0.50); however, the results 

should be interpreted with caution due to the intrinsic limitations o f the test (101). In 

addition to lp36, a few other promising regions were identified for BMI, all achieving 

LOD scores greater than 1.5 in two-point and/or multipoint linkage analyses (Table 2-4). 

These regions include 2q36, 3 q ll and 19ql3. And, notably, these regions were not 

identified in our pilot linkage scan in 53 pedigrees, indicating the importance o f increase 

in sample size in identification of novel QTLs with high statistical power. However, the 

linkage peaks in two genomic regions - 2q l4  and 4ql2 - that were identified in our pilot 

linkage scan reduced significantly in this study.

For fat mass, 2q36 achieved a LOD of 1.69 at 230cM from pter on chromosome 2 

in multipoint analyses. In two-point analyses, a LOD score o f 2.44 was achieved at 

D2S168 on 2q36. Interestingly, this region also showed linkage in our pilot linkage scan, 

achieving a LOD score o f 1.91 near marker D2S206. The other noteworthy regions are 

2p24, 19q 13, and 20pl2. Notably, 20pl2 achieved LOD scores of 2.62 and 2.58 in two- 

point and multipoint linkage analyses, respectively.

The importance o f the genomic regions 19q 13 and 20pl2 also manifest for PFM.
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19 q l3 achieved LOD scores o f 1.77 and 1.25 in two-point and multipoint linkage 

analyses, respectively. 20pl2 achieved LOD scores of 1.93 and 2.01 in two-point and 

multipoint linkage analyses, respectively. Another important region that may contain a 

QTL for PFM was identified on 6ql5, with LOD scores o f 1.86 and 2.11 in two-point and 

multipoint linkage analyses, respectively. 2q36 also achieved a LOD score o f 2.02 in two- 

point linkage analyses for PFM.

For lean mass, the genomic region 17q 12 achieved LOD scores o f 2.19 and 2.35 

respectively. This region showed evidence of linkage to lean mass in our pilot linkage 

scan, with a LOD score o f 1.64 achieved in two-point linkage analyses. Other noteworthy 

regions potentially important for lean mass include 2q36 and 4q34, both achieving LOD 

scores greater than 1.5 in multipoint linkage analyses.

For chromosome x, SOLAR can only handle two-point analyses. Since LOD 

scores achieved on chromosome X were lower than 1.0, the results were not presented 

here. Other software, such as GENEHUNTER (102) and MERLIN (103) can perform 

multi-point linkage analysis on chromosome X. However, they are unable to handle large 

pedigrees that make up most o f the present study sample. Breaking down the large 

pedigrees to accommodate the softwares GENEHUNTER and MERLIN may cause 

significant loss o f statistical power and, thus, they were not attempted here. I also 

performed linkage analysis using the program SIMWALK and compared the results with 

that o f SOLAR. The linkage results computed by the two softwares did not differ 

significantly and demonstrated reasonable consistency (data not shown).
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Figure 2-1. Multipoint linkage analysis results. Results are shown for BMI (black), fat mass (red), PFM (blue) and lean mass (green)
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Table 2-4. Markers and genomic regions with LOD scores greater than 1.5 in two- or multi-point linkage analyses

a. Two-point linkage analyses

Results in the total 79 pedigrees Results in 53 pedigrees in our pilot linkage scan

Phenotypes Marker Chromosome location LOD score Marker Chromosome location LOD score
BMI D1S468 lp36 (4 cM from pter) 2.53 D1S468 lp36 (4 cMfrom pter) 2.75

D2S347 2ql4 (131.5 cM from pter) 4.04
D2S126 2q36 (221 cM from pter) 1.92

D4S1592 4ql2 (69.5 cM from pter) 2.29
D3S3681 3ql 1(109 cM from pter) 1.98
D12S1723 12q24 (164 cM from pter) 2.32
D19S902 19ql3 (72 cM from pter) 1.91

Fat mass D2S126 2q36 (221 cM from pter) 1.79
D 2 S3 4 7 2ql4 (131.5 cMfrom pter) 2.03

D6S462 6ql5 (99 cM from pter) 1.85
D17S798 17ql 1 (53 cM from pter) 1.87
D19S420 19ql3 (66 cM from pter) 2.56
D20S115 20pl2 (21 cM from pter) 2.62

PFM D2S168 2p24 (27 cM from pter) 2.44
D2S347 2ql4 (131.5 cMfrom pter) 1.95

D2S126 2q36 (221 cM from pter) 2.02 D2S206 2q36 (240.8 cMfrom pter) 1.91
D6S462 6ql5 (99 cM from pter) 1.86

D19S420 19ql3 (66 cM from pter) 1.77 D19S420 19ql3 (66 cM from pter) 1.57
D20S115 20pl2 (21 cM from pter) 1.93

Lean mass D2S126 2q36 (221 cM from pter) 1.57
D4S1539 4q34 (176 cM from pter) 2.03
D17S927 17ql2 (58 cM from pter) 2.19
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b. Multipoint linkage analyses

Results in the total 79 pedigrees Results in 53 pedigrees in the pilot linkage scan

Phenotype Chromosome location LOD score Chromosome location LOD score
BMI lp36 (0 cM from pter) 1.45 lp36 (0 cMfrom pter) 2.09

2ql4 (128 cM from pter) 4.44
2q36 (231 cM from pter) 1.60

4ql2 (68 cMfrom pter) 2.09
3ql 1 (110 cM from pter) 1.96
19ql3 (66 cM from pter) 1.66

Fat mass 2q36 (230 cM from pter) 1.85
2ql4 (128 cM from pter) 2.21

19ql3 (59 cM from pter) 1.78 19ql3 (65 cM from pter) 1.23
20pl2 (20 cM from pter) 2.58 20ql3 (69 cM from pter) 1.64

PFM 2p24 (23 cM from pter) 1.69 2p24 (26 cM from pter) 1.06
2ql4 (128 cM from pter) 2.10

6ql5 (93 cM from pter) 2.11
19ql3 (59 cM from pter) 1.25 19ql3 (65 cMfrom pter) 0.58
20pl2 (23 cM from pter) 2.01

Lean mass 4pl6 (0 cM from pter) 1.64
14q34 (172 cM from pter) 1.68
17ql2 (58 cM from pter) 2.35 17pl2 (33 cM from pter) 1.64

The genetic distances reported here are per Marshfield linkage map (http://www.ncbi.nlm.nih.gov/).
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Discussion

As a complex disease, obesity is characterized by convincing evidence o f a 

genetic component, strong environmental effects, uncertain mode of inheritance, and the 

potential for multiple genes o f varying effect that act independently and/or cooperatively 

(28). The arduous task o f identifying the susceptibility genes for obesity is thus 

complicated by the fact that the interaction o f these factors results in a variety o f disease 

etiologies. This complex situation may account for why, despite a number o f genome- 

wide scans for obesity during the past decade, success in identification o f a major 

susceptibility gene to date has been limited (25,29). Thus, significant or suggestive 

linkage claims should be subjected to intensive extension or replication studies to test for 

validity. A stringent, while widely accepted, threshold o f LOD> 3.3 has been proposed to 

claim significant linkage with a genome-wide P value o f <0.05 (36). However, 

confirmation o f a previously reported linkage in an independent study involves a P-value 

criterion different from a whole-genome scan. It has been proposed that a pointwise P 

value o f «0.01 is needed for an interval-wide significance level o f 5% (36).

This study has several strengths. First, the sample o f 79 pedigrees is quite large, 

but homogeneous -  all subjects are Caucasians o f European origin living in the Midwest 

o f the USA. Compared to the commonly used sib-pair linkage approach, the variance 

component linkage method employed here is much more powerful. This is because, in 

addition to sib-pairs, the variance component linkage method can make use o f various 

other informative relationships and can be expanded to handle pedigrees o f arbitrary size 

and complexity (34). Generally, the larger and more complex the sample, the more 

powerful the method. Compared with our pilot linkage scan in 53 pedigrees, the present
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sample o f 79 pedigrees has much higher statistical power (shown in Figure 2-2).
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Figure 2-2. Comparison of the power of our pilot whole-genome 

linkage scan and the second whole-genome linkage scan study. The

power was given under various genetic models. For simplicity, I assume 

an ideal situation with recombination rate 6 = O.OOThe power for both 

the pilot and second linkage scans was estimated under the LOD score of 

3.3, a stringent criterion to declare significant linkage in a whole-genome 

linkage scan.
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Second, in addition to BMI, other obesity phenotypes were used, such as fat mass, 

PFM and lean mass (measured by DXA). Although BMI is a simple measure of obesity 

and has been used widely, it cannot distinguish fat mass from lean mass and thus may not 

always be appropriate (104). For example, athletes often have a BMI > 25 kg/m2 along 

with a percentage body fat o f only 10-15% (104). Body fat mass and PFM are 

phenotypically more homogeneous than BMI and more appropriate as phenotypes for 

obesity research (105). However, since fat mass and PFM cannot be measured easily and 

inexpensively, they have not been used as widely as BMI. In addition, it may also be 

important to study lean body mass because excess body weight consists o f not only fat 

mass, but also lean mass (53).

Third, the genotyping error and missing rate in this study was quite low (0.3%). It 

has been well recognized that genotyping data quality is important to obtain reliable 

linkage results. In situations o f modest genetic effect size, 5% genotyping error could 

eliminate all supporting evidence for linkage to a true susceptibility locus in affected 

pairs, though linkage information loss may be less severe in random pairs (106,107). The 

low genotyping error/missing rate contributes to the robustness o f the linkage findings 

reported here.

I confirmed some genomic regions that were identified/suggested in our pilot 

linkage scan and also found some novel regions. For BMI, lp36 is a promising region 

that attained reproducible linkage. The importance of lp36 has been reported in other 

linkage studies. For instance, Stone et al. (72) reported suggestive linkage to severe 

obesity in females on lp36 with a multipoint heterogeneity LOD score o f 2.5 achieved 

near marker D1S468. In Pima Indians, Norman et al. (59) reported linkage to percentage
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body fat at lp 3 1-21 (LOD = 2.8), a region adjacent to lp36. Chromosome lp  contains a 

number of prominent obesity candidate genes. The LEPR gene is located at this region 

and LEPR is highly involved in satiety and energy homeostasis. LEPR gene 

polymorphisms have been associated with variation in obesity phenotypes in various 

populations (25). TNFR2 (tumor necrosis factor-a 2) is another candidate gene located at 

lp36. TNF is an important effector of inflammatory reactions that is known to exert a 

wide variety o f responses. TNF exerts its effects through two glycoprotein membrane 

receptors (TNFR1 and TNFR2) that are expressed at variable degrees on the majority of 

cells. TNFR1 polymorphisms were associated with obesity, leptin levels, and insulin 

resistance (108). The NR0B2 (nuclear receptor sub-family 0, group B, member 2) gene is 

also situated at lp36, and polymorphisms of NR0B2 were associated with early-onset 

mild obesity (109).

2q36 is another interesting region that may harbor QTLs underlying variation in 

obesity phenotypes. Notably, this region is linked to multiple obesity phenotypes (BMI, 

fat mass and PFM) in this study and showed moderate evidence o f linkage to PFM in our 

pilot linkage scan (58). In the HERITAGE Family Study, 2q36 was found to be linked to 

abdominal subcutaneous and visceral fat in African-American and Caucasisn families

(110). Two strong candidate genes, IRS1 (insulin receptor substrate 1) and CAPN10 

(Calpain 10), were mapped to this region. IRS1 is a phosphotyrosyl protein that is a 

substrate of the insulin receptor tyrosine kinase and is involved in the insulin-signaling 

pathway and insulin resistance. Insulin resistance is often associated with obesity and 

impaired glucose tolerance. A common amino acid polymorphism at codon 972 of the 

IRS-1 gene was shown to interact with obesity in the expression o f insulin resistance
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(111). In African-Americans, variants in the IRS-1 gene were associated with increases in 

BMI, although the effect might be modest (112). CAPN10 was first identified by 

Horikawa et al. (113) in positional cloning study for type 2 diabetes (NIDDM) genes. The 

discovery o f CAPN10 suggested a novel pathway involved in the pathophysiology o f 

diabetes, one that may include, in addition to calpain-10, its substrates, inhibitors, and 

activators. This putative diabetes susceptibility gene encodes a ubiquitously expressed 

member o f the calpain-like cysteine protease family. CAPN10 gene polymorphisms were 

associated with NIDDM in Mexican Americans and a northern European population from 

the Botnia region o f Finland (114).

Chromosomes 19q 13 and 20pl2 are promising regions because both showed 

evidence of linkage to multiple obesity phenotypes (BMI, fat mass and PFM). The LOD 

scores achieved in both regions were higher than those achieved in our pilot whole- 

genome linkage scan. The significance o f 19 q l3 to obesity was also suggested in an 

earlier genome scan in childhood and adolescent obesity in German families (115). This 

is interesting in that the genetic basis o f childhood and adolescent obesity might not differ 

that much from adult obesity (115). Genomic region 19ql 3 contains a number of 

prominent candidate genes, such as LIPE (lipase, hormone-sensitive), APOE 

(apolipoprotein E), and TGFB1 (transforming growth factor, beta-1). LIPE and APOE are 

important molecules that are involved in lipid metabolism. TGFB1 codes a 

multifunctional cytokine that controls proliferation, differentiation, and other functions in 

many cell types including adipocyte precursor cells (116). Genetic studies have found 

associations between these genes and obesity. Interestingly, an earlier study by our group
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found that APOE and TGFB1 gene polymorphisms contribute to variation in obesity 

phenotypes in Caucasian families (117).

In this study, the linkage peak achieved on chromosome 20 was quite broad 

(spanning 20pl2-20ql3), with a 1-LOD support interval (equivalent to 95% confident 

interval) o f > 30cM. Notably, 20pl2-20ql3 is one of the regions showing reproducible 

linkage to obesity phenotypes in various populations (25). This region contains several 

putative candidate genes for obesity, such as MC3R (alpha melanocyte-stimulating- 

hormone receptors 3), ASIP (agouti-signaling protein), CEBPB (CAAT/enhancer- 

binding-protein beta), and GNAS1 (Guanine nucleotide-binding protein). MC3R is 

expressed at high levels in the hypothalamus and is involved in the regulation o f energy 

homeostasis. MC3R knockout mice had increased fat mass, reduced lean mass, and 

higher feed efficiency than wildtype littermates, despite being hypophagic and 

maintaining normal metabolic rates (118). Mutations in the MC3R gene may cause 

severe obesity in humans (25). ASIP is a potent inhibitor o f MC3R and MC4R and 

absence o f functional MC4R leads to obesity in mice (119). Mutations in the agouti gene 

lead to obesity in mice (120). CEBPB is related to adipocyte differentiation and is 

considered one o f the candidate genes (121). Mutations o f the GNAS1 gene were 

associated with Albright’s hereditary oteodystrophy, which is partly characterized by 

obesity (122). Given the importance of 20pl2-ql3 on obesity, further extensive efforts in 

fine mapping and positional cloning are needed to narrow down the region to eventually 

identify the causal genes and their alleles. Some novel regions were also identified in this 

study, including 3 q ll ,  6ql5 and 12q24. Their importance to obesity will be subject to 

further studies for confirmation.
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Although interesting findings were obtained in this study, there are some issues, 

limitations, and difficulties that need to be addressed. First, the study sample used here 

was initially recruited for osteoporosis genetic studies, with the purpose o f efficiently 

locating genes underlying BMD variation. BMD and body weight are known to be 

correlated. Since bone mass is a part o f body mass, BMD and BMI may also share some 

genes underlying their variation, although the significance of this shared genetic 

determination is unknown. In linkage analyses, the ascertainment scheme has been 

accounted for in the analyses by identifying the probands and their phenotypic values for 

each pedigree. From a quantitative genetics point of view, a significant and high 

phenotypic correlation does not necessarily imply/translate into a significant and high 

genetic correlation, which indexes the degree o f shared genetic determination o f two 

phenotypes (22). This has been demonstrated by earlier whole-genome linkage scan 

studies for BMD (123) and obesity phenotypes (58), in which the significant linkage 

regions for BMD and BMI were largely non-overlapping. On the other hand, when two 

correlated traits show linkage to the same region, it is necessary to differentiate between 

pleiotropic effects o f a single locus influencing all the traits and separate tightly clustered 

loci each influencing a single trait.

It is notable that some of the findings in our pilot linkage scan reduced or even 

totally disappeared. This seems to be unexpected, given the large amount o f relationships 

and thus substantially increased statistical power of the 79 pedigrees. There are several 

possible reasons.

1) Some linkage findings in our pilot linkage scan might be false positives, given the 

relatively small sample size (53 pedigrees) compared to the 79 pedigrees used in
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this study. Since the linkage approach adopted in this study is intended to detect 

linkage instead o f linkage exclusion, the relevance o f these regions will be 

examined by future exclusion analyses.

The study subjects o f Caucasians of European origin, while relatively 

homogeneous, may still have potential population heterogeneity. So, it is possible 

that the QTLs identified in the previous pedigrees may not exist or only have 

minor effects in the new pedigrees, and thus difficult to detect; or linkage findings 

detected in the pilot genome scan may involve a weak effect, which turns out to 

be weaker in the second linkage scan.

Compared with the previous sample of 53 pedigrees, the 26 newly recruited 

pedigrees comprises more complex families, in which more than 60% were made 

up o f pedigrees with at least 85 family numbers. Among these, a large pedigree 

(with 6 generations) that contains 416 genotyped individuals may have significant 

impact on linkage results. This pedigree could share some non-genetic factor that 

could contribute to the phenotypes in consideration that have not been adjusted 

for in the statistical analysis.

The marker allele frequencies may fluctuate in the current and pilot studies. With 

more individuals (especially founders in the same family) genotyped, the IBD 

sharing o f two relative pairs can be calculated with higher precision, which 

ultimately influences the LOD scores (124). In other words, different samples of 

pedigrees from the same population may yield (by chance) different allele 

frequencies o f markers. As IBD inference critically depends on allele frequencies, 

such a change may affect IBD estimation and consequently, the linkage results.



5) Genotyping errors may lead to loss o f power and underestimation o f the strength 

o f correlation between trait- and marker-locus genotypes (58,107). Despite the 

quite low genotyping error rate (0.3%) attained in our pilot genome scan and this 

second linkage scan study, the distributions o f the errors might be altered, which 

unavoidably changes the LOD scores. The exact relevance o f these issues to 

linkage analyses is one o f my future interests in statistical genetics.

At some regions, the LOD scores in multipoint linkage analysis were lower than 

that o f two-point analysis. It seems unexpected given that multipoint linkage analysis 

generally captures more information than two-point analysis. Actually, this observation is 

not uncommon in linkage studies o f complex diseases/traits. Theoretically, compared to 

two-point linkage analysis, multipoint linkage analysis combines marker information in 

the form o f haplotypes and may increase the power to detect linkages (34). When linkage 

is detected, multipoint analysis also allows support or confidence intervals to be 

determined for the location of a gene (34). However, several factors (such as the greater 

dependence on precise and accurate marker locations and more devastating effects of 

marker-locus genotyping errors, etc.) may compromise these advantages. In linkage 

studies, genotyping errors may deflate the power and underestimate the strength of 

correlation between trait- and marker-locus genotypes. In two-point analysis, these errors 

can be absorbed to some extent in an inflated recombination-fraction estimate, leaving 

the test statistic quite robust. In multipoint analysis, however, genotyping errors can 

easily result in false exclusion of the true location o f a disease-predisposing gene 

(107,124). In addition, in multipoint analysis, marker-locus maps must be assumed to be 

known accurate, while in reality fine-scale intermarker recombination fractions can not
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be accurately estimated without thousands o f informative meioses (107,124). The 

position o f markers on commonly used genetic maps (e.g., Marshfield) are based on a 

limited number o f meioses (125), which may lead to incorrect marker order and poor 

estimates o f recombination fractions (126). Considering the above potential confounding 

factors, multipoint LOD scores could be lower than two-point LOD scores in the 

presence o f linkage, despite the use of more “information” in the multipoint analysis.

In summary, in this study I confirmed some of the previous linkage findings and 

identified some novel genomic regions that may harbor QTLs underlying obesity risk. 

Further fine-mapping endeavors are needed to eventually identify the causal genes. 

Candidate genes located within the linkage regions should be subject to association 

analyses to test their contribution to obesity. In the meantime, lack o f replication o f some 

previous linkage findings suggests the complexity o f the genetic basis o f obesity and 

difficulties facing gene mapping of obesity.
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CHAPTER 3

Tests of Linkage and/or Association of the LEPR Gene 

Polymorphisms with Obesity Phenotypes in Caucasian

Nuclear Families
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Introduction

Leptin is a fat tissue-derived cytokine which reports nutritional information and 

regulates energy expenditure by activating LEPR in the hypothalamus (127). The 

discovery o f leptin and its receptor LEPR, has defined a novel molecular pathway for 

energy metabolism and regulation of body weight (84,85). LEPR is a single 

transmembrane protein signaling through the JAK-signal transducer and activator of 

transcription (STAT) pathway (127). Functional mutation in the LEPR gene in animal 

models and humans could cause extreme obesity (26,128,129). Flowever, such mutations 

are extremely rare and are not likely to be responsible for common obesity.

In addition to its functional importance to obesity, the positional importance o f the 

LEPR gene has been demonstrated in our genome-wide linkage scan studies. The 

chromosome lp  harboring the LEPR gene was linked to obesity phenotypes in our pilot 

whole-genome linkage scan in 53 Caucasian pedigrees (58) and was further confirmed in 

the second linkage scan in 79 pedigrees (see Chapter 2).

Given the importance of LEPR on energy metabolism, it is conceivable that 

common polymorphisms in the LEPR gene could modify the function o f LEPR and cause 

variation in leptin levels and body weight in the general population. A number of 

common polymorphisms and rare variants of the human LEPR gene have been identified 

and their potential associations with obesity were evaluated in some populations (25). Up 

to the present, consistent associations have been difficult to demonstrate. For example, 

association between a polymorphism Gln223Arg and obesity phenotypes was observed in 

middle-aged Caucasian males (130), postmenopausal Caucasian women (131), a 

Mediterranean population (132), and young Dutch adults (133), but not in American
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Caucasians (134), Pima Indians (135), and Japanese (136). Linkage between the LEPR 

gene locus and adiposity was found in French Caucasians (137), whereas no linkage was 

detected in Pima Indians (138) and Mexican-Americans (139). It is notable that so far 

most association studies on LEPR gene polymorphisms and obesity have been the 

conventional population-based association analyses.

Motivated by the potential importance of LEPR gene in energy homeostasis and 

body weight regulation yet rather inconsistent results so far, I performed a study to test 

the LEPR gene as a QTL for obesity. 1 examined three highly polymorphic single 

nucleotide polymorphisms (SNPs) (i.e., Lysl09Arg [exon4], Lys656Asn [exon 14], and 

Prol019Pro [exon20]) and haplotypes defined by them for linkage and/or association 

with obesity phenotypes in a large sample with 1,873 subjects from 405 Caucasian 

nuclear families. Importantly, I employed a robust approach, the family-based 

transmission disequilibrium test (TDT) which is immune to population stratification, a 

potential confounding factor in conventional population-based association studies 

(41,47).

Materials and Methods

Subjects

The study was approved by the Creighton University Institutional Review Board. 

All subjects were Caucasians of European origin. Only healthy people were included in 

the study with the exclusion criteria that were detailed elsewhere (140). In brief, 

individuals having serious chronic diseases/conditions that may have potential influence 

on bone mass were excluded. These diseases, treatments, or conditions have general
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influence on human endocrine and metabolic systems. For example, corticosteroid 

therapy at pharmacological levels for more than 6 months duration will cause a Cushing’s 

phenotype, a disturbance in fat metabolism which is manifested by upper body obesity, 

rounded face, increased fat around the neck (trunkal obesity), and thinning arms and legs. 

Application o f the above exclusion criteria may thus also help to minimize, empirically, 

nongenetic influence on obesity phenotypes. No restrictions were imposed in terms of 

body weight or diet history. Individuals who were overweight (BMI > 25 kg/m") or obese 

(BMI > 30 kg/m ) but permitted under the exclusion criteria entered the study. For each 

study subject, the information on age, sex, medical history and family history was 

acquired.

A total o f 405 nuclear families comprising 1,873 subjects were recruited, 

including 740 parents, 744 daughters, and 389 sons. Among these, 341 families were 

composed o f both parents and at least one offspring. In the remaining 64 families, there 

were at least two children with either one or no parent. The average family size was 4.62 

± 1.78 (mean ± SD), ranging from 3 to 12, and there were a total of 1,512 sib pairs. The 

descriptive characteristics of the study subjects are presented in Table 3-1.
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Table 3-1. Descriptive characteristics (Mean ± SD) of the study subjects (n=l,873)

Mother 

(n =380)

Father 

(n = 360)

Daughter 

(n =744)

Son 

(n = 389)

Age (years) 62.40± 10.40 62.86± 10.70 37.73 ± 10.33 36.00 ± 10.92

Height (m) 1.62 ±0.06 1.77 ± 0.07 1.65 ±0.06 1.80 ± 0.07

Weight (kg) 73.81 ± 15.21 90.30± 15.26 70.40 ± 16.42 87.60± 15.94

BMI (kg/m2) 28.04± 5.57 28.85 ±4.42 25.77 ± 5.86 27.02 ±4.39

Fat Mass (kg) 28.70± 9.87 24.73 ±7.90 24.44 ± 10.45 20.13 ± 8.11

PFM (%) 37.54± 5.96 26.94± 5.00 33.46 ±7.00 22.50± 6.30

Lean Mass (kg) 45.13 ± 6.76 65.08± 8.63 46.13 ± 6.89 67.28 ±9.08

All values are the raw data.
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SNP Selection

The LEPR gene contains 20 exons and spans -216 kb (85). I searched the public 

databases [such as dbSNP (www.ncbi.nlm.nih.gov/SNP/), JSNP (http://snp.ims.u- 

tokyo.ac.jp/), HGVbase (http://hgv-base.cgb.ki.se/), and SNP Consortium (TSC) 

(http://snp.cshl.org/)1 and the literature for SNPs within the LEPR gene and its flanking 

region. The SNPs were selected based on a comprehensive consideration o f the following 

criteria (141):

1) Functional relevance and importance. I prioritized the DNA variants that 

change the function o f the protein, and polymorphisms in the transcriptional promoter 

that regulate expression of the gene.

2) Degree o f heterozygosity (i.e., minor allele frequencies > 10%). This is based 

on the established hypothesis o f common diseases -  common variants (CD - CV) (142). 

A SNP is usually considered to be appropriate for association studies if its minor allele 

frequency is > 10% (143,144). Another reason to choose common alleles is because this 

family-based study depends directly on degree of allelic heterozygosity. Low minor allele 

frequencies may cause low statistical power.

3) Their use in previous genetic epidemiology studies. I prioritized those SNPs 

showing significant associations in earlier studies.

Based on the above criteria, I selected three SNPs: Lysl09Arg (exon4), Lys656Asn 

(exonl4), and Prol019Pro (exon20). Their genomic positions in the LEPR gene are 

illustrated in Figure 3-1. The information and primer sequences are shown in Table 3-2.
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Figure 3-1. Structure of the LEPR gene and the selected SNPs.

Exons 1 2 3 4 5 6 7 8 9 10 11 12 13 14 1516 17 18 19 20
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t t t

Lysl09Arg Lys656Asn Prol019Pro

Table 3-2. Information and the primer sequence for the studied SNPs in the LEPR gene

SNP Polymorphism Location Distance (bp) * Primers (5’-3’)

Lysl09Arg AAG-AGG Exon 4 Forward: agatttaagttgtcttgcatgccacc 

Reverse: ttaagcccagcatccattagctattctttc

Lys656Asn AAG- AAC Exon 14 39611 Forward: gagtaattggagcaatccagcctaca 

Reverse: gcttcagccactgtacatcttagctc

Prol019Pro CCG-CCA Exon 20 26205 Forward: gccacgctgatcagcaactc 

Reverse: cccttgacttgtcagtcaaaagcac

* Distance from the previous SNP
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SNP Genotyping

DNA was extracted from whole blood using a commercial isolation kit (Gentra 

Systems, Minneapolis, MN, USA) following the procedure detailed in the kit. The 

genotyping procedure for all SNPs was similar, involving polymerase chain reaction 

(PCR) and invader assay reaction (Third Wave Technology, Madison, WI, USA). PCR 

was performed in a 10)ul reaction volume with 35ng genomic DNA, 0.2mM each dNTP, 

IX PCR buffer and 1.5mM MgCb, 0.4pM each of the primers, and 0.35 U Taq 

polymerase (ABI, Applied Biosystems, Foster City, CA, USA). The following procedure 

was used: 95°C for 5 minutes, 30 cycles o f 94°C for 1 minute, 50°C for 1 minute, 72°C 

for 1 minute, and then 72°C for 5 minutes. After amplification, an invader reaction was 

performed in a 7.5(j.l reaction volume, with 3.75jlx1 diluted PCR product (1:20), 1.5 |al 

probe mix, 1.75 p.1 Cleavase FRET mix, and 0.5 ja,l Cleavase enzyme/MgCh solution 

(Third Wave Technology). The reaction mix was overlaid with 15jal mineral oil and 

denatured at 95°C for 5 minutes, then incubated at 63°C for 20 minutes. All the PCR and 

invader assay reactions were performed on 9700 Thermal Cyclers (ABI). After the 

invader reaction, the fluorescence intensity for both colors (FAM dye and Red dye) was 

read using a Cytofluor 4000 multi-well plate reader (ABI). The data were then loaded to 

the software Invader Analyzer (Third Wave Technology), and the genotype for every 

sample was called according to the ratio of the fluorescence intensity o f the two dyes. 

PedCheck software (93) was used to verify Mendelian inheritance o f the alleles within 

each family. The overall genotyping error and missing rate was ~1%.
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Measurement

The obesity phenotypes studied were BMI, fat mass, PFM, and lean mass. Fat 

mass and lean mass were measured by DXA with a Hologic 2000+ or 4500 scanner 

(Hologic Inc., Bedford, MA, USA). The measurement procedure and measurement 

precision were the same with the 79 Caucasian pedigrees used in the whole-genome 

linkage scan (see Measurement in Chapter 2 for details). Except for lean mass and fat 

mass, the phenotypes were correlated significantly. The phenotypic correlations were, 

respectively, 0.88 (between BMI and fat mass), 0.49 (between BMI and lean mass), 0.54 

(between BMI and PFM), 0.12 (between fat mass and lean mass), 0.81 (between fat mass 

and PFM), and - 0.34 (between lean mass and PFM).

Statistical Analyses

Sinsle-Locus Analyses

The allele frequencies of each SNP were estimated in all the subjects of the 

nuclear families via a maximum-likelihood method implemented in the program SOLAR 

(34).

Under the flexible variance-component framework, tests o f population 

stratification, linkage, total association, and within-family association between each of 

the SNPs and obesity phenotypes were implemented in the statistical software package, 

QTDT (Quantitative Trait Disequilibrium Tests) (145). The orthogonal model of 

Abecasis et al. (145) was adopted in the analyses, where the genotype score is 

decomposed into orthogonal between-family ( ß b) and within-family ( ß w) components. 

Population stratification is examined by testing whether ß b = ß w (146). Linkage tests are
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based on the standard variance-component methods and the identity by descent (IBD) 

among relatives. Total association tests use all information including ß b and 

ß w components, and may yield false positive/negative results due to population 

stratification. Within-family association (via TDT), however, is significant only if there is 

LD, and it is robust to population stratification. When both linkage and association are 

detected, Fulker et al. (146) suggested testing linkage while simultaneously modeling 

association to evaluate whether the tested marker is the functional mutation underlying 

the trait. When significant association is observed, the approximate phenotypic variation 

due to the detected marker is calculated as2/>(l -  p)a2, where p  is the allele frequency 

o f the marker and a is the estimate o f additive effect, i.e., E( ß w) = a (145). It is 

noteworthy that the trade-off for conducting the within-family association test is a 

reduction in power to detect allelic association (147). In the absence of population 

stratification, total association confers more power and can be more sensitive than within- 

family association to detect correlation between a marker and a specific trait (147). In 

light o f such power consideration, I first tested population stratification. If no evidence of 

population stratification was observed, the more powerful test o f total association was 

utilized. Alternatively, an orthogonal model robust to population stratification was used.

Variance-component methods implemented in the QTDT make a critical 

assumption that the underlying trait follows a multivariate normal distribution. In the 

present study, all the four obesity phenotypes showed marked departure from normal 

distribution (P < 0.01) using the Anderson-Darling test, and therefore, were transformed 

to approach normality using the Box-Cox procedure implemented in the statistical 

software MINITAB (Minitab Inc., State College, PA, USA). Before the Box-Cox
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transformation, the values of kurtosis for BMI, fat mass, PFM, and lean mass were 1.59, 

1.38, -0.43, and -0.82, respectively, and the values of skewness were 0.96, 0.98, -0.04, 

and 0.55, respectively. After Box-Cox transformation, the values of kurtosis for BMI, fat 

mass, PFM, and lean mass were -0.30, 0.01, -0.42, and -0.43, respectively, and the values 

o f skewness were -0.02, -0.05, -0.02, and 0.16, respectively. All the statistical analyses 

were performed on the transformed data with age and sex as covariates, both significantly 

affecting the obesity phenotypes.

Haylotyye Analyses

Haplotype reconstruction in the nuclear families was carried out using the 

program GENEHUNTER (102). GENEHUNTER extracts complete multipoint 

inheritance information to infer maximum-likelihood haplotypes for all individuals in 

nuclear families. The SNPs were arranged in the order o f Lysl09Arg - Lys656Asn - 

Prol019Pro in haplotype reconstruction. Haplotype frequencies were estimated using 

unrelated subjects only (parents from each nuclear family). Pair-wise LD between the 

SNPs was calculated by the normalized measure, D' (148). The statistical significance of 

the observed LD was examined by Monte-Carlo approximation o f Fisher’s exact test 

(149). For QTDT haplotype analyses, I first used the QTDT multi-allelic tests option, 

which include alleles in one test as a categorical variable with allele frequencies o f <5% 

being pooled to give a global significance. Then I performed the allele-wise test on each 

allele separately, with all other alleles being pooled into another category. Employing the

aforementioned sequential tests within QTDT, % and P values were computed for 

those haplotypes present in at least 30 informative offspring.
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Correction for Multiple Testing

Since multiple markers and phenotypes were analyzed, a correction for multiple 

testing is necessary. Bonferroni correction is too conservative and potentially damaging 

to statistical power (150). This is because statistical tests in this study are highly 

correlated: 1) SNPs in the LEPR gene are in significant LD; and 2) the tested phenotypes 

are significantly correlated. As a less stringent yet suitable adjustment, Monte-Carlo 

permutation was performed to circumvent multiple testing (151). After 1,000 times of 

permutations, an empirical threshold, P < 0.01, was established for an individual test to 

achieve a global significance level of 0.05.

Results

The frequencies o f the alleles and haplotypes for the LEPR gene are presented in 

Table 3-3. The minor allele frequencies o f Lysl09Arg, Lys656Asn, and Prol019Pro were 

29.1%, 18.2%, and 35.3%, respectively. The heterozygosity o f the three SNPs was 0.40, 

0.26, and 0.47, respectively. No deviation from Hardy-Weinberg equilibrium was 

observed in the parents’ group. I found significant LD (0.394 < |D' | < 0.688, P < 0.001) 

between pairs o f three SNPs.
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Table 3-3. Frequencies of minor alleles and the haplotypes

No. SNPs Frequency (%)

1 Lysl09A rg (A AG -AG G ) 29.1

2 Lys656Asn (A AG  - A AC) 18.2

3 Prol019Pro (CCG-CCA) 35.3

No. Haplotypes Frequency (%)

1 AGG 46.2

2 GCA 17.1

3 ACA 12.4

4 GCG 11.9

5 AGA 6.3

6 A CG 4.8

7 GCA 1.0

8 GCG 0.3

Table 3-4 presents a summary of the results o f QTDT analyses. For single-locus 

analyses, since no population stratification was detected, I then performed total 

association tests. Evidence of total association, even after permutation tests, was observed 

for Lys656Asn with lean mass (P = 0.002) and fat mass (P = 0.015). The contribution of 

this polymorphism to the phenotypic variation of lean mass and fat mass was 2.63% and 

1.15%, respectively. Subjects carrying allele G had, on average, 3.16% higher lean mass 

and 2.71% higher fat mass than those without it. I did not find significant evidence o f 

linkage or within-family association at individual SNPs for each phenotype. Since no 

evidence o f linkage between any of the SNPs and the phenotypes was detected, as was 

expected, no significant results for the tests of linkage while modeling association were 

found (data not shown).
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Haplotype analyses yielded interesting and compatible results (Table 3-4). All the 

eight possible haplotypes were observed, with the most common form o f haplotype AGG 

accounting for almost half o f the frequencies. In multi-allelic tests, no significant results 

were obtained for population stratification, linkage, or within-family association. We 

observed significant total associations for lean mass (P = 0.006) and marginally 

significant association for fat mass (P = 0.020). In allele-wise tests, consistent with multi- 

allelic tests, I did not find significant population stratification or linkage for any 

individual haplotypes. Significant total associations were detected between lean mass and 

haplotype GCA (P = 0.005). In addition, for fat mass, marginally significant evidence of 

total associations were observed with this haplotype (P = 0.012). For within-family 

association tests, although the significance for these haplotypes with obesity phenotypes 

was not observed, some evidence was still found for haplotype GCA (P = 0.061) with fat 

mass and lean mass (P=0.085). The contribution of haplotype GCA to the phenotypic 

variation o f lean mass and fat mass was 2.23% and 1.74%, respectively. Individuals 

carrying haplotype GCA showed, on average, 4.41% higher lean mass and 3.50% higher 

fat mass than those without it. For those unmentioned haplotypes, either no significant 

results were detected, or they were not tested because there were not sufficient 

informative subjects.
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Table 3-4. P  values of tests of population stratification, total association, within-family association,

and linkage for individual SNPs and the haplotypes

SNP1
(Lys 109Arg)

SNP2 
(Lys656Asn)

SNP3
(Prol019Pro)

Haplotype
(Multi-allelic)

Haplotype
(Allele-wise)

Tests o f population stratification
BMI 0.887 0.235 0.488 0.219 -

Fat Mass 0.740 0.162 0.680 0.475 -

PFM 0.548 0.235 0.646 0.628 -

Lean Mass 0.862 0.357 0.920 0.434 -
Tests o f total association

BMI 0.764 0.069 0.698 0.109 -

Fat Mass 0.322 0.015 0.442 0.020 0.012 (GCA)
PFM 0.647 0.099 0.424 0.332 -

Lean Mass 0.281 0.002 0.610 0.006 0.005 (GCA)
Tests o f within-family association

BMI 0.920 0.806 0.438 0.289 -

Fat Mass 0.380 0.689 0.841 0.339 0.061 (GCA)
PFM 0.450 0.920 0.862 0.590 -

Lean Mass 0.548 0.170 0.777 0.248 0.085 (GCA)
Tests o f linkage

BMI 0.450 0.532 0.862 0.521 -

Fat Mass 0.371 0.416 0.603 0.438 -

PFM 1.000 1.000 1.000 0.298 -

Lean Mass 0.238 0.241 0.380 0.625 -

All tests were conducted by employing the program QTDT. 
All data were adjusted for age and sex prior to analysis.
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Discussion

This is a family-based study (TDT) testing association and/or linkage o f the LEPR 

gene with obesity phenotypes. TDT directly tests for linkage disequilibrium between a 

trait and a marker locus and is not susceptible to false positive results due to population 

stratification (41,47). The commonly used population-based association approach or 

case-control study, while valuable, are limited in that spurious associations may be 

yielded due to very recent admixture or population samples that are stratified with respect 

to genetically differentiated groups (40,41,47). The linkage approach, which may reveal 

genomic regions harboring QTLs without prior knowledge for underlying traits, is often 

of limited statistical power to detect genes of small effects (39,152). The TDT is much 

more powerful compared to the traditional linkage approach in testing linkage o f specific 

candidate genes to complex traits (48). Although the ideal study design for detecting 

SNP/phenotype association is currently debatable, the present study represents an effort 

to test the importance o f the LEPR gene on obesity phenotypes by employing a robust 

approach.

I found significant association between Lys656Asn and lean mass and fat mass. 

The variant Lys656Asn is located in the extracellular region of the LEPR gene. It causes a 

change in charge (lysine to asparagine at codon 656) and may have potential effects on 

the signaling capacity of LEPR. In this study, subjects carrying allele G had, on average, 

3.16% higher lean mass and 2.71% higher fat mass than those without it. The results are 

in agreement with that o f the Quebec Family Study (137), in which female carriers of the 

C allele had 3kg less o f fat-free mass and 5kg less of fat mass than non-carriers. In a 

group of overweight and obese postmenopausal Caucasian women, carriers o f the C
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allele had increased hip circumference, total abdominal fat and subcutaneous fat 

measured by CT scan (153). Lys656Asn was also associated with fasting insulin and 

fasting glucose as well as in response to the OGTT (oral glucose tolerance test) in 

postmenopausal women with IGT (impaired glucose tolerance) (154). All these studies 

suggest that Lys656Asn may play a role in body weight regulation and may exert 

peripheral effects on regulation of glucose and insulin levels. It should be noted that the 

total association detected in this study should be robust and reliable. I performed a 

simulation analysis to estimate the statistical power. The results showed that, assuming 

strong LD (|D'|=0.9) between a marker and a functional mutation having 2% effect, this 

study sample will have more than 80% power to detect association via the TDT. In this 

study, I did not pursue further analyses in subsamples stratified by age or gender, with a 

consideration that results might be affected with the limited number o f subjects remaining 

in subgroups.

Some studies could not detect an allelic association between LEPR gene 

polymorphisms and obesity. For example, no association were found for Lys656Asn in 

some Caucasian populations (132,134,137) and other racial populations such as black 

people (130) and Japanese (136). A meta-analysis suggested that there was no compelling 

evidence that any o f the three polymorphisms (i.e., Lysl09Arg, Gln223Arg, and 

Lys656Asn) is associated with BMI or waist circumference (155). These conflicting 

results may be caused by many factors, such as inadequate power o f small sample sizes, 

population structure, varying effects of disease-predisposing variants, or gene- 

environment interactions. For example, in a Mediterranean Caucasian population (132), 

the minor allele frequency o f Lys656Asn (23.7%) was higher than that o f this study
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population (18.2%). This could affect association results, as we know that genetic 

variance due to a functional mutation is highly related with its allele frequency and, 

generally, the more frequent the allele the higher the heritability attributable to this 

functional mutation. In the HERITAGE Family Study (137), although the minor allele 

frequencies o f Lys656Asn in Caucasians (18%) and African-Americans (17%) were 

comparable to this study, the analytical approach, sample sizes, and tested phenotypes 

were quite different. Finally, given the relatively small effects o f a variant contributing to 

a complex trait, as reflected in this study (~2%), a potential association may be detected 

in some studies but missing in others.

Haplotype analysis that considers all o f the variants segregating at multiple loci 

may provide additional precision in association analysis (156). A limitation with the 

haplotype analyses in this study is only three SNPs were genotyped for a large gene 

spanning ~216kb. However, since the three SNPs were in significant LD, hapotype 

analyses may still offer increased information. Indeed, in both multi-allelic and allele- 

wise tests, I detected significant total association, confirming the findings o f single-locus 

analyses. Even for within-family association tests, suggestive evidence was found for 

haplotype GCA with fat mass (P = 0.061) and lean mass (P = 0.085).

I did not find evidence of linkage, which seems to be unexpected given the 

significant association. There are several reasons. First, the linkage approach is usually of 

limited statistical power with currently used sample sizes, especially in the case o f small 

genetic effects. Second, SNPs generally have lower heterozygosity and are less 

informative than microsatellite markers for linkage analyses. Assuming the overall 

heritability of a trait is 0.6 and the QTL effect is 2%, the power to detect linkage is only
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-20%  with this study sample. Since the association approach is generally more powerful 

and sensitive than the linkage approach, association could be detected without linkage.

The effect o f Lys656Asn on lean mass and fat mass in this study is not reflected 

on BMI and PFM, although these traits are phenotypically correlated. This could partially 

be due to the insufficient power to detect a specific genetic effect. On the other hand, a 

significant and high phenotypic correlation does not necessarily imply a significant and 

high genetic correlation (22), which indicates the degree of shared genetic determination 

of two phenotypes.

In summary, using a large sample and a robust analytical approach, this study 

provides strong evidence that LEPR gene polymorphisms contribute to variation in 

obesity phenotypes in Caucasians. Confirmation of the association observed here awaits 

further studies such as meta-analysis and/or independent replication studies. Further in 

vitro functional analyses and clinical studies are also necessary to define the precise 

contribution o f this variant to human obesity.
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CHAPTER 4

Non-Replication in Genetic Studies of Complex Diseases/Traits:

Lessons from Obesity
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Introduction

The linkage and association approaches are currently the major tools for genetic 

mapping of obesity. However, despite some limited success, a ‘disappointing’ fact is that 

initial findings are often difficult to replicate in subsequent independent studies. The 

difficulty in replication is also reflected in my gene mapping o f obesity described herein. 

Although some linkage findings identified in our pilot whole-genome linkage scan in 53 

pedigrees were confirmed in the second linkage scan in 79 pedigrees, other linkage peaks 

reduced considerably or even totally disappeared. Although I found that LEPR gene 

polymorphisms contribute to variation in obesity phenotypes in Caucasians, some studies 

could not repeat the association. In the obesity genetics field, more than 30 whole- 

genome linkage scan studies have identified/suggested -130 QTLs underlying risk of 

human obesity; however, except for a few limited replications, most findings are different 

across studies (25). The spectra o f inconsistent/contradictory results are at least as 

pronounced in association studies. Hundreds o f genetic association studies have been 

reported on ~90 obesity candidate genes, while no convincing conclusion has been made 

on any of them (25). As a result, skepticism and pessimism have increasingly arisen 

concerning the utility of these approaches. Therefore, there is an urgent need to assess the 

value o f these approaches in gene mapping of obesity, in particular when complete 

human genome and gene catalogues are nearly in hand.

Based on my experience in genetic studies o f obesity, along with a comprehensive 

survey o f the literature, I address some major reasons that may cause 

inconsistency/contradictory results and propose some tentative solutions. I show that: 1) 

the non-replicated results are not unexpected, given the complicated nature o f complex
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diseases and a number o f potential confounding factors; 2) lack o f reproducibility does 

not necessarily demean the approaches as being futile, but rather indicate that serious 

cautions should be taken on study design and interpretation of the results. With rigorous 

control o f study design and appropriate data interpretation, inconsistency/controversies 

can be minimized and the chances o f successfully revealing genetic components of 

obesity should be improved.

Genome-wide Linkage Studies

Difficulties in replication/confirmation of linkage findings in whole-genome 

linkage scans for obesity could be caused by many factors. Here, I address the issue from 

perspectives o f statistical power, selection of surrogate phenotypes, data quality control 

and complex etiology.

Statistical Power

Under a range of conditions, I calculated the sample sizes required to identify 

QTLs o f various effect sizes in a typical sib-pair linkage study (shown in Table 4-1). It is 

clear that, to detect a QTL with decent power, at least 1,000 sib pairs are needed. 

However, after a comprehensive survey of the literature, I found that, by the year 2004, 

the majority o f the whole-genome linkage scans have used small samples that are less 

likely to offer reliable results (shown in Figure 4-1). My power calculation is a somewhat 

simplified demonstration, because some studies employed ascertainment strategy by 

recruiting subjects with extreme phenotypic values (e.g., BMI > 30 kg/m2), which may 

enhance the statistical power to detect linkage (91,157). Despite this, insufficient power 

is obviously one o f the major reasons that lead to unreliable linkage results. It should be
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noted that in linkage studies, the important feature o f sample size is not merely the total 

number o f subjects, but is the relative pairs that are informative for linkage analyses. 

Although neither large multiplex pedigrees nor small families are fully ideal for all 

situations, using not just small but minimal family structures (such as sib pairs or nuclear 

family triads) is almost certainly detrimental (158). Generally, extended pedigrees can be 

more powerful because of increasingly large numbers of relative pairs informative for 

linkage analyses.

Due to polygenic inheritance, in a whole-genome linkage scan, some QTLs may 

be detected even if the statistical power is low. As a demonstration, suppose that there are 

10 QTLs, each accounting for 6% of phenotypic variation; with a sample o f N sib pairs, 

for a fixed significance level, the power to detect each of the 10 genes is only 10%. Then, 

it is straightforward from probability that the power to detect a single QTL (any QTL) of 

the 10 QTLs in a whole-genome linkage scan will be -66% . That is, there is considerable 

power to detect a single QTL of the 10 QTLs even if the power to detect a particular one 

o f them is low. However, with another sample o f the same size, - N sib pairs from the 

same population, the power to replicate THE gene detected in the previous whole- 

genome linkage scan will be 10%. The power is so low that it is unlikely that the QTL 

found in the first whole-genome linkage scan will be replicated in a subsequent linkage 

study unless a much larger sample is used.

Meta-analysis may be helpful in detecting true linkage when individual studies 

are o f limited power (159). But meta-analysis is not always a panacea, because it is prone 

to biases resulting from selective reporting or publication o f positive results, differing 

ascertainment and diagnostic criteria, and population heterogeneity (159).
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Table 4-1. Sample sizes required to achieve 80% power under a LOD score 

of 3.0 for a sib-pair linkage study

Additive Dominant Recessive

h2q 0 = 0.00 0 = 0.05 0 = 0.00 6 = 0.05 6 = 0.00 9 = 0.05

0.05 22,380 34,130 23,290 36,820 24,610 38,090

0.10 6,179 9,437 6,442 10,260 6,800 10,580

0.15 3,007 4,602 3,141 5,036 3,311 5,178

0.20 1,838 2,819 1,922 3,103 2,024 3,182

0.25 1,269 1,952 1,329 2,159 1,398 2,209

0.30 945 1,458 991 1,619 1,042 1,654

1. Power was calculated using the Genetic Power Calculator (available at 
http://statgen.iop.kcl.ac.uk/gpc/).

2. h2q is the heritability due to the QTL; 6 is the recombination fraction between the QTL 
and a marker.

3. Power calculation is performed under ideal conditions without considering genetic 
interaction, heterogeneity, etc.
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Figure 4-1. Distribution of sib pairs contained in whole-genome 

linkage scans for obesity-related phenotypes by the year 2004. The

data summarized in this figure were obtained by systematic search through 

PubMed. The key words such as “obesity”, “BMI”, “fat”, “linkage”, 

“QTL” etc. were used in the search. After scrutiny o f all searched 

publications, I only included those studies focusing on genetics of obesity 

and related traits.
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Surrogate Phenotypes

Complex diseases typically vary in severity of symptoms and age o f onset, 

which results in difficulty in defining an appropriate phenotype to study. While 

genotypes act from the inside out, through proteins, pathways, and cells, phenotypes 

are most readily observed from the outside in, through signs, symptoms, and visible 

traits. While genotypes are usually stable over the life of an individual, phenotypes are 

often inherently dynamic, unstable, and reactive. For these reasons, genetic studies 

need to pay particular attention to issues of phenotype definition, measurement, and 

stability. The success of gene mapping in genetically complex disorders/traits hinges 

on the ability to delineate the target phenotype accurately. Furthermore, confidence in 

the results o f a gene mapping project can only be as good as the confidence with 

which phenotypes were assigned from the start.

BMI has been the most commonly used phenotype in obesity studies, owing to 

its convenience, reliability, and reasonable cost in measurement. However, BMI 

cannot distinguish body fat from lean mass and thus may not always be appropriate. 

Body fat mass and PFM are more homogeneous and reflect body fat content more 

accurately, especially when measured with high precision. Phenotypes reflecting fat 

distribution, such as waist circumference and waist-hip ratio, are also suitable 

phenotypes in some circumstances. Since obesity is significantly related to energy 

metabolism, intermediary phenotypes including serum leptin levels, resting metabolic 

rate, and respiratory quotient can also be used. Because different phenotypes may have 

their unique genetic determinants, using different phenotypes to test the same 

candidate gene or the same variants might, not unexpectedly, generate different
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outcomes. So far no satisfactory answer can be given to the question o f what 

phenotype or combination of phenotypes should be used, due to the lack o f a thorough 

understanding o f the physiology o f obesity. From a statistical genetics point o f view, it 

is best to select those phenotypes that have a clear and large hereditary component, 

show the least measurement error, and genetically correlate with the endpoint disease - 

obesity.

Data Quality

Relative modest levels of error in genotyping could result in significantly 

diminished power, or even cause false-positive results (106,107). In situations o f modest 

effect size, 5% genotyping error eliminates all supporting evidence for linkage to a true 

susceptibility locus in affected pairs, though linkage information loss may be less severe 

in random pairs (106,107). QTL association analyses o f common alleles are likely to be 

robust to genotyping error but power can be affected dramatically with rare alleles (106). 

Despite this, the issue has not received much attention -  very few o f the published 

obesity genetic studies reported genotyping error rate.

Like genotyping data quality, the issue of phenotyping quality has often been 

overlooked. For instance, in large-scale linkage scan studies, the phenotyping (e.g., for 

BMI and body fat mass) procedure might be undertaken in different research centers and 

could last for years, and thus the subjects are highly likely to be measured by different 

personnel, machines or models. However, many studies did not clearly address how to 

deal with this potential confounding effect. One might argue that the bias caused by this 

confounding effect is generally minor (e.g., 2-3%) and could be ignored; however, given 

the modest effect o f an individual variant, it is hard to tell the detected linkage is caused
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by a ‘true’ genetic variant or merely the systematic phenotypic variance generated during 

the measurement. Another example is with the serum letpin levels, which may vary in 

time across the day. However, not all studies strictly standardize the venipuncture times.

Complex Etiology

Obesity has complicated etiology. Locus and allelic heterogeneity, gene-gene or 

gene-environment interactions, variable allelic effects and pleiotropy may pose special 

challenges. Thus, a well-designed study with sufficient power and high data quality, 

while improving the chance o f gene discovery, does not always guarantee success. For 

instance, despite the evidence that genetic factors play a role in obesity and the increasing 

number o f obesity genes identified, little is known about the role o f genes in the response 

o f obesity phenotypes to alterations in energy balance or diet composition. This is 

especially true for dietary fat, which is known to be associated with obesity at a 

population level.

Genetic heterogeneity and interaction are among the most complex and 

perplexing aspects o f genetic studies. Genetic heterogeneity and interaction, if  existent 

but not accounted for, may interfere with the detection o f significant effects and specific 

genes, because the effects of a gene depend on the specific background of other genetic 

and environmental factors. Major sources of heterogeneity include allelic heterogeneity, 

parent o f origin (imprinting), sample (including pedigree and ethnicity) heterogeneity and 

age and gender heterogeneity. Two strategies in dealing with heterogeneity and/or 

interactions have been commonly used: (1) to model interaction terms directly as product 

or other appropriate forms in multivariate analyses as covariates. Their significance can 

be examined by testing for significance of the interaction terms; (2) to stratify the sample
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into subgroups by potential sources o f heterogeneity (e.g., subgroups o f pedigrees or 

genders or age groups) and interaction, and then apply the analyses to each subgroup. 

However, an issue usually ignored is that such approaches require even larger sample 

sizes to ensure that individual subgroups retain adequate power. Other methods aimed at 

addressing heterogeneity and interactions are also available (160). It seems that no 

individual method can be superior in all respects for the range of complicating factors.

Candidate Gene Association Studies

Association depends on the presence of linkage disequilibrium (LD) among genes 

or markers in adjacent genomic locations and, thus, variation in LD patterns and 

population stratification could pose special problems. Moreover, factors (such as low 

power, high genotyping error rate, genetic heterogeneity, interactions, small genetic 

effects and pleiotropy, etc.) that affect linkage studies could have the same impacts on 

association studies.

Power

In addition to sample size, the power of an association study can be affected by 

many other factors, such as the extent and degree of LD between the tested marker and 

causal variant, and allele frequency difference between them (81,161). Any o f these 

conditions can individually or interactively affect the power o f a study, as shown below.

Sample size
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It is believed that most o f the individual genetic determinants o f obesity have 

modest effects (e.g., h <10% for QTLs; odds ratio [OR] < 2 for dichotomous traits). 

Considering the modest effects as such, large sample sizes are generally required.

Since most of the current association studies on obesity have employed the 

conventional population-based association analyses, I calculated the sample sizes 

required to achieve 80% of power for a population-based association study (shown in 

Figure 4-2). It can be seen that under an ideal situation when the tested marker is the QTL 

itself, at least 500 random subjects are needed to reliably detect a QTL having 5% of the 

genetic effect (and even larger sample sizes in the case o f a smaller effect). In practice, 

further reduction in power can be introduced by allele frequency difference between 

marker and causal variant as well as decay of LD between them. However, by surveying 

the literature, I found that among hundreds o f the published candidate gene association 

studies on obesity by 2004, a large portion (> 60%) did not meet this requirement (shown 

in Figure 4-3).

Indeed, the merits of large sample sizes have been shown in testing association 

between the PPAR-y gene and type 2 diabetes. The common PPAR-y Prol2Ala 

polymorphism was associated with type 2 diabetes in a Japanese population (162), but 

four subsequent studies could not replicate the association (163-166). When combining 

data from all published studies (167), PPAR-y again emerged with statistical significance, 

confirming the original study instead o f refuting it. Moreover, an independent study with 

over 3,000 subjects confirmed this association -  a modest (1.25-fold) but significant 

increase in diabetes risk associated with the more common proline allele (167). This 

example also highlights the value of pursuing genetic effects of small size.
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Figure 4-2. Sample sizes (n) required to detect a QTL with 

80% power for population-based association studies.

Simulation was performed in 10,000 replicates at significance 

level o f 0.001. For simplicity, I assume the following ideal 

conditions: the tested marker is the QTL itself; the QTL is under 

additive inheritance; the QTL accounts for 2% or 5% of 

phenotypic variation; and allele frequency (f) of the QTL is 0.05 

or 0.20.
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Figure 4-3. Sample size distribution of candidate gene association 

studies on obesity-related phenotypes by the year 2004. The data 

summarized in this figure were obtained by systematic search through 

PubMed. The key words such as “obesity”, “BMI”, “fat”, 

“polymorphisms”, “association” etc. were used in the search. After 

scrutiny of all searched publications, I only included those studies 

focusing on genetics of obesity and related traits.



LD patterns and haploytpe structure o f the gene o f interest

Until recently, most obesity candidate gene studies explored only one or a small 

number o f variants within or nearby the genes o f interest. Most o f the polymorphisms 

were examined simply because they were the only ones that were identified previously or 

because they were easier to genotype than other polymorphisms. An example is with the 

PPAR-y gene (spanning ~ 150kb), in which the majority of studies have focused on a 

common missense variant, Prol2AIa. An apparent problem with this strategy is the risk 

o f missing other potential functional variants. In association studies, there are good 

reasons to believe that the actual causal allele may not be genotyped but is located near 

an otherwise anonymous marker that is genotyped and in LD with the causal variant. This 

‘indirect’ association is often the case for common complex diseases/traits, wherein 

strong hypotheses about the role of specific variants are generally not available.

Current data have shown that the existence and the degree o f LD vary greatly 

across the human genome and in different populations. The human genome can be 

portrayed as a series o f high LD regions separated by short discrete segments o f low LD. 

(44,168,169). Those high LD regions, termed as ‘haplotype blocks’, exhibit limited 

haplotype diversity so that a small fraction of variants (i.e. haplotype tagging SNPs, 

htSNPs) can distinguish most of haplotypes in a population (44,168,169). In contrast, low 

LD regions can only be characterized adequately by typing highly dense markers. 

Because o f the variation in LD pattern in the human genome, testing one or a few limited 

markers almost certainly cannot thoroughly examine the importance of a candidate gene, 

especially when the gene stretches over a relatively large genomic region.
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Since LD depends on population history, studies in different populations might 

have different findings for the same gene. Recent studies have suggested that complete 

resolution o f common haplotypes and block structure are highly dependent on SNP 

density (170), and very dense marker sets (~lSNP/kb) would be required to yield a stable 

view o f the fine-scale pattern o f LD in the human genome (171). Hence, without prior 

knowledge o f the complete genetic variation within the candidate gene or o f the structure 

o f LD in the region, studies centered on only a few markers are prone to 

inconsistent/inconclusive results.

Allele frequency difference

For association studies, not only the frequency of the causal variant but also the 

marker allele frequency can influence the likelihood of detecting association. The 

premise that an ‘indirect’ association study based upon is that the markers being tested 

are probably not those o f the causal variants. So it is the marker allele frequency -  not 

just those o f causal variants -  that influences the likelihood of detecting association. 

Here, I describe how these features (i.e., marker and causal variant allele frequencies, and 

LD strength) can be considered together if, instead of treating power, sample size and 

study design in terms of the effect size of an unidentified QTL, I consider them in terms 

o f the effect size o f the marker— some properties of which we can estimate. Assuming a 

quantitative trait, I describe this cumulative effect as ‘marker effect size’. I show how to 

predict the maker effect size on the basis of these parameters and how different values of 

them affect the power o f detecting association (see Appendix for detailed description).
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I assume a diallelie QTL (Q/q) and a diallelie marker (M/m), with frequencies 

written as Pq Pq PM, and Pm, respectively. In addition, I assume that the LD between the 

marker and the QTL, in terms o f D', is from 0.1 to 1.0. Given the QTL effect size and 

allele frequencies o f the QTL and marker, I can calculate the ‘apparent’ effect size, i.e., 

marker effect size. In Figure 4-4, assuming a simple condition (that is, the additive 

model), I show how these parameters influence the measured marker effect size. It is 

clear that for any allele frequency of the causal variants, the power of an association 

study is greatest when the allele frequencies of the marker and the QTL match. 

Discrepancies in the frequencies of marker and QTL alleles may reduce power, with the 

magnitude of the reduction increasing as the amount o f discrepancy increases. When 

marker and causal variant allele frequencies match, the apparent effect size, i.e., marker 

effect size, is approximately proportional to the true effect size (i.e., QTL effect size) 

multiplied by the D' value between the two loci (see Figure 4-4).

For obesity candidate genes, allele frequencies of both the markers and casual 

variants and the strength of LD could vary considerably by ethnicity and country of 

origin (172,173). Thus, such variation may, at least in part, result in the observed lack of 

replication across different national and ethnic groups, which is actually unexpected. On 

the other hand, it is rational to desire largely reproducible results across studies in 

populations o f the same or similar ethnic background, if allele frequencies o f either 

markers or causal variants do not vary much within the same or similar ethnic groups.

It should be noted that, while some gene mutations could cause a specific disease, 

the systematic exploration of the gene polymorphisms and disease-related phenotypes in 

the general population did not find significant association. For example, MC4R mutations
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have been associated with early onset and severe obesity; however, MC4R 

polymorphisms do not likely contribute to variation in obesity phenotypes in the general 

population. This situation does not dispute the importance of the gene on development of 

adiposity. This is because, while these genes may have large effects in specific families, 

the allele frequencies in the general population are quite low. Thus, the ‘inconsistent’ 

results do not necessarily conflict; they actually reflect different aspects of the gene.

Population Stratification

Population stratification could cause spurious association outcomes, not only false 

positive results but also false-negative results (40). Although the actual impact of 

population stratification on association studies has been a matter of some debate 

(174,175), studies have shown that modest amounts o f stratification can exist even in 

well-designed studies (176,177). In response to this consideration, I surveyed the genetic 

studies on BMI reported in 2004 and found that the majority did not assess or control this 

potential confounding.

The family-based TDT, by examining the transmission of alleles from parents to 

offspring, can completely obviate concerns about population stratification. A limitation 

with the TDT is its reliance on heterozygous parents, which may throw away some 

genotype information and, thus, application of the TDT generally requires relatively large 

sample sizes. With the recent extension of this method, this limitation has been somewhat 

alleviated (178,179). Other robust methods, such as Genomic Control (GC) (180) and 

structured association (SA) (181), have been proposed. These methods are suitable for 

population-based association studies and merit further application and development. But
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practical application o f either GC or SA is not without caveats. For example, GC is based 

on an assumption that the impact o f substructure, both in terms of variance and bias, is 

constant across the genome. SA requires two conditions: the primary source of 

confounding must be due to population substructure, and the marker data must be 

sufficiently powerful to infer the number o f subpopulations within the populations. 

Violation of any of these assumptions may bring thorny issues. Hence, when employing 

these unbiased methods to test association, no matter whether family-based or 

population-based, the above mentioned issues should be taken into consideration.

Multiple testing

In obesity association studies, it is common practice that multiple genetic markers 

and/or phenotypes are tested. Also, association studies may analyze the sample 

repeatedly for different sub-phenotypes (e.g., BMI, fat mass, PFM, etc.). Thus, multiple 

testing may create a substantial risk of false positive results (Type I error). In these 

situations, the classic nominal significance-threshold frameworks (P < 0.05) is not always 

appropriate. For instance, if 100 independent markers are tested using 0.05 significance 

without correction for multiple testing, there is a 99% chance that at least one type I error 

will be made assuming all null hypotheses are true and all tests are independent.

Despite this, the issue of multiple testing has been ignored in many studies. After 

a survey of the hundreds of published candidate gene association studies for obesity, I 

found that most o f them did not take into account of this issue. Some researchers even 

indicated that the most likely reason for non-replication of association studies is false 

positive results by chance in the initial study, and the chances of a false positive result are 

exacerbated by the fact that statistical tests for multiple loci are assessed in each study
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and only the positive results are reported (182). With a large amount o f SNP markers 

available for testing, extremely careful consideration o f significance levels should be 

given. Finally, it should be noted that the p  value, as a statistical index o f declaring 

significance, should be treated quantitatively instead of qualitatively. Judicious 

justification o f the significance o f a specific variant on obesity should be based on both 

the statistical evidence and its biological relevance.

Concluding Remarks

It has proven difficult to disentangle the genetic basis of obesity, due to the 

inherent complicated nature of etiology. This has, at least partially, resulted in lack of 

replication across studies. On the other hand, poor study designs (such as small sample 

sizes, ignoring potential confounding and bias and inappropriate interpretation o f results) 

contribute to the situation. Hence, before initiating a gene-identification study for obesity, 

serious consideration should be given to study designs to ensure reliable and reproducible 

results. Finally, I want to emphasize that, compared to some conventional disciplines of 

biology, the field is still in its infancy, with much room for improvement. The thought 

that the linkage and association strategies are futile might be prematurely pessimistic.
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APPENDIX

How marker effect size is determined by QTL effect size, marker allele frequency 

and QTL allele frequency, and extent of linkage disequilibrium between a marker

and a QTL

For simple demonstration, 1 consider a diallelic QTL (Q/q) and a diallelic marker 

locus (M/m), with allele frequencies written as Pqi Pq PM, and Pm, respectively. There are 

a total of four haplotypes defined by the QTL and the marker: MQ, Mq, mQ, and mq, with 

haplotype frequency denoted as Pmq, P/Wq, PmQ, and Pmq. I assume that the linkage 

disequilibrium (LD) between the marker and the QTL, in terms of D’, is from 0.1 to 1.0. 

The frequencies o f the four haplotypes can be calculated as:

Pmq = PMPm + D ; PMq = PMPq -  D ; PmQ = PmPQ - D \  Pmq= PmPq + D (A l)

For the diallelic QTL (Q/q), I denote the genotype value as -a, ka, +a for genotype 

qq, Qq, and QQ, respectively, where 2a represents the difference between the mean 

phenotypes o f qq and QQ, and k provides a measuring of dominance (22). Allele Q and q 

behave in a completely additive fashion when k=0, whereas k=+1 implies complete 

dominance of the q allele, and k=-1 implies complete dominance o f the Q allele. Then, 

for the nearby diallelic marker locus (M/m), genotypic value o f MM, mm, and Mm can be 

calculated as:

-P ,)+2D]+2ak[2PMP.PeP,-{Pq -P,XP» - P.)D -2D 2}/p„ 2

M .. = -  P , ) - 2B]+ 2ak[2Pu PmPeP„ + (pQ -  pq\ p u -  P ,)D  + 2 D 2} / P u 2
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Mu„ = [2a\pu P.(pQ-P ,) -D (P u -P„)]+iak\2P„PmP!lPq+ (pQ -  P ,\P U -  P jD +  2D'~\)/2Pu Pn,
(A2)

And the population mean (ju) of the marker can be calculated as:

M = PuMum + 2PMPmMMm + Pm^Mm = 4aPMPm(Pq -  Pq)+UaPKiPmPQP (A3)

Then the phenotypic variance (Vmarker) attributable to the marker, i.e., the marker 

effect size, is:

VMarker =  PM t~L MM +  +  P,n M,n,n ~  ^  ( A 4 )

Given the QTL effect size and allele frequencies of the QTL and marker, the 

marker effect size for any markers can be derived from the above formulas.
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CHAPTER 5

Future Directions
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The genomic regions identified in the genome-wide linkage scan studies are large, 

encompassing -20-30 cM, or approximately -20-30 megabases o f DNA sequences, 

which is expensive and impractical for physical mapping. In the future, fine mapping 

those regions to a small interval (~ 1-2 cM) is an essential step to identify more causal 

gene(s). Fine mapping will involve the following steps:

1) Saturation linkage mapping

I will investigate the significant genomic regions o f by genotyping additional 

microsatellite markers and/or families (38,183), to narrow down the linked regions to 

~10cM.

In this case, a set of dense markers in linkage regions will be genotyped to 

maximize the genetic information extracted from the available families and thus will 

increase the LOD scores (184). Results from both theoretical and empirical studies have 

demonstrated that saturation linkage mapping with dense markers and/or additional 

families may significantly increases the LOD scores and decreases the 1-LOD support 

interval (equivalent to 95% confident interval) to -10  cM (185-187). However, linkage 

analyses alone can rarely further narrow candidate regions beyond this level, due to the 

lack o f a sufficient number of meioses in pedigrees o f a few generations to detect 

recombination events between closely located loci under complex polygenic inheritance. 

To further narrow down a candidate region to a smaller segment, I will need to use 

regional linkage disequilibrium (LD) mapping.

2) Linkage disequilibrium mapping
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Linkage disequilibrium (LD) mapping exploits the consequences of 

recombinations that occurred between a mutation and a marker in previous generations in 

a population history, therefore could provide much higher resolution than linkage 

analyses (30). There are two commonly used regional LD mapping strategies (37): 1) The 

positional candidate approach examines specific genes or variants on the basis of 

potential functional importance; 2) The positional cloning approach selects markers, 

based on their proximity to one another, for evaluation in a chromosome region. By 

examining dense markers across a chromosome region of known linkage, I will see 

variations in the strength of associations between these markers and the phenotype, 

enabling causative gene(s) to be mapped (37). In this scenario, both population-based 

association and TDT will be applied.

The LD mapping requires the existence of LD of adjacent genes (or markers with 

functional variants) and a much denser distribution o f genetic markers as compared with 

linkage studies (39). The existence and the degree of LD in humans vary in different 

populations and different genomic regions. The genome has been portrayed as a series of 

high LD regions separated by short discrete segments of low LD (168). Those high LD 

regions, termed as ‘haplotype blocks’ (168), exhibit limited haplotype diversity so that a 

small number o f distinct haplotypes account for most o f the chromosomes in a 

population. Within haplotype blocks, allelic dependence yields redundancy among 

markers and improves the chances of detecting association when only a fraction o f the 

markers (i.e. htSNPs) is tested (37). In contrast, low LD regions can only be characterized 

adequately by typing highly dense markers. Haplotype blocks can range from a few kb to 

more than 100 kb and may cover >50% of the human genome (37).
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Examples of gene identification via linkage mapping, fine mapping and positional 

cloning may include the GAD2 and SLC6A14 genes for obesity (188,189), the calpain-10 

gene for type 2 diabetes (113), the IBD5 and NOD2 genes for inflammatory bowel 

disease (46,190,191), the PHF11 and DPP10 genes for asthma (84,192), the PTC gene for 

taste sensitivity to phenylthiocarbamide (193). Recently, deCODE Genetics has 

successfully identified genes underlying risk of several human diseases, including 

neuregulin 1 for schizophrenia (194), 5-lipoxygenase activating protein for myocardial 

infarction and stroke (195), phoephodiestease 4D for ischemic stroke (196), and BMP2 

for osteoporosis (197).While the definitive biological evidence of these discovered 

genetic variants needs to be confirmed by functional studies, these successful examples 

demonstrate that the approach of fine mapping and positional cloning is becoming mature 

and solid.

More recently, whole-genome association mapping is promising and becoming 

increasingly feasible due to the rapid progress in SNP identification and high-throughput 

and inexpensive genotyping technology (39,198). Genome-wide association mapping 

using case-control or family-based design can be powerful and may yield a finer map 

resolution. However, its practical utilization is still a daunting task, because the 

appropriate selection o f SNPs and marker density remains to be comprehensively defined 

for practical applications. The International collaborative effort such as the Haplotype 

Mapping project (“HapMap”, http://hapmap.cshl.org/) -  a genome-wide catalogue of 

common patterns o f SNPs and haplotype blocks in multiple human populations (199) is 

underway. With the completion of the HapMap project, the search for causative variants 

through whole-genome association mapping may be facilitated, if  the underlying
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hypothesis (common disease - common variants) is correct, and if  the SNP marker 

density can be further improved, etc.

Finally, the genetic variants identified in the linkage scan and association studies 

will be subject to further in vitro functional analyses and clinical studies to define the 

precise contribution to human obesity.
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GLOSSARY

Allelic heterogeneity: The same phenotypic outcome can be caused by different variants 
within the same gene. For example, vitamin D-dependent rickets type IIA could result 
from any of eight different mutations in the vitamin D receptor (VDR) gene.

Association analysis: Population-based or family-based genetic studies that examine 
whether an allele o f a certain gene or marker co-occurs with a phenotype (eg, a disease) 
at a significantly higher rate than predicted by chance alone.

centiMorgans (cM): Genetic distance is usually reported in units o f Morgans or as 
centiMorgans (cM), where lcM  = 1% chance recombination at each meiosis.

Complex trait/disease: A measured phenotype, such as disease status or a quantitative 
character, which is influenced by many environmental and genetic factors, and 
potentially by interactions among them.

Gene-gene interaction (i.e. Epistasis): A form gene interaction whereby one gene 
masks or interferes with the phenotypic expression of one or more genes at other loci.

Gene-environment interaction: A phenomenon whereby an individual’s genotype 
interacts with environment factors to determine his/her risk o f disease.

Genetic heterogeneity: includes allelic heterogeneity and locus heterogeneity.

Genomic control: A method to assess population stratification by using the independent 
marker loci to adjust the distribution of a standard test statistic.

Haplotype: A combination o f alleles at different sites on a single chromosome.

Haplotype block: A chromosome region with high LD and low haplotype diversity. 
Within each block, there is little or no evidence for recombination and only a small 
number o f distinct haplotypes (compared with all combinations of the various alleles) is 
present in the population.
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Haplotype tagging: the concept that most of the haplotype structure in a haplotype block 
can be captured by genotyping a smaller number o f markers than all o f those that 
constitute the haplotypes. These crucial SNP markers to type are so called haplotype- 
tagging SNPs.

Heritability (It2): The proportion o f the phenotypic variance due to genetic variance. It 
reflects the degree to which the phenotype is inherited.

Identical by descent (IBD): Two alleles are identical by descent if  both are descended 
from the same allele in a common ancestor.

Linkage: Connection between two loci, where the two loci are close enough on the same 
chromosome that their alleles cosegregate.

Linkage disequilibrium (LD): Two loci that are in LD are inherited together more often 
than would be expected by chance. LD depends heavily on population history.

Locus (pi. loci): A chromosomal location.

Locus heterogeneity: The same phenotypic outcome can be caused by variants at 
different genetic loci. For example, alleles at both the BRCA1 and BRCA2 locus can 
increase susceptibility to breast cancer.

IYlierosatellite: A class of repetitive DNA sequences that are made of tandemly 
organized repeats that are 2-8 nucleotides in length. They can be highly polymorphic and 
are frequently used as markers in genetic studies.

Multi-point linkage analysis: It tests several markers (e.g. all markers on the same 
chromosome) at the same time to produce a probability based linkage map. The area with 
the highest LOD score is the place to look in more details for the disease gene. The power 
is increased because more families are informative and the analysis of several markers 
simultaneously allows a better mapping of the disease.

Penetrance: The probability o f an individual expresses the character o f a trait/disease in 
the phenotype, given that he/she has a certain genotype. If the phenotype is always 
expressed in the presence of the genotype, the genotype is completely penetrant. If it is 
not always expressed, it is incompletely penetrant.
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Pleiotropy: A genetic variant can affect more than one trait.

Population stratification: The presence o f multiple subgroups with different allele 
frequencies within a population. The different underlying allele frequencies in sampled 
subgroups might be independent of the disease within each group, and they can lead to 
false positive or false negative results in association studies.

Power: The power of a statistical test is the probability that the test will correctly reject 
the null hypothesis when it is false. The higher the power, the greater the chance of 
obtaining a statistical significant result when the null hypothesis is false.

Quantitative Trait Loci (QTL): Genetic loci that contribute to variations o f quantitative 
phenotypes.

Single nucleotide polymorphism (SNP): DNA sequence variation due to change in a 
single nucleotide.

Structured association: A method to infer the details o f population structure to testing 
for association.

Transmission disequilibrium test (TDT): A method o f detecting genetic association 
that avoids problems of population stratification. The transmission o f alleles from 
heterozygous parents to affected offspring is compared to the expecte 1:1 ratio.

Type I error: The probability of rejecting the null hypothesis when it is true. For 
association or linkage studies, type I errors are manifest as false-positive reports.

Two-point linkage analysis: It tests linkage between the trait and each marker locus 
separately.
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