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Complex diseases constitute a class of disorders whose phenotypic variance is 

caused by the interplay of multiple genetic and environmental factors. Diabetes, 

hypertension, coronary artery disease, and Alzheimer's disease are a few examples of 

such diseases. Because complex disorders are of great public health importance and 

impose a lot of burden on patients and society, analyzing the complexity underlying their 

genetic architecture may help develop more efficient diagnostic tests and therapeutic 

protocols.  

In recent years, genome-wide association study (GWAS) has become the 

method of choice in genetic dissection of complex diseases. However, despite the 

continuous advances in revealing the genetic basis of many of complex diseases using 

GWAS, a major proportion of their genetic variance has remained unexplained, in part 

because GWAS is unable to reliably detect small individual risk contributions and to 

capture the underlying genetic heterogeneity and the interactions existing among 

genetic factors.  
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In this study, I describe an innovative hypothesis-based method, called the 

Knowledge-based Association Studies (KBAS), to analyze the association between 

multiple genetic factors and a complex phenotype. Starting from sets of markers 

selected based on preexisting biological knowledge, the KBAS method generates multi-

marker models relevant to the biological process underlying a complex trait for which 

genotype data is available. I also present the results obtained by testing the applicability 

of the KBAS method to large-scale genotyping datasets using the Wellcome Trust 

Case-Control Consortium (WTCCC) dataset. Analyzing a number of biological 

pathways, the method was able to identify several immune system related multi-SNP 

models significantly associated with Rheumatoid Arthritis (RA) and Crohn's disease 

(CD). RA-associated multi-SNP models were also replicated in an independent case-

control dataset. Finally, I introduce a freely available software tool that implements the 

KBAS method. 

The method I present provides a framework for performing genome-wide 

association analysis in situations in which combinations of genetic factors jointly 

contribute to the genetic variance of a trait of interest, as is often the case in complex 

diseases. In contrast to hypothesis-free approaches, the results obtained by employing 

the KBAS method can be given a direct biological interpretation. 
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CHAPTER 1 
PURPOSE AND SIGNIFICANCE OF THE STUDY  

The study of genotype-phenotype relationship in complex disorders represents a 

great challenge in the field of translational genetics, due to the importance from a public 

health perspective and to the difficulties involved in the analysis of their genetic 

architecture [1,2]. In contrast to monogenic traits, the phenotypic variance of complex 

traits is caused by the interplay of multiple genetic and environmental factors [3–6], 

which limits the applicability of the traditional approaches used for mapping of 

Mendelian traits [1–3,6–8]. 

Genome-Wide Association Study (GWAS), a powerful method for the large scale 

analysis of genotype-phenotype relationships is currently the method of choice for 

dissecting the genetic basis of complex diseases [7,9,10]. A large number of disorders 

such as cardiovascular disorders, Crohn’s disease, rheumatologic disorders, diabetes, 

bipolar disorder, schizophrenia and human malignancies, have thus far been studied 

with this approach leading to the detection of many previously undetected contributing 

loci (for example [1,11–14]). However, despite the very large number of markers that 

can be genotyped using currently available array-based SNP genotyping platforms (up 

to one million SNP genotypes per run) [15], in most cases GWAS analyses have so far 

shown limited success in explaining a considerable proportion of genetic variance of 

complex diseases [7,10,16]. This is in part due to the nature of complex diseases, and 

in part due to limitations which are inherent to the current analytical framework 

employed to analyze and interpret the obtained data [17–19]. 

To start, most of the susceptibility loci so far discovered by GWAS carry small 

predisposing risk [4,7] and it has been hypothesized that the genetic variance of 
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complex diseases may be largely due to the joint contribution of multiple susceptibility 

loci having small individual effects [16,20,21]. Detecting such infinitesimal contributions 

is difficult, especially when the predisposing allele is rare or the sample size is not 

sufficiently large [2,3]. Also, the very large number of markers under investigation raises 

the issue of multiple testing, making it harder to reliably detect a small association signal 

[15]. This is also true in the case of rare variants with major phenotypic effects, as put 

forward by the complex disease-rare variants notion [16]. Moreover, the genetic 

architecture of a complex disease may include epistatic effects among interacting loci 

[22,23], and effects related to gene-environment interactions [24]. Statistical methods 

that analyze SNPs individually are unable to address such complex effects. Although 

current regression-based methods have enough power to analyze some low-order 

interactions (e.g. - quadratic or cubic terms), provided that the corresponding simple 

terms have significant main effects, they are unable to explore all potential combinations 

of markers because as the number of factors under analysis increases linearly, the 

number of their combinations grows exponentially, resulting in a computationally 

intractable situation [17,18]. The issues of sparsity of data, overfitting and multiple 

testing may also impose additional hurdles in such cases [17]. 

A further weakness of current analytical methods is that they analyze genome-

scale datasets without necessarily taking the existing biological knowledge about the 

trait of interest into account. It has been suggested that using prior knowledge can help 

reduce the dimensionality of large scale datasets, and may guide the process of 

extracting biologically meaningful results in a more effective manner [18,25,26]. 

Pathway-based association studies represent an example of the integration of biological 



 

21 

knowledge with statistical data analysis, and have recently drawn attention as an 

alternative to hypothesis-free methods (for example [27–29]). 

However, despite the fact that the limitations of classical GWAS in the context of 

complex diseases are increasingly being recognized and that pathway-based 

association studies are receiving growing attention, there is still no optimal approach 

able to overcome the above described challenges and provide a comprehensive 

interpretation of genome-scale data. The work presented here focuses on developing 

an innovative hypothesis-based analysis method that combines a non-deterministic 

computational approach to the analysis of large-scale genotype datasets with 

preexisting biological and biomedical knowledge in order to increase our understanding 

of the genetic basis of complex disorders. My specific aims are as follows:   

1. Develop a new hypothesis-based method for the analysis of genome-wide 
association studies (GWAS) which has the ability to capture joint effects and 
interactions of genetic factors. 

2. Apply the developed method on independent datasets in order to demonstrate its 
general applicability.   

3. Implement a user-friendly software package which provides the research 
community with opportunity to use the developed method in their projects. 

In the following sections I provide a detailed description of this method, called KBAS 

(Knowledge-Based Association Study), and present its application to large-scale 

genotyping datasets for Rheumatoid Arthritis (RA) and Crohn's disease (CD). I will use 

these examples to show how this method can be used to compare alternative 

hypotheses about the disease of interest which in turn can lead to new insights into the 

genetic structure of the complex disease under consideration. I also present the results 

of a replication study, in which the significant findings obtained on RA were validated 
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through an independent dataset. Finally, I introduce a freely available software tool that 

implements the KBAS method. 

Since complex disorders are widespread and important from the public health 

perspective, dissecting their genetic architecture and reconstructing the integrated 

networks of factors underlying their pathogenesis may help develop more specific and 

sensitive screening and diagnostic tests and more efficient therapeutic targets [1,18]. 

This in turn may lead to reducing the morbidity and mortality of these diseases [1], 

consequently decreasing the burden imposed on patients and society. I believe that the 

KBAS method will represent an advance in this direction, and will help increase our 

understanding of the genetic basis of complex disorders. 
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CHAPTER 2 
LITERATURE REVIEW 

One hundred forty seven years after the particulate theory of genetic material 

was introduced by Gregor Mendel [3], and despite of the continuous advances in the 

theoretical concepts and experimental technology and analytical methods which have 

dramatically changed the paradigm of research in the field of genetics and genomics, 

the study of genotype-phenotype relationship in complex traits still represents a great 

challenge due to the difficulties involved in the analysis of their genetic architecture 

[2,6,17,18]. 

Complex diseases constitute a broad class of important human disorders [24] 

whose phenotypic variance (Vp) is caused by the interplay of multiple genetic and 

environmental factors. This can be described by the following: 

 

  (2-1) 
 

Where VG refers to the proportion of the phenotypic variance caused by the genetic 

factors, also called genetic variance, and VE refers to the proportion of the phenotypic 

variance caused by the environmental factors, also called environmental variance. VG,E 

refers to the interactions between genetic and environmental factors in cases where the 

environment modulates the phenotypic effects of genetic factors, and COVG,E refers to 

the covariance of genetic and environmental factors when the genetic effect is 

confounded by environmental factors [30,31]. For example, individuals with higher 

Intelligence quotient (IQ) match themselves with stimulating environments which in turn 

V P= V G+V E+V G, E+COV G , E
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can affect IQ [32]. Since estimating the COVG,E and VG,E is difficult, a more simplified 

formula containing only the first two components is  usually considered. However, 

ignoring these two terms may result in the inflation of estimates of genetic variance and 

environmental variance respectively [30,31]. 

The genetic variance can itself be broken down into the variances contributed by 

the additive genetic variance (VA), and the non-additive genetic variance including the 

dominance genetic variance (VD) and the epistatic genetic variance (VI) [3,6,30,31]. 

 

 V G= V A+ V D+ V I  (2-2) 
 

The additive genetic variance (VA) is defined as the average phenotypic effect 

contributed by the additive allelic effect at a locus. It measures the average phenotypic 

effects resulting from substitution of one allele by the other if a series of transitions from 

wild-type homozygote (AA) to heterozygote (Aa) and then mutant homozygote (aa) 

genotypes is considered. The additive effect of multiple loci is the sum of their individual 

additive effects. The dominance genetic variance (VD) arises from the interaction 

existing between the alleles within a locus. It measures whether the average phenotypic 

value of heterozygote genotype is closer to that of either homozygote genotypes [30]. 

The epistatic genetic variance (VI) arises from the interactions existing among different 

genetic factors, either genotypic or epigenetic factors [33], which can modify the 

individual phenotypic effects of corresponding factors [34,35]. 

For a particular bi-allelic locus (e.g. alleles A and a with respective frequencies of 

p and q), the additive genetic variance (VA ) and the dominance genetic variance (VD) 
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are a function of allele frequencies, the difference between the mean of phenotypic 

values of subjects with the two homozygote genotypes (t), and the degree of dominance 

effect existing between the two alleles (d), as described by the two following formulas 

[3]: 

 
V A= 2pqt2[ p (1− d )+ qd ]2

 (2-3) 
 

 
V D= p2 q2 t2(d− 0.5)2

 (2-4) 
 

Complex diseases constitute an important and extensive class of human 

diseases and are major cause of morbidity and mortality in the world [24]. Complex 

diseases represent a stochastic mode of inheritance [4] in that the transmission of 

proven risk alleles from parent to offspring does not necessarily result in the disease 

development. For example, although more than 90% of European patients affected with 

ankylosing spondylitis harbor the allele HLA-B27, which accounts for around 40% of the 

disease risk, only 5% of those with HLA-B27 are affected by the disease [36].  Note that 

although the terms complex diseases and polygenic diseases are usually used in the 

literature to imply the same meaning, the concept of polygenic refers to the infinitesimal 

effects of a large number of variants collectively giving rise to a phenotype [4], as is put 

forth by the infinitesimal model as one of the potential underlying mechanisms of 

complex diseases [16]. Because such infinitesimal effects are not the only contributors 

to the genetic architecture of complex diseases, the term complex disease is in fact an 

umbrella term encompassing a wide spectrum of potential underlying mechanisms 

including, but not limited to, the polygenic mechanism [4]. 
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Human malignancies, type 1 and 2 diabetes, rheumatoid arthritis, Crohn's 

disease, hypertension, coronary artery disease, multiple sclerosis, Alzheimer's disease, 

autism, bipolar disorder and schizophrenia are just a few examples of the long list of 

complex diseases [1,6,37], as opposed to monogenic Mendelian diseases such as 

cystic fibrosis, thalassemia, phenylketonuria, Marfan syndrome, fragile X syndrome, and 

Duchenne muscular dystrophy [6,37]. There are also forms of complex diseases 

showing near-Mendelian inheritance such as breast cancer due to mutations in BRCA1 

and BRCA2 genes [38–42], early-onset Alzheimer's disease [43–45], and Maturity-onset 

diabetes of the young (MODY) [46,47]. The Online Mendelian Inheritance in Man 

(OMIM) database [48] (http://www.ncbi.nlm.nih.gov/omim/) provides a comprehensive 

repository of updated information about the various aspects of phenotype-genotype 

relationships in Mendelian disorders and complex diseases. In the following sections, 

different aspects of complex diseases are discussed in further details. 

A Historical Review 

The laws of inheritance of genetic material inferred by Gregor Mendel provided a 

theoretical framework with practical application in the genetic analysis of many traits, 

known as monogenic or Mendelian traits, at the turn of the 20th century [3,49]. 

Pioneered by William Bateson, Reginald C. Punnett, Hugo M. de Vries, and Archibald 

E. Garrod, geneticists adhering to the Mendelian school of thought focused their 

endeavors to explore the genetic basis of traits with discrete phenotypic classes. Garrod 

was the first who used Mendel's law of inheritance to investigate the genetic basis of 

human diseases [3,49]. Through the analysis of pedigrees of multiple families with 

subjects affected by alkaptonuria, he postulated that disrupted metabolism of alkapton 

http://www.ncbi.nlm.nih.gov/omim/


 

27 

due to an enzyme deficiency with recessive mode of inheritance underlies the disease 

pathogenesis [50]. Later, he extended his postulate to other “inborn errors of 

metabolism” such as cystinuria, pentosuria, and albinism which along with the 

alkaptonuria are called Garrod's tetrad [51,52]. The efforts in mapping of Mendelian 

diseases have been very productive since then, and currently hundreds of such human 

diseases have been mapped by linkage analysis [6,49] and the corresponding genes 

have been cloned [6]. The genetic variance of Mendelian diseases is caused by rare 

mutant variants with very large phenotypic effect sizes (e.g. odds ratios greater than 

100 [49]) and of high penetrance [53]. In other words considering formulas 2-3 and 2-4, 

Mendelian disorders are caused by variants with very small allele frequencies (q) whose 

mean phenotypic values in homozygous state are considerably different from values 

resulting from normal homozygous state (very large t) [3]. It is however noteworthy that 

although Mendelian diseases are classified as single-gene disorders, the impact of 

disease-causing mutations are not the only determinants of the impaired phenotype 

[22]. Instead clinical manifestations can be modulated through the effects of modifier 

genes so that patients with mutation in the same gene may have different symptoms 

[35,54–59]. For example, the severity of cognitive and metabolic manifestations of 

phenylketonuria is not solely determined by the presence of mutations in the PAH locus, 

as it can be influenced by variants affecting protein degradation or protein folding 

pathways such as mutants affecting chaperones or by the concurrent polymorphisms 

within or upstream of PAH [58]. As another example, cystic fibrosis patients (a 

Mendelian disease which is caused by mutation in CFTR gene) with concurrent loss-of-
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function mutations in the MBL gene or over expression of TGFb1 gene present with 

more severe respiratory symptoms. Also IFRD1, IL8 and EDNRA genes have been 

implicated in modulating respiratory symptoms of cystic fibrosis [54]. 

At the same time that particulate theory of genetic material spurred Mendelists to 

identify the genetic basis of hereditary traits, another group of scientists whose views 

adhered to the biometrical school of thought were not convinced by the theory [3,60]. 

Pioneered by Francis Galton and Karl Pearson, biometricists were interested in 

exploring the genetic basis of continuous traits [3,49]. Analyzing generational data 

obtained for a number of continuous traits (e.g. height, weight, intellectual caliber), 

Galton noticed that although such traits seemed to run in families, it is difficult to 

account for their genetic basis based on the Mendelian view of genetics [3,60].  Instead 

he believed the phenotypic variance of such traits seemed to be better explained 

through the blending theory of heredity [3,61], which assumes the phenotypic value of 

offspring as the average of those of the parents. Through conceiving and implementing 

statistical concepts such as correlation of variables, regression analysis and principal 

component analysis, pioneering biometricists seminally contributed to building an 

analytical infrastructure that later was widely implemented for the study of genetic 

variance of quantitative traits [49]. 

The heated debate between Mendelists and biometricists was resolved in the 

late 1910s when Ronald A. Fisher formulated his model to explain the genetic 

architecture of quantitative traits [3,6,20,49,60,62]. He was interested in determining 

how the genetic basis of traits with a continuous phenotypic distribution can be 
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explained by the independent segregation of alleles as considered by Mendelian 

principles of genetics [63]. Finally, he suggested that the different views of the two 

schools of thought arise from the different nature of traits studied by them; in contrast to 

monogenic traits, the phenotypic variance of quantitative traits results from contribution 

of multiple genetic factors, the inheritance of each of which follows Mendel's laws [62]. 

Indeed he suggested through assuming the simultaneous contribution of multiple loci to 

the development of a trait, Mendel's laws of inheritance still would be valid for explaining 

the genetic basis of quantitative characters [20]. Through his works, he also noted that 

the phenotypic variance of a quantitative trait is not necessarily determined by additive 

effects of underlying genetic factors. To explain such non-additive effects, he coined the 

term epistacy [60] in analogy with the term epistasis which had already been introduced 

by Bateson to point out a particular class of genetic interactions observed in double-

mutants [64]. Fisher also introduced the concept of variance and the analysis of 

variance for the first time [62,63,65] and established the groundwork for future 

investigations in the field of quantitative genetics [49]. Later, in the light of theoretical 

and experimental advances, the concept of quantitative trait loci (QTL) was introduced 

by John M. Thoday [66], and linkage mapping [67–71], QTL mapping [72], association 

studies [73–77] and physical mapping [78] were conceived and employed for the study 

of genetic basis of quantitative traits [49]. The theoretical and methodological advances 

along with implementing the concept of linkage disequilibrium (LD) for spotting causal 

variants contributing to the disease pathogenesis promoted the field of association 
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studies and paved the road towards the future development of genome-wide 

association studies (GWAS) [49]. 

The polygenic notion of quantitative traits implies that the phenotypic values of 

such traits, as the result of cumulative effects of multiple genetic factors, will have a 

Gaussian (normal) distribution in the population [6,20]. Assuming an additive model on 

the basis of co-dominant allelic relationships and additive inter-genic effects, as the 

number of genes contributing to a particular trait increases, the number of genotype and 

phenotype classes increases as well. For example, the numbers of genotype and 

phenotype classes are three and three for one gene, nine and five for two genes, 27 

and seven for three genes, respectively. With the increase in the number of contributing 

loci, and under the influence of non-additive genetic effects and environmental factors 

effects, the distribution of phenotypic values will tend towards a normal distribution [20]. 

To accommodate the polygenic notion of quantitative traits with complex 

diseases as medically important dichotomous traits (i.e. disease vs. healthy states), 

Douglas S. Falconer later conceived the idea of an underlying liability variable, a latent 

variable which in fact is the main determinant of the phenotypic state [6,30]. Therefore, 

as the “threshold-dependent” model of complex diseases put forth, if a subject's liability 

value, resulting from cumulative effects of his/her genetic composition and the 

environmental factors, exceeds the disease threshold, the corresponding pathologic 

phenotype will manifest [16,30]. 

The concept of liability has a direct implication in explaining the increased familial 

risk or population incidence. From a statistical point of view the higher incidence of a 
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particular disease in a population (or family) can be accounted for in the following ways: 

First, the mean of the liability distribution may be higher in a population with higher 

incidence than that in a population with lower incidence rate. In such cases, because 

the liability distribution demonstrates a shift to the right, more subjects will have a 

liability value beyond the disease threshold and manifest the symptoms related to the 

disease of interest. Second, the high-incidence population may have a liability 

distribution with an increased variance compared to the distribution of a low-incidence 

population. In such cases, although the means of the two groups are not much different, 

because the liability distribution in the high-incidence population demonstrates a heavy-

tailed distribution, liability values of more subjects exceed the disease threshold [24]. 

Major Hypotheses Regarding the Genetic Basis of Complex Traits 

A number of hypotheses about the genetic mechanisms which may underlie the 

development of complex diseases have been put forth. There may exist arguments both 

in favor of and against each of these notions and as experimental evidence indicates, 

none of them has been able to provide a comprehensive view of the genetic 

architecture of complex traits solely. However, it is important to note that they are not 

mutually exclusive and it is plausible to assume that the genetic variance of complex 

diseases can be explained by a mixture of the propositions suggested by these 

outlooks. A detailed description of these notions is as follows: 

1- Common Disease-Common Variant (CD-CV) Notion 

The “common disease-common variant” hypothesis assumes that the genetic 

variance of a complex disease is largely caused by the aggregate contribution of a few 

common causal variants (~ 20 variants each with minor allele frequency (MAF) ≥ 0.05 
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[24] or MAF ≥ 0.01 [79]) with small [80] to moderate effects [16]. Each of these disease-

causing alleles is assumed to explain several percent of the disease susceptibility 

[16,24]. 

The empirical evidence in favor of the CD-CV hypothesis was first obtained 

through linkage mapping and candidate gene association studies [49,63,79]. For 

instance, HLA alleles were among the first markers proven to have disease associations 

with risk alleles conferring more than five-fold increase in the risk of disease through 

early candidate gene association studies on a number of diseases such as ankylosing 

spondylitis, psoriasis, hemochromatosis, celiac disease, and rheumatoid arthritis. The 

more prominent association was the one detected between ankylosing spondylitis and 

HLA-B27 with an odds ratio of more than 100 [63,81]. As another example of the early 

efforts to identify common variants associated with complex diseases, Corder et al. 

(1993), through analysis of the genotyping data from 42 families with cases of late onset 

Alzheimer's disease, noticed that a common allele of apolipoprotein E gene (i.e. APOE-

ε4 allele) with frequency of 35%, remarkably increased the risk of disease by a factor of 

2.84 and 8.07 in subjects with heterozygote and homozygote genotypes, respectively 

[77]. 

Another evidence in favor of the CV-CD notion was postulated by QTL mapping 

studies in inbred populations of plants and animals. Through such studies, it was 

noticed that identifying QTLs with substantial effect sizes explaining a large proportion 

of phenotypic variance, even around 10 to 20% of variance, is not a rare finding [82]. In 

fact, such QTL mapping results supported the “exponential model” for quantitative traits, 
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which states that the genetic variance of such traits is due to a few loci with relatively 

large effect sizes and many loci with small effects [83]. Under the postulates of such 

model, finding QTLs explaining around 5% or more of the genetic variance of complex 

diseases in human seemed plausible [82], although it is noteworthy that the QTL 

mapping approach does not consider any assumptions regarding the allele frequency 

and it is not obvious if QTLs with large effects on the variance of phenotype are related 

to rare or common alleles [16]. 

An increasing interest in the detection of common variants contributing to 

common disease later dominated the field of complex diseases during late 1990s and at 

the turn of the 21st century [49]. Inspired by the postulates of the CD-CV hypothesis, the 

GWAS approach was conceived [2] and implemented to investigate the genetic basis of 

many complex traits [49]. Through such studies a number of common variants with 

moderate effects were detected for example in Crohn's disease [13] and serum lipid 

level [84].  However, none of the GWAS conducted thus far has detected more than one 

risk locus with an effect size as large as the one observed in QTL studies [16]. Instead, 

most of the risk variants so far detected have small effects, and a major proportion of 

genetic variance is still unexplained for in any of the studied diseases [7,10]. 

All in all, today the CD-CV hypothesis is no longer considered valid and common 

variants of moderate effects are not considered to be the major source of genetic 

variance of complex diseases [16]. 

2- Infinitesimal Notion 

The “infinitesimal hypothesis” is in fact the extension of Fisher’s infinitesimal 

model regarding the adaptive evolution to the field of common human diseases 
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[16,82,85]. This hypothesis considers complex diseases as polygenic traits whose 

genetic variance is mainly contributed by additive effects of hundreds or thousands of 

loci with tiny effect sizes, each of which accounting for less than one percent of the 

disease susceptibility. The infinitesimal hypothesis does not consider any assumption 

as to the frequency of causal alleles; the risk alleles can be either rare or common [16]. 

This hypothesis relies on the “threshold-dependent” model [30] to explain the genetic 

basis of a particular complex disease. If the individual's liability determined by the 

aggregate effects of many risk variants is more extreme than the disease threshold, the 

pathologic condition is most likely to be manifested [16,30]. 

There are multiple lines of empirical evidence supporting the infinitesimal 

hypothesis of complex traits. First of all, most of the susceptibility loci so far identified by 

complex trait GWAS are common variants conferring tiny predisposing risk [4,7,16,18] 

as is reflected in their small genotype relative risk (GRR < 1.1-1.2  [16,18]) or odds ratio 

(OR mostly between 1.05 and 1.2 [4]). The same is true for QTL mapping studies in 

which most of the detected QTLs are of infinitesimal effects, each explaining a small 

proportion of the genetic variance of the quantitative traits under investigation [82].  

Moreover, it has been demonstrated that a larger number of risk variants can be 

captured as the power of analysis is increased by employing very large case-control 

datasets (for example [84,86,87]) or performing meta-analysis on multiple GWAS 

datasets (for example [12,88]) [16]. It has been also demonstrated that by applying a 

less stringent significance threshold (for example [89]) or by defining a score to combine 

the small association signals of many variants (for example [21,89]), it is possible to 
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identify more variants whose infinitesimal signals were previously been buried in noise 

[4,16]. The idea of summing the effects of multiple variants across the genome has 

empirically been used for many years by animal breeders to estimate and improve the 

breeding values [16], a method called genomic selection [90]. 

Despite the overwhelming empirical evidence to support the infinitesimal 

hypothesis of complex diseases, there exist a number of issues that are not clearly 

addressed by it. One issue is that most of common variants detected by GWAS are 

unlikely to have a functional role in the biological processes underlying the phenotype 

[16,63]. Instead it is widely accepted that the variants detected by GWAS are tag 

variants in linkage disequilibrium (LD) with the causal ones in their neighborhood [63]. 

However, there is a conflict between investigators regarding the commonality or rarity of 

these causal variants. While some have suggested the association signals detected by 

tag variants arise mostly from single or multiple causal rare variants with large effects, a 

phenomenon also called synthetic association [91–93], others have shown that 

synthetic associations can just explain a minor fraction of disease risk. Instead these 

investigators believe that common causal variants with infinitesimal effects in LD with 

the tag variants contribute the majority of the genetic variance [94,95]. However, note 

that even if such common causal variants underlie the genetic basis of complex 

diseases, it is too difficult to figure out which of multiple variants in LD with tag variants 

are really functionally relevant to the disease under consideration because of their tiny 

contribution to the phenotype [63]. 
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The next controversial issue regarding the infinitesimal hypothesis is based on 

the fact that a large proportion of susceptibility alleles thus far identified are common 

ancestral alleles [96], which seems at first sight to be inconsistent with what is expected 

under the assumptions of purifying selection theory [24]. However, this inconsistency 

can be accounted for in a few ways. One explanation is that parts of such disease-

associated ancestral alleles may not influence the fitness because their unfavorable 

phenotypic effects appeared post-reproductively. This can be true especially in case of 

late-onset forms of complex diseases [49,96]. The next possible explanation is that a 

common risk allele may become common because of its pleiotropic effect: the disease-

causing allele is selectively advantageous due to its favorable impact on another fitness 

influencing trait [97,98]. Another possible explanation is provided by the “ancestral-

susceptibility” model which suggests that the commonality of such disease-associated 

alleles is due to the different selective pressures in ancient and modern environments. 

The environmental conditions and lifestyle of ancestral human populations originally 

favored the phenotypic effects of the common ancestral risk allele and acted against the 

effects of derived (mutant) alleles. With the change in environmental conditions and 

lifestyle of current human populations, such selective pressures have been reversed. 

Therefore, the common ancestral allele now confers susceptibility to the disease 

because of its selectively disadvantageous state, while derived alleles, now selectively 

neutral or advantageous, act as disease protective variants. The “thrifty genotype” 

hypothesis takes advantage of ancestral-susceptibility model to explain the genetic 

mechanism by which the susceptibility to type-2 diabetes may increase [96]. It suggests 
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that the thrifty genotype that developed to adapt ancestral populations to the food 

scarcity and the highly active lifestyle of human in the ancient times can be 

disadvantageous in modern societies, due to the food-rich environment and sedentary 

lifestyle of human, and therefore promotes susceptibility to type-2 diabetes [99]. Also, 

the “decanalization hypothesis” is another notion which emphasizes the importance of 

such interactions among genetic and environmental factors in the development of a 

phenotype. Based on this hypothesis, common ancestral disease-associated alleles can 

be those variants whose unfavorable phenotypic effects were buffered in ancestral 

populations by optimal genetic buffering mechanisms evolved over millions of years, but 

are manifested in the modern developed societies in which environmental changes may 

have disturbed the previously highly-efficient genetic buffering system. Whatever the 

underlying mechanism is, the fact that some identified complex disease-associated risk 

alleles are ancestral alleles implies that the common intuition which relates a disease to 

mutant variants is not always true in case of complex diseases [24]. 

The next weakness of the infinitesimal hypothesis is that it is inconsistent with the 

familial clustering of cases [16,24,53]. Under the infinitesimal hypothesis the median of 

distribution of risk alleles is not expected to be much different between affected and 

unaffected groups. In fact if the postulates of this hypothesis are true, and under 

random mating, it is expected that most individuals will harbor more or less the same 

number of predisposing loci, which in turn should reduce the phenotypic variance of the 

trait in the population. However, familial clustering in a disease is not consistent with 

such homogeneous phenotypic distribution [16]. 
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Finally, the infinitesimal hypothesis is not able to explain why the incidence and 

prevalence of many of complex diseases have increased over the past decades or why 

a disease may have a different incidence rate in genetically similar populations. Such 

demographic features can be attributed to the interactions among genetic and 

environmental factors [16]. 

3- Complex Disease-Rare Variants (CD-RV) Notion  

The “complex disease-rare variants” hypothesis suggests that the genetic 

variance of complex diseases is largely caused by cumulative effects of multiple rare 

variants with moderate to major individual effects on disease susceptibility (GRR ≥ 2 

[16]) [53,63]. Such variants are in most cases sub-polymorphic variants with allele 

frequencies between 0.001 and 0.01, although variants with allele frequencies less than 

0.001 may also exist rarely [53]. Note that the range of allele frequency of such risk 

variants has been considered differently throughout the literature (for example risk allele 

frequency (RAF) < 0.01 [24] or RAF < 0.005–0.02 [94] or 0.001 < RAF < 0.03 [63], or 

RAF < 0.05 [53]). Each disease-contributing locus can potentially harbor a large number 

of rare variants [53,79] with the most extreme situation in which each variant is only 

found in one individual in the population [79]. In other words, a population of patients 

affected by a particular disease can be considered as a conglomeration of many 

subpopulations, each harboring a distinct set of mutations [16]. Although such rare 

variants usually influence the phenotype dominantly, for instance through haplo-

insufficiency or gain-of-function effects, their penetrance might be incomplete [16,53,63] 

because of the interaction with other modifier genes [16]. The complex disease-causing 

rare variants can be population specific, because of the founder effects and subsequent 
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genetic drift. They are different from mutants causing Mendelian diseases in that 

Mendelian mutants are high-penetrance mutations with large deleterious effects on the 

phenotype and very low risk allele frequencies (mostly RAF < 0.001) [53]. 

The fact that the low frequency of such disease-causing variants with slightly 

deleterious effects is consistent with the evolutionary perspective provides strong 

evidence in favor of RV-CD hypothesis. Purifying selection against impaired phenotypes 

is in fact expected to remove extreme phenotypes, preventing disease-causing variants 

from being common. However, such variants may not be completely eliminated from the 

population's gene pool because of their partial penetrance or recessive mode of action 

[4], or their moderate effects on fitness [100]. 

There exists empirical evidence supporting the potential role of rare variants with 

major effects in the pathogenesis of complex diseases. For instance, multiple rare 

variants of unknown significance (VUSs) with odds ratios over 20 have been detected in 

the BRCA1 and BRCA2 genes [101] which may remarkably influence the risk of breast 

cancer [63]. These variants are different from those mutations in the BRCA1 and 

BRCA2 genes commonly increasing the risk of familial breast cancer [38–42]. Further 

examples in favor of the role of rare alleles in complex diseases include a number of 

rare variants detected in the ATM gene collectively incrementing the risk of breast 

cancer by a factor of 2.37 [102], in the MSH2 gene significantly associated with multiple 

colorectal adenomas with odds ratios over 11.7 [103], in the IPF-1 gene collectively 

increasing the risk of type 2 diabetes by a factor of 3 [104], and in fibulin genes 

significantly associated with age-related macular degeneration (AMD) [105]. Also, rare 
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copy number variations with high odds ratios conferring susceptibility to complex 

diseases such as schizophrenia and related psychoses [106,107], and autism [108] 

have previously been detected [16]. 

However, although some investigators believe synthetic associations due to rare 

alleles in LD with tag variants are major determinants of the genetic variance of complex 

diseases [92,93,100], others have suggested that although there is no doubt about the 

contribution of such synthetic associations to the genetic basis of complex diseases, 

they are not the major source of genetic variance [94,95,109]. For instance, through the 

analysis of the distribution of risk alleles associated with eight complex traits, Park et al. 

(2011) demonstrated that while the MAF of most of the tagging SNPs in general 

populations were between 0.05 and 0.2, the causal alleles so far identified for these 

complex traits were mostly alleles with frequencies higher than 0.2 [109]. 

Finally, similar to the infinitesimal hypothesis, the CD-RV hypothesis is not 

consistent with the increase in the incidence and prevalence of many of complex 

diseases over a few generations [24] and is not able to account for familial clustering of 

the complex diseases [53,63]. The familial risk of complex diseases is in fact much 

higher than the risk supposed to be conferred by a rare variant [16]. 

4- The Broad-sense Heritability Notion 

Broad-sense heritability (H2) is defined as the proportion of phenotypic variance 

determined by the genetic variance, as opposed to the narrow-sense heritability (h2) 

which refers to the proportion of phenotypic variance caused only by the additive 

genetic variance [31]. 
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The “broad-sense heritability” hypothesis states that interactions among genetic 

factors, also called epistasis [110–112], and among genetic and environmental factors 

and the effects arising from epigenetic modifications of genome, together contribute to 

the phenotypic variance of the complex traits and may explain an important proportion 

of missing heritability of complex traits [16]. 

Although the importance and commonality of epistatic effects of interacting loci 

on the biological processes underlying complex phenotypes has long been recognized 

[22], it is noteworthy that the term epistasis has been used by biologists and statistical 

geneticists to implicate different meanings which may result in some confusion about 

this key genetic concept [113]. In fact the term epistasis originated through the study of 

Mendelian traits and was later used by quantitative geneticists [34]. 

The phenomenon of biological epistasis was first highlighted by William Bateson, 

Reginald C. Punnett [64] and Wilhelm Weinberg [114] in the early 20th century through 

experiments whose results showed deviation from expected Mendelian segregation 

ratios. In their study on chicken combs, Bateson and Punnett noticed that the observed 

ratio of the single type of comb was lower than what was expected on the basis of 

segregation of a single genetic factor. Taking into account potential explanations for 

these unexpected results, they suggested the comb type is determined by two 

independently segregating genetic factors which act in concert. They postulated the 
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single type of comb is inherited only if the chicken has recessive homozygote genotype 

in both factors [60]. To account for the masking or suppressing effects of alleles in one 

locus on the phenotypic effects of alleles in another locus, Bateson coined the term 

epistasis [60,64,115]. In the meantime, Weinberg also coined the term “komplizierter 

polyhybridismus” which means “complicated poly-hybridisms” to refer to the same 

phenomenon [60]. Epistasis in such cases in fact referred to the inter-genic dominant 

relationships, in analogy to the intra-genic dominant effects existing between alleles in 

the same locus [113]. The suppressor locus is said to have epistatic effect on the 

suppressed locus which in turn is considered hypostatic to the suppressor locus [60]. 

The Bombay phenotype represents an example of biological epistasis in humans, which 

may be misleading regarding paternity testing. In such cases, the phenotype encoded 

by the ABO blood group system (I-locus) is masked under the homozygous recessive 

genotype at the H-locus, leading to the blood group of type O in individuals with hh 

genotype regardless of their ABO system genotype [116,117]. 

On the other hand, statistical epistasis, first noted by Ronald A. Fisher [62], lends 

itself to the statistical concept of the departure of a multi-variable model from linearity 

due to the nonlinear relationships existing among predictor variables [30,60,113]. 

Through his efforts to accommodate Mendel's segregation law with the genetic basis of 

continues traits, Fisher noticed it may not always be possible to predict the phenotypic 

value of a quantitative trait just by an additive model summing the effects of different 

contributing loci. He coined the term epistacy to denote such non-additive effects, 

although the term was later replaced by the term epistasis, already introduced by 
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Bateson [60]. In other words, statistical epistasis implies that predicting the variation in 

phenotype through a multivariate model allowing for the interactions of predictor 

variables can improve the goodness-of-fit of the model compared to a pure additive 

model [34]. In the simplest scenario of two interacting loci, the regression model will 

consist of nine terms: an overall mean, four simple terms corresponding to the additive 

and dominance effects of alleles in each locus, and four interaction terms corresponding 

to the interactions among additive and dominance effects of alleles in the two loci 

[17,113]. 

The concept of statistical epistasis is in fact a general term encompassing a wide 

spectrum of various types of interactions, one type of which is the one considered by 

early Mendelists [60,112]. In general, epistasis refers to the situations in which multiple 

genetic loci act dependently and cooperatively to form a final phenotypic endpoint 

[22,110,113]. Interaction among biomolecules such as proteins, DNA sequences, and 

different types of RNA molecules is in fact a ubiquitous phenomenon that plays a crucial 

role in different biological processes like gene regulation and transcription, regulation of 

translation, functional forms of protein complexes, signal transduction and biological 

pathways [22]. However, note that detecting epistatic effects is not always an easy task 

and furthermore not all statistically detected genetic interactions may easily be 

interpreted biologically [26]. 

When the combined phenotypic effect of interacting loci is greater than the 

amount expected from their additive effects, it is said the loci are synergistically 

interacting [17,118,119]. Synergistic epistasis may arise from functional relationships 
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existing among functionally redundant genetic elements or physically interacting 

biomolecules, or from the co-occurrence of two or more hypomorphic mutations in 

different steps of a particular pathway [119,120]. 

Antagonistic epistasis refers to the situations in which the effects of genetic 

factors are in opposite directions and one ameliorates the impact of the other one. 

Therefore, the combined phenotypic effect of interacting loci is smaller than the amount 

expected based on their additive effects [17]. For example while the HLA-DRB1*15 

allele confers susceptibility to the multiple sclerosis with a relative risk of 2.919, its 

predisposing effect is antagonized in the presence of the HLA-DRB1*14 allele, resulting 

in a relative risk for the HLA-DRB1*14*15 genotype of 1.06 [121]. Compensatory double 

mutants which counteract the individual deleterious effects of each mutant and improve 

the fitness of organisms, represent one of the best examples for antagonistic epistasis 

[17]. 

Genetic interactions have indeed been suggested to play important roles in the 

process of evolution. The potential contribution of combination of genotypes to fitness 

and adaptivity was first implicated by Sewall G. Wright [111,122]. From an evolutionary 

perspective, a gene-by-gene interaction improving the fitness by buffering the effects of 

deleterious mutations is called antagonistic (positive, buffering or diminishing) and the 

one negatively affecting the fitness is called synergistic (negative, reinforcing, or 

aggravating) [123]. Epistatic fitness interactions in fact represent an important class of 

biological epistasis in which a compensatory mutation in one locus hinders the impairing 

phenotypic effects of another locus to reinstate the normal phenotype and consequently 
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the fitness of the organism [124–127]. It has been noticed that such antagonistic 

epistasis between individually deleterious mutations is favored through the process of 

evolution [123,128,129]. For example a second mutation in the RNA sequence can 

compensate for destabilizing effect of the first mutation on the secondary structure of 

RNA [127]. The interaction among compensatory mutations is one of the mechanisms 

that contributed to the process of canalization of physiological processes [130]. Epistatic 

selection may also represent one of the mechanisms through which linkage 

disequilibrium between neighboring variants is established [131–133]. 

It is also believed that epistasis is a common phenomenon and plays an 

important role in conferring disease susceptibility [17,22]. The modulating effect of 

modifier genes on the phenotypic effect of disease-causing variants is an example 

demonstrating the role of epistasis in the genetic basis of complex diseases [35]. The 

effect of modifier genes may also account for incomplete penetrance of complex 

diseases [22,34]. Moreover, modifier genes can also influence the different aspects of 

clinical manifestations of Mendelian diseases such as severity of symptoms, age of 

onset, prognosis and survival [22,35,134]. 

There exists considerable empirical evidence showing the impact of gene-gene 

interactions in various complex diseases. Note that not all the variants detected to 

influence the disease's risk epistatically have significant association with the 

corresponding disease individually [17]. The epistatic contribution of variants of XRCC1 

and  XRCC3 genes to the risk of bladder cancer [135] and colorectal cancer [136], of 

AKT3 and PRKCQ genes to the risk of prostate cancer [137], of ACE and AGTR1 genes 
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to the risk of myocardial infarction [138], of KIR3DL1 and HLA-B genes to the immune 

response against HIV [139], of GABRB1 and GABRA4 genes, two subunits of GABA 

receptor, to the risk of autism [140], of GRIN1 and GRIN2B genes to the risk of 

schizophrenia [141], and of HNF4A and KCNJ11 to the risk of type 2 diabetes [142,143] 

are just a few examples of the role of pairwise gene interactions in complex diseases. 

There is also evidence of higher order interaction of multiple variants with some 

diseases. The association between breast cancer and combination of four variants in 

COMT, CYP1A1, and CYP1B1 genes [144] is an example in this regard. 

Although it may be harmful due to discarding population-specific associations 

[145,146], replication of significant findings has been suggested as the gold standard to 

validate any significant association among genetic variants and diseases [146,147]. 

Interaction between IL10 and IL6 genes in the context of Alzheimer's disease [148,149] 

represents an example of replicated epistatic effects with a potential biological 

relevance to the pathogenesis of the disease [18]. Associations between type 2 

diabetes and the four-way interaction among variants in TCF7L2, FTO, ANK2  genes 

and the 18q21-18q23 region, or the four-way interaction among variants in TCF7L2, 

FTO, TSPAN8/LGR5 and CDKAL1 genes are examples of higher order replicated 

interactions [150]. 

Gene-by-environment interactions have also been implicated in the pathogenesis 

of complex diseases (for example [151–154]). For instance, Caspi et al. (2005) reported 

adolescent cannabis users with valine158 allele of COMT gene have increased odds of 

developing schizophreniform disorder later in their life compared to those with 
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methionine158 allele. The odds ratio for Val/Val individuals and Val/Met individuals were 

10.9 and 2.5, respectively [151]. 

Besides genotype-by-environment interactions, interactions between epigenetic 

modifications and environmental factors may also contribute to the pathogenesis of 

complex diseases [155,156]. For instance based on a number of epigenetic-related 

phenomena observed in multiple sclerosis (MS) such as discordance between 

monozygotic twins and maternal parent-of-origin effect at the HLA-DRB1 locus; one of 

the major MS-associated loci; and based on the fact that epigenetic marks may not be 

erased and reestablished entirely through gametogenesis [157,158], Burell et al. (2011) 

suggested that environmental risk factors like Epstein-Barr virus, vitamin-D deficiency 

and smoking may influence the risk of MS through their influence on the epigenetic 

mechanisms [156]. 

The “decanalization hypothesis” describing a class of interactions between 

genetic and environmental factors [24] has also been implicated as a mechanism which 

may be involved in the development of complex diseases [24,159,160]. It can also 

account for the reason why a proportion of variants associated with complex diseases 

are common ancestral alleles [96] and for the increase in incidence and prevalence of 

complex diseases observed in modern societies in which people are leading new 

lifestyles and experiencing altered environmental conditions such as dietary changes, 

air pollution, smoking and more psychological stresses [24]. 

Decanalization refers to the situations in which the canalization of physiologic 

processes is broken down and as a result the additive genetic variance related to the 
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already buffered polymorphisms is represented. The canalization theory states that 

through the effects of genetic buffering mechanisms elaborately evolved over millions of 

years, physiological processes such as metabolic or developmental pathways reach a 

robust optimum state in which complex phenotypic traits display maximum stability [24] 

and are therefore preserved against stochastic perturbations [161]. Canalization, 

mediated by stabilizing selection, reduces variability of the physiologic processes, which 

in turn decreases the evolvability of the process [162] and reduces phenotypic variation 

by decreasing the additive genetic variance [162,163]. Decreased phenotypic variation 

ensures phenotypic reproducibility [161]. 

Functional redundancy, inter-genic and intra-genic buffering interactions (such as 

interaction among chaperones and other proteins to form functional spatial configuration 

of proteins [164,165] or among compensatory mutations [127]) and interactions forming 

regulatory feed-back loops (such as the interactions among microRNAs and mRNAs 

[161,166]) are a number of buffering mechanisms underlying the process of canalization 

[130]. 

The highly efficient buffering mechanisms allow for accumulation of cryptic 

variants whose phenotypic effects are masked [24,162]. In case canalization 

mechanisms are broken down and are not able to preserve the stability of a particular 

physiologic process, for instance due to environmental perturbations, admixture [24] or 

mutations with large effects [16], such hidden common variants may display their 

phenotypic effects which in turn increases the additive genetic variance [24] and the 

evolutionary divergence rate of the process under influence [162]. 
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In cases in which the liability variable underlying susceptibility to a particular 

complex disease is influenced due to impaired buffering mechanisms, the increase in 

the variance of phenotype can result in the increase in diseases incidence and 

prevalence because more individuals exceed the disease threshold [24]. 

The decanalization notion implies that dissecting the genetic architecture of a 

particular complex disease through GWAS is more difficult when the endophenotypes 

underlying the disease development are more strongly canalized. This may explain why 

GWAS has shown little success in exploring the genetic basis of a number of diseases 

like psychological diseases and hypertension compared to its success regarding some 

other diseases like Crohn's disease. Decanalization may also account for the reason 

why the results of GWAS are not always replicable in other populations: if disease-

influencing endophenotypes are under canalization, the genetic drift may result in 

different allele frequencies of cryptic variants in different populations [24]. 

Common vs. Rare Variants: Consequences 

The controversial debates about the commonality or rarity of variants largely 

contributing to the genetic variance of complex diseases have a number of practical 

consequences in terms of research methodology and clinical applications [63,79]. If 

most of the unexplained genetic variance of the complex diseases is supposed to be 

contributed by common risk alleles with tiny effect sizes, performing GWAS on very 

large case-control datasets will provide greater statistical power to detect undetected 

risk alleles [63,86,94]. On the other hand, deep sequencing of candidate genes in large 

datasets of clinically well-diagnosed cases, and subsequent functional analyses of 
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detected variants underlies finding rare risk alleles contributing to the genetic basis of 

complex diseases [53,63]. 

The next issue is that being statistically significant is not equal to being biologically 

relevant. Although rare variants associated with complex diseases are almost always 

causal variants, meaning that they have a functional role in the biological processes 

leading to the phenotype, most of the detected common variants are unlikely to be 

causal ones [16,53,63]. In such cases both rare and common variants in linkage-

disequilibrium with such common tagging variants can potentially be causal variants, 

although it is more likely that the causal variants be common [16,94]. However, when 

the odds ratio is small, it is difficult to figure out which of multiple variants in LD with a 

common tagging variant is really functionally relevant to the disease of interest because 

each variant may have a small effect size [63]. 

The application of preventive interventions for carriers of a particular variant 

directly depends on the degree of its penetrance. Although common variants with small 

odds ratios may have a meaningful contribution to the population attributable risk (PAR), 

which measures what proportion of disease incidence is attributable to particular genetic 

factors, they are not appropriate candidates for preventive interventions because of their 

small effects and very small penetrance. On the other hand, preventive interventions for 

carriers of a rare variant with moderate to large effect can be feasible because of its 

higher penetrance. Rare variants are therefore more valuble from a personalized 

medicine perspective [63]. 
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Methods Used for the Study of Complex Diseases 

Linkage mapping is the method of choice for exploring the genetic basis of 

Mendelian diseases [6]. Through analysis of the pattern of allele segregation in 

pedigrees of affected families, under a series of different potential recombination 

fractions (θ) between a known marker locus and an unobserved disease-causing locus, 

a LOD (logarithm of odds) score is estimated to measure if the observed pattern of 

allele segregation is statistically different from the pattern expected under the 

assumption that the marker and the disease locus are not linked together [6,167,168]. A 

LOD score of above 3 is indicative of the linkage between the marker and the unknown 

disease loci and a LOD score below -2 demonstrates that the two loci are independent 

[6,168]. 

The candidate disease-causing locus is then explored by positional cloning 

analyses. As a parametric method, the power of linkage mapping depends on the 

accuracy of the genetic model specified by the investigator. The genetic model 

determines assumptions about the mode of inheritance of disease, and the frequency 

and penetrance of the disease-causing genotype(s) [6]. 

Although parametric linkage analysis has been successfully employed to 

discover the genetic basis of a number of near-Mendelian forms of complex diseases 

[6], it is in general underpowered to elucidate the genetic architecture of such diseases 

[2,3,6]. The complexity of genotype-phenotype mapping in complex diseases arises 

from interactions among genetic factors and among genetic and environmental factors, 

locus heterogeneity and phenocopy [26]. 
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Because of the complexity of the genetic basis of complex diseases, it is too 

difficult to specify a precise genetic model required for a successful linkage-mapping. 

Note that although the low penetrance of complex disease-influencing genotypes can 

be overcome by performing linkage analysis on only affected members of pedigrees, 

such analysis still requires a genetic model about the disease under consideration, 

making it underpowered in case of complex diseases. Non-parametric methods have 

therefore been considered more powerful for analyzing the genotype-phenotype 

relationships of complex diseases. Such model-free methods can be used in both 

family-based and population-based studies [6]. 

Examples of family-based non-parametric and model-free methods include non-

parametric linkage analysis, which measures whether affected sibling pairs represent 

identity-by-descent (IBD) state in a marker locus significantly more than what is 

expected under a null hypothesis of assuming there is no disease locus in linkage with 

that marker locus [6], and the Transmission Disequilibrium Test (TDT), which links a 

phenotype to a particular allele in a locus (either a causal allele or in linkage with causal 

allele [169]), in cases where the allele shows over-transmission from parents to their 

affected offspring [170]. The TDT method involves performing more work than 

population-based methods because it requires the two parents to also be genotyped in 

each family. This may also make the TDT method infeasible in the case of late-onset 

complex diseases [6]. 

It is also noteworthy that although common alleles, individually or collectively, 

and multiple rare alleles, collectively, can substantially contribute to the population 
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attributable risk (PAR) of a complex disease, neither common alleles nor rare alleles 

can lead to familial clustering of cases if the penetrance of an allele is below 50%. 

Therefore, family-based studies may not considerably improve the detection of common 

or rare variants associated with complex diseases [53,63]. Moreover, since the power of 

detecting potential genetic interactions depends on the sample size, family-based 

studies may not be powerful enough for such analyses due to their insufficient sizes 

[19]. 

Candidate genes association studies which investigate the association between 

genetic markers related to a limited number of genes selected based on their known or 

inferred role in biological processes [171], and GWAS [15], are two population-based 

non-parametric methods which have widely been employed for the study of complex 

diseases [6,7,9]. 

In their seminal paper which provided the theoretical groundwork for 

development of the method of genome-wide association study, Risch and Merikangas 

(1996) compared linkage analysis with family-based association analysis in terms of the 

sample size required to detect a linkage signal or an association signal, respectively, for 

variants with different risk allele frequencies (RAF) and different genotypic relative risks 

(GRR). They noticed that the power of both methods in detecting rare risk variants or 

variants with small effects decreases if the sample size is not large enough. However, 

this is more prominent for linkage-based analysis in that the detection of linkage signal 

arising from a variant with RAF of 0.01 or with GRR of less than 2 is almost infeasible 

because it requires having access to a very large sample. In such cases, association 
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analysis still provides acceptable power to detect risk variants even at stringently 

adjusted significance levels. Ultimately, they suggested that a genome-scale 

association study can overcome the limitations of linkage-based analysis methods and 

remarkably improve our knowledge about the genetic architecture of complex diseases 

[2]. Later, the completion of large-scale genomic efforts like the Human Genome project 

[172,173] and the HapMap project [174] coupled with the advent of high throughput 

technology [175] provided more theoretical and technological support for fulfilling the 

idea of genome-wide association studies [1,176]. 

GWAS, a powerful method for the large scale analysis of genotype-phenotype 

relationships, is currently the method of choice for dissecting the genetic basis of 

complex diseases [7,9,10]. A large number of disorders such as cardiovascular 

disorders, Crohn’s disease, rheumatologic disorders, diabetes, bipolar disorder, 

schizophrenia and human malignancies, have thus far been studied with this approach 

leading to the detection of many previously undetected contributing loci (for example 

[1,11–14,88,89]). GWAS has also been used for the study of quantitative traits such as 

height [177,178], body-mass index [178,179] and lipid level of plasma [84]. 

The general outline of the steps employed by a genome-wide association study 

is as follows: upon a question of interest, the phenotypic criteria for defining different 

phenotypic classes are specified and subjects are recruited for the study. In the most 

common scenario, subjects in two contrasting groups (cases vs. controls) are 

genotyped for hundreds of thousands of SNPs, with the goal of identifying one or more 

SNPs whose genotypes show a significantly different distribution between cases and 
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controls [7,15]. The genotyping data is then normalized and undergoes a step of quality 

control in which the dataset is filtered on the basis of a number of quality criteria. 

Excluding SNPs with calling rate less than 97-98% in either case or control groups, or 

SNPs with minor allele frequencies of less than 1% to 5%, or SNPs showing Hardy-

Weinberg disequilibrium (HWD) in control group with p-values < 10-4, or excluding 

individuals with at least 3% missing genotypes in all the genotyped SNPs, are some of 

the quality control criteria usually applied in GWAS [1,15,180]. 

Also, the potential confounding effect of population stratification must be carefully 

investigated. Ignoring population stratification will results in detecting false-positive 

associations arising from the factors unrelated to the disease status, such as 

geographic or ethnic factors. Population stratification, if it exists, must be controlled 

either by including the geographic or ethnic factors as covariates in the analysis to take 

into account their potential confounding effects [15], or by adjusting the inflated test 

statistics using methods such as genomic control [15,181]. Note that family-based 

association studies such as TDT can also overcome the issue of population stratification 

[182]. 

Once the quality control task is performed, the dataset is analyzed for any 

associations between SNPs and the disease under investigation. Note that because of 

very large number of hypotheses tested in a GWAS, it is necessary that the results be 

interpreted at an adjusted significance level [15]. A number of different methods have so 

far been applied to deal with the issue of multiple testing. The adjusted significance 

level can be determined by either Bonferroni’s method (which adjusts the local 
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significance level in order to keep the probability of detecting at least one false positive 

result, also called family-wise error rate, at the desired level [183]), the false discovery 

rate (FDR) method (which adjusts the significance threshold so that the proportion of 

false-positive results among all positive results is kept at a desired level [183] or a 

Bayes factor-based method (which specifies a local significance level as a function of 

the expected power of analysis and the expected posterior and prior odds in favor of 

detecting true association between a disease and a locus [1]) [15]. Relying on 

permutation testing to determine the significance level is another approach to the 

problem of multiple testing. However, note that there is a trade-off between type-I and 

type-II errors, which means a stringent control over type-I error decreases the power of 

analysis in detecting association signals [15]. For example, because Bonferroni’s 

method does not consider the correlation among SNPs in linkage disequilibrium (LD) 

with each other, some believe it might be too stringent for GWAS [15]. 

The analytical framework currently used for the analysis of association data 

primarily analyzes the association of individual SNPs with the disease of interest, for 

instance by test of allelic associations or Cochran-Armitage trend test. Other in-depth 

analyses such as the analysis of interactions or haplotype analysis may then be 

conducted secondarily based on the results obtained at the first step [15]. 

However, despite the very large number of markers that can be genotyped using 

currently available array-based SNP genotyping platforms (up to one million SNP 

genotypes per run) [15], in most cases GWAS has so far shown limited success in 

explaining a considerable proportion of genetic variance of complex diseases, a 
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phenomenon also referred to as “missing heritability” in the literature [7,10,16]. 

However, note that heritability is the amount of phenotypic variance attributable to the 

additive genetic variance of the trait [31]. This failure is in part due to the nature of 

complex diseases and in part due to limitations inherent to the current analytical 

framework employed to analyze and interpret the obtained data [17–19]. 

To start, most of the susceptibility loci so far discovered by GWAS are of small 

predisposing risk [4,7] and it has been hypothesized that the genetic variance of 

complex diseases may be mainly due to the joint contribution of multiple susceptibility 

loci having small individual effects [16,20,21]. Detecting such infinitesimal contributions 

is difficult, especially when the predisposing allele is rare or the sample size is not 

sufficiently large [2,3], and the very large number of markers under investigation raises 

the issue of multiple testing which makes it even harder to reliably detect a small 

association signal [15]. 

It has been suggested that the detection of low-penetrance common variants will 

be facilitated with the increase in the size of sample in a GWAS. This in turn may lead to 

capturing a much larger proportion of the genetic variance compared to the variance 

thus far has been explained [16]. For instance Park et al. (2010) demonstrated that 

while on average a total of 27.4, 26 and 2.8 new susceptibility loci are expected to be 

discovered for height, Crohn's disease and a collection of breast, prostate and 

colorectal cancers, respectively with a sample size of 25,000, the expected numbers will 

be on average 182.9, 140.1 and 40.5, respectively if the sample size increases to 
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125,000. These loci are expected to explain 15.7, 19.8 and 13.5 % of unexplained 

genetic variance of their corresponding diseases [86]. 

The idea of increasing the power of GWAS through increasing the sample size 

has led the research community towards a second wave of GWAS in which additional 

risk loci are sought by performing GWAS on datasets with very large sample sizes or by 

performing meta-analyses on multiple GWAS datasets at hand [86]. For example in a 

large GWAS on over 100,000 individuals of European ancestry to explore the loci 

influencing blood lipid levels, 59 novel lipid trait-associated loci with p-values less than 

5x10-8 were detected. Among these newly detected loci, 39 were significantly 

associated with total cholesterol, 22 with low-density lipoprotein (LDL) level, 31 with 

high-density lipoprotein (HDL) level, and 16 with triglycerides (TG) level. Most of these 

newly detected loci were replicated in independent samples of European, Asian and 

African-American ancestry [84]. In another GWAS on a very large cohort, Allen et al. 

(2010) analyzed genotyping data obtained from 183,727 individuals. They were 

interested in studying the genetic determinants influencing normal variation in height, a 

well-known polygenic trait. Their effort resulted in revealing hundreds of SNPs in more 

than 180 loci, mostly novel, accounting for on average 10.5% of the phenotypic variance 

of height [87]. Also, in a meta-analysis on multiple genome-wide T1D datasets, Barrett 

et al. (2009), through analyzing genotyping data of 7,514 cases and 9,045 controls, 

reported 27 new T1D-associated regions containing multiple T1D-associated SNPs with 

p-values < 10-6. Of these newly detected regions, 18 were replicated (p < 0.01 in an 

independent replication dataset and p < 5x10-8 in a collection of primary and replication 
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datasets) and four presented weak evidence of replication (p < 0.01 in the replication 

dataset but p > 5x10-8 in the collective dataset) [12]. In another meta-analysis 

conducted by the Psychiatric GWAS Consortium (PGC) (2011), five previously 

undetected regions demonstrated association with schizophrenia through the analysis 

of a dataset containing genotyping data for 17,836 cases and 33,859 controls [184]. 

It has been also suggested that by defining a score to combine the small 

association signals of many variants across the genome, more undetected susceptibility 

loci can be detected [4,16]. For example Yang et al. (2010) showed that by considering 

the tiny effects of thousands of SNPs which are not individually significant when a 

stringent significance threshold is applied, 45% of genetic variance of height can be 

explained [21]. This proportion is much higher than the one captured by common 

significant SNPs. However, the applicability of their approach to other complex traits 

such as BMI, schizophrenia, and intelligence has not been as fruitful [16]. In another 

study, Purcel et al. (2009) introduced a scoring approach in which an additive score was 

calculated by combining the odds ratio of risk alleles that were individually in association 

with schizophrenia at a particular significance level. They calculated the score for a set 

of different significance thresholds ranging from 0.01 to 0.5 and noticed that at each 

significance level the cases in general had higher scores than the controls, leading to 

significant association between the score and the disease. The score-disease 

association was more eminent as a more liberal significance threshold was applied, 

causing more SNPs to prove significant individually and therefore be included in the 

analysis. For example at a significance threshold of 0.5, a total of 37,655 SNPs 
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collectively contributed to the score which in turn showed the best association with 

schizophrenia compared to the scores produced at more stringent significant thresholds 

[89]. 

Note that although parts of the unexplained genetic variance of complex 

diseases might also be due to the contribution of undetected rare variants with major 

phenotypic effects, as put forward by the complex disease-rare variants notion, the 

same problems making GWAS underpowered in detecting the infinitesimal effects of 

common variants (explained in previous paragraphs) adversely affect the efficacy of 

GWAS in capturing the effects of theses rare variants [16]. 

Moreover, the genetic architecture of a complex disease may include epistatic 

effects among interacting loci [17,22,23], and effects related to gene-environment 

interactions [24]. In their study, Zuk et al. (2012) suggested that one reason that can 

account for the missing heritability of complex diseases is that the additive genetic 

variance and consequently narrow-sense heritability can be overestimated by ignoring 

the contribution of genetic interactions. They showed that 80% of currently missing 

heritability of Crohn's disease can be attributed to the genetic interactions. They 

concluded that if the role of epistasis is ignored, attempts to find more risk loci for 

complex diseases may not necessarily solve the problem of missing heritability [23]. 

Statistical methods that analyze SNPs individually are unable to address such 

complex epistatic effects. Although current regression-based methods have enough 

power to analyze some low-order interactions (e.g. - quadratic or cubic terms), provided 

that the corresponding simple terms have significant main effects, they are unable to 
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explore all potential combinations of markers because as the number of factors under 

analysis increases linearly, the number of their combinations grows exponentially, 

resulting in a computationally intractable situation [17,18]. It is highly likely that 

synergistic epistasis occurs while the main effects of interacting loci are significant. 

Therefore, employing regression-based approaches for modeling interactions given the 

significance state of main effects of genetic factors may have enough power to detect 

synergistic interactions. However, relying on the significant individual main effects of loci 

to guide the process of detection of antagonistic interactions may not be successful 

because such interactions may frequently occur while the main effects of genetic factors 

are non-significant [17]. Pure epistasis is a class of antagonistic epistasis in which the 

marginal main effects of interacting loci are small and non-significant, while their 

interaction is statistically significant [17,185]. Disordinal epistasis represents another 

class of antagonistic epistasis in which epistasis is present despite zero marginal main 

effects of interacting loci. Although pure epistasis may be of little biological plausibility, 

there is evidence corroborating the biological importance of disordinal epistasis [17]. 

Epistatic fitness interactions [124,126,127] are examples of disordinal epistasis [17]. In 

addition to computational burden arising from exhaustive search of epistatic effects (i.e. 

interaction terms in a regression analysis), the sparsity of data and issues of overfitting 

and multiple testing may also impose additional hurdles in such cases [17]. 

A further weakness of current analytical frameworks is that they analyze 

genome-scale datasets without necessarily taking the existing expert knowledge about 

the trait under investigation into account [18]. It has been proposed that there can be 
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obvious benefits in integrating preexisting biological and statistical knowledge into the 

process of genotype-phenotype association analysis [25,26].  

One important advantage is that combining high quality prior biological 

knowledge such as protein-protein interaction or intracellular pathways with data 

analysis can provide a biologically plausible way to reduce the dimensionality of large-

scale datasets [26]. Such knowledge-based feature selection methods establish an 

alternative and supplementary way to the statistical (e.g. a two-step analysis [17]) and 

computational dataset dimensionality reduction methods (e.g. MDR [144] or CPM 

[186]). Physiologic processes like metabolic or developmental pathways represent 

integral sets of interconnected modules of functionally or physically dependent 

biomolecules evolved to a robust and optimal state to keep the integrity of cells [24]. It 

has been previously demonstrated that different biological processes are implicated in 

the development of different clinical endpoints. For example, while defects in the 

function and regulation of the immune system have been linked to the pathogenesis of 

autoimmune diseases like rheumatoid arthritis [187,188], metabolic and Wnt signaling 

pathways have been implicated in type 2 diabetes [1]. The nonlinear genotype-

phenotype mapping procedures in complex diseases may therefore benefit from 

reducing the dimensionality of the genome-scale datasets in a knowledge-based 

manner which ensures that genetic factors inferred to be more biologically relevant to 

the phenotype under investigation are prioritized and given more weight [26]. As an 

example of using biological expert knowledge to filter out genetic factors and guide the 

analysis of genetic data, Pattin et al. (2010) suggested that a number of metrics, 
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computed on the basis of the probability with which the pairs of proteins may 

functionally interact, can be used to prioritize the list of genes and their corresponding 

SNPs for the analysis of epistatic interactions using a large-scale dataset. By 

implementing their method on an association dataset of bladder cancer, they showed 

that preprocessing GWAS data on the basis of protein-protein interactions helps in 

performing feature selection required for finding actual epistatic interactions [189]. 

Prioritizing features based on their suggested functional role and structural 

properties may also potentially assist investigators with exploring higher-level features 

related to the phenotype of interest. For example the likely association between a 

pathway and a phenotype can be guided by the lower-level findings such as association 

between individual SNPs and the phenotype. In an effort to develop a knowledge-based 

framework for translational research in general, and for GWAS in particular, Riva et al. 

(2010) proposed a methodology based on the “Select and Test model” (ST-model) 

[190,191] for scientific discoveries. The ST-model takes advantage of an iterative 

reasoning procedure that describes the process of scientific discovery as a cyclical 

sequence of problem definition (abstraction), hypothesis generation (abduction), 

hypothesis evaluation (deduction) and hypothesis verification (induction) steps. Once a 

hypothesis is approved, it can then be used to generate new hypotheses to connect 

features of higher-level to the problem under investigation. In the context of GWAS, the 

authors have demonstrated the application of the ST-model by explaining the steps 

which can be employed to help an investigator move from prior knowledge regarding 

the association of a single SNP belonging to the TCF7L2 gene (i.e. “rs4506565”) and 
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type-2 diabetes (T2D) towards concluding that the Wnt signaling pathway to which 

TCF7L2 gene belongs is also associated with T2D. To this end they extracted all 

genotyped and validated SNPs belonging to the Wnt signaling pathway and removed 

“rs4506565” SNP from this pool. Comparing case and control groups using an additive 

model, the pathway under investigation proved to be in association with T2D. The 

authors commented that although this finding is not novel and is just a reproduction of a 

previously revealed pathway-phenotype association, it exemplifies the application of the 

ST-model in exploring large scale datasets through a hypothesis-based fashion [25]. 

The interpretation of statistically significant results may also benefit from 

integrating preexisting biological knowledge into the data analysis process in that 

feature selection guided by expert knowledge will maximize the chance that significant 

findings include factors functionally related with the phenotype of interest. In other 

words, such significant findings are more likely to have an explicit and straightforward 

biological interpretation compared to the ones obtained from hypothesis-free methods. 

For instance, Ballouz et al. (2011) demonstrated that a long list of genes related to 

many disease-associated SNPs can efficiently be narrowed down to a short list of likely 

causal genes by the help of preexisting biological knowledge about the functional 

domains of proteins which are produced by previously discovered diseases-causing 

genes or about the pathways or protein interactions to which previously known 

diseases-causing genes contribute [192]. 
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However, note that the predictions of methods taking advantage of preexisting 

biological discoveries might be affected if there is any lack of information or any bias in 

the biological databases, or if the genetic factors are not well annotated [26,192]. 

Due to its unquestionable benefits, the paradigm of knowledge-based genomic 

data analysis has received increasing attention over recent years and parts of research 

endeavors have been devoted to developing and applying innovative analytical 

frameworks in this direction [18]. Pathway-based association studies represent an 

example of the integration of biological knowledge with statistical data analysis, and 

have recently drawn attention as an alternative to hypothesis-free methods. For 

instance, in an attempt to extend gene set enrichment analysis to relate gene 

expression data to GWAS, O’Dushlaine et al. (2009) introduced the SNP ratio test, 

which calculates the ratio between the number of individually significant SNPs and the 

number of non-significant ones in sets of SNPs derived from every pathway of interest, 

and determines a pathway to be associated with the trait under investigation if its 

corresponding SNP ratio proves statistically significant [28]. As another example, Peng 

et al. (2010) [27] and Yu et al. (2009) [29] suggested ways of computing an overall p-

value for a gene by combining the p-values obtained from the association tests on all 

the individual SNPs belonging to that gene. Gene-level p-values, in turn, were employed 

to define a pathway-level p-value to investigate pathway-trait associations [27,29]. 

However, despite the fact that the limitations of classical GWAS in the context of 

complex diseases are increasingly being recognized and that pathway-based 

association studies are receiving growing attention, there is still no optimal approach 
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able to overcome the above described challenges and provide a comprehensive 

interpretation of genome-scale data. 

Modeling Non-linear Effects of Genetic and Environmental Factors 

To address the drawbacks of traditional statistical methods in mapping complex 

genotype-phenotype relationships, development of novel alternative computational 

approaches has received much attention by bioinformaticians and computational 

biologists over recent years [17,18]. In contrast to regression-based approach, data 

mining (machine learning) methods do not fit a pre-specified model on the data. Instead 

they search through a solution space containing a vast number of potential solutions 

(models) to the problem under investigation to find out the one with efficient 

performance in explaining the data [18,19]. In the remainder of Chapter 2, traditional 

statistical methods and a number of popular data mining methods which have shown 

promise in modeling non-linear effects of genetic and environmental factors are 

explained in detail.  

1- Traditional Statistical Methods  

1-1- Multiple linear regression and multiple logistic regression analysis 

Multiple linear regression and multiple logistic regression analyses are used to 

investigate the relationship between a set of predictor variables (X1, X2, etc) and the 

mean of a response variable or the logarithm of odds in favor of the response variable 

(i.e. disease state), respectively. The response variable is continuous in the case of 

linear regression analysis and is dichotomous in the case of logistic regression analysis 

[193]. The main drawback of the regression-based methods is that because of the 

computational burden arising from the modeling of interactions of many variables, the 
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analysis is biased towards the modeling of the lower-order interactions of predictor 

variables whose main effects are significant. This results in ignoring the interactions that 

may exist among variables with non-significant main effects and also prevents such 

regression-based methods from considering higher-order interactions [17,18]. 

Moreover, the sparsity of data may impose additional hurdles in such cases and make 

the parameter estimates imprecise [17]. Regression-based statistical methods are able 

to model non-linear relationships of variables through two different ways [19]:  

Testing for interaction per se. A multivariate regression model is fitted on the 

dataset by including the terms related to the simple effects of predictor variables along 

with their corresponding interactions. The interaction terms in such cases indicate the 

classical definition of statistical interaction as deviation from linearity [19,193]. The 

alternative hypothesis (H1) tests if the variables of interest influence the disease status 

epistatically [194]. Supposing the simplest scenario, the fitted regression model consists 

of only two predictor variables and their interaction: 

 

 2121 XXβ+Xβ+Xβ+β=Y 3210  (2-7) 

 

In this example, the H0 states that the parameter corresponding to the interaction term 

is zero (β3=0) and the H1 states β3≠0. A number of model-selection procedures have 

been developed to optimize a regression model by keeping significant terms and 

dropping non-significant ones in cases where the simple and interaction effects of 

multiple variables have been included in the analysis. Note that such model-selection 

procedures are not applicable if the number of variables is too large [19,193]. 
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Testing for the joint effects of variables. The rationale for this test is that if the 

phenotypic effect of a genetic factor is manifested through interaction with another 

genetic or environmental factor, the effect would be more powerfully detectable if a 

regression model containing the simple effects of both factors along with their 

corresponding interaction is fitted. The inverse is true if the two factors are independent 

[19]. In fact, the alternative hypothesis tests whether a particular genetic factor 

contributes to the phenotype of interest either individually or epistatically [194]. In other 

words, supposing the simplest multivariate regression model shown in formula 2-7, the 

H0 states β3= β2=0 and the H1 states at least one of β2 and β3 ≠0 [19]. 

To investigate the joint effects of two variables through this approach, two 

regression models are fitted: the first one is a complete model containing all simple and 

interaction terms and the other one is a partial model in which all simple and interaction 

terms containing the variable of interest have been eliminated. The goodness-of-fit of 

the two fitted models are then compared (e.g. by comparing R-square or mean squared 

error (MSE)). If the complete model proves to be better fitted to the data than the partial 

one, the joint effects of the variable of interest with the other variables is concluded. 

[19,194,195]. 

1-2- Case-only analysis 

Exploring the epistatic effects of genetic factors through analyzing only the case 

group is a more powerful alternative for the methods analyzing both case and control 

groups [19]. It can also efficiently be applied to model the interactions between genetic 

and environmental factors [196,197]. Case-only analysis can be implemented simply by 

a chi-square test assessing the independence of alleles (df=1) or genotypes (df=4) or by 
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a logistic regression analysis [19]. However, note that the robustness of the case-only 

approach is contingent on the independence of variables under investigation in the 

general population [15,19,196]. The results of case-only analysis can therefore be 

greatly distorted, for instance when the genetic variants are in linkage disequilibrium or 

epistatically contribute to the fitness of the organism [19], or when subtle correlations 

between genetic and environmental factors cause departure from the assumption of 

independence [15,196]. To overcome this limitation, a number of alternative methods 

have been suggested which take use of both case-control and case-only analyses 

estimates simultaneously [19,197]. 

1-3- Haplotype analysis  

The analysis of association between haplotypes and the disease of interest aims 

at determining whether particular haplotypes in a chromosomal region are over-

represented in cases (or controls) compared to what is expected according to the allele 

frequencies of respective loci. It has been suggested that this method may be more 

powerful in detecting variants contributing to a phenotype than testing for individual 

locus associations [15,198]. The rationale is that affected individuals, who have 

inherited a recent disease causing mutation due to a founder effect, not only share the 

causal variant but also share a haplotype containing the causal variant [199]. Therefore, 

haplotype analysis can be used as a more efficient way to identify the functional 

variants contributing to the disease development [15,96]. 

 However, note that the pattern of haplotype diversity is highly affected by the 

forces (such as mutation and selection) promoting genetic changes. For example, in 

contrast to the rare and recently derived causal alleles, the ancestral causal alleles can 
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be related to a larger number of haplotypes, none of which is significantly over-

represented in the case group to cause a detectable association signal [96]. 

The association of haplotypes with different complex diseases has previously 

been investigated in a number of studies. For instance, Liu et al. (2005) discovered that 

two rare haplotypes related to the PTHR1 and VDR genes were in negative and positive 

association with the risk of osteoporosis, respectively [200]. 

Imputation of non-genotyped SNPs by relying on the available haplotype maps 

and LD patterns (such as HapMap project information) is another application of 

haplotype analysis in genome-wide association studies [201] (for example see [1]). 

One important issue regarding haplotype analysis is that, because haplotypes 

are not usually determined directly and instead are inferred by haplotype estimation 

algorithms based on probabilistic models (such as EM algorithm [202]), the robustness 

of the haplotype analysis methods is contingent on how well the assumptions of the 

applied algorithms are satisfied. Also, the issues of sparsity of data and computational 

burden arising from the large number of haplotypes, which can potentially be tested, are 

further limitations of haplotype analysis method [15]. 

2- Multi-factor Dimensionality Reduction (MDR) Method 

The multi-factor dimensionality reduction method and software, introduced by 

Ritchie et al. (2001) [144] and Hahn et al. (2003) [203], is a non-parametric and model-

free method which was originally developed to model the interaction effects of multiple 

factors on a dichotomous phenotype (e.g. diseased vs. healthy) through reducing the 

dimensionality of data [17,18,144]. For each potential multi-class combination of 

multiple factors, MDR reduces the multi-dimensional space to a one-dimensional space 
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by defining a new variable with two classes: high-risk vs. low-risk. All combinatorial 

classes in which the ratio of number of cases to the number of controls exceeds a pre-

specified threshold collectively give rise to the high-risk class and all other classes 

collectively constitute the low-risk class. The original case and control datasets are then 

broken into training and test datasets. For each multi-factor model, subjects in training 

sets are assigned to either high-risk or low-risk classes based on the original genotypic 

classes they belong to, and the prediction error rate of the newly generated variable is 

then calculated. This procedure is repeated for all potential combinations of variables 

under investigation (i.e. all potential multi-factor model), and the multi-factor model with 

lowest misclassification rate is selected. The classifying performance of the selected 

model is then validated in the test set. 

The entire aforementioned procedure is repeated in a multi-fold cross-validation 

manner and in each round of cross-validation the multi-factor model with the smallest 

misclassification rate is selected as the best model. The average error rate of each 

model over multi-fold cross-validation along with its cross-validation consistency, 

defined as the number of times the model is selected as the best model through the 

multi-fold cross-validation procedure, are used as criteria to select the final best multi-

factor model [17,19,144,204]. Therefore, The model with the highest average accuracy 

in classifying cases and controls, and the highest cross-validation consistency is 

favored. When there are two models, each of which has better performance with 

respect to one of the two aforementioned selection criteria, the model containing fewer 

variables is selected as the best final model [17,204]. 
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The MDR has been widely used for exploring the phenomenon of epistasis in 

different complex diseases such as breast cancer [144], bladder cancer [135], atrial 

fibrillation [205], rheumatoid arthritis [206], type II diabetes [207] and autism [140]. 

The MDR method overcomes the issue of sparsity of data because it reduces a 

multi-dimensional space to a one-dimensional space [19]. However, one important 

limitation of this method is that the combinatorial search procedure employed by MDR 

can be computationally infeasible if the number of variants exceeds a few hundred or if 

higher-order interactions are sought [17,19]. As the MDR developers have stated “the 

MDR software will currently support disease models with up to 15 factors at a time from 

a list of up to 500 total factors and a maximum sample size of 4,000 subjects.” [204]. 

Defining an appropriate threshold for labeling original multi-factor classes as high-risk 

vs. low-risk [208], and taking into account the confounding effects of covariates are 

other challenges of the MDR method [209]. Over recent years, a number of modified 

versions of MDR have been developed to improve the performance of the method [18]. 

For example, Lou et al. (2007) developed the generalized MDR (GMDR) method which 

allows adjustment for confounding covariates, and can be applied to continuous 

phenotypes as well as dichotomous traits [209]. 

3- Combinatorial Partitioning Method (CPM) 

The combinatorial partitioning method, introduced by Nelson et al. (2001) [186], 

is another data reduction-based method which attempts to find sets of complementary 

genotypic partitions which are capable of explaining a large proportion of phenotypic 

variance of complex traits [17]. The procedure applied by the CPM method is as follows: 

a set of all potential combinations of genotypes at multiple loci, e.g. set N, is partitioned 
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to complementary genotypic partitions, the union of which constitutes the set N. A set 

containing a group of complementary genotypic partitions is considered as a partitioning 

set. The partitioning procedure can be performed in many ways because the original set 

of n combinatorial genotypes (set N) can be broken into two to n genotypic partitions 

each of which may potentially be resulted from different ways of partitioning. For 

instance, the set N (with n combinatorial genotypes) can be broken into two genotypic 

partitions so that one partition contains one combinatorial genotype and the other 

contains n-1 combinatorial genotypes, or one partition contains two combinatorial 

genotypes and the other contains n-2 combinatorial genotypes, or one partition contains 

three combinatorial genotypes and the other contains n-3 combinatorial genotypes, and 

so on. Therefore, for example assuming the set N contains all potential combinations of 

genotypes at two bi-allelic loci A and B, i.e. N={AABB, AABb, AAbb, AaBB, AaBb, Aabb, 

aaBB, aaBb, aabb}, there would be 255 and 3,025 partitioning sets with two and three 

complementary genotypic partitions respectively, and a total of 21,146 partitioning sets 

with two to nine complementary genotypic partitions [186,210]. 

The ability of partitioning sets to explain the phenotypic variance of the trait under 

investigation is then evaluated, and if any partitioning set shows a promising 

performance, it is selected for further validation through a cross-validation procedure 

[17]. 

Note that if there are L loci whose interactions are investigated, the total number 

of partitioning sets will be multiplied by the number of all potential combinations of L loci 

[186]. Therefore, exhaustive analysis of all potential partitioning sets by CPM, especially 
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when the number of loci of interest goes up or when higher-order interactions are 

sought for, can be computationally intractable [17,210]. In addition, the issue of multiple 

testing will arise if a very large number of competing hypotheses is tested [17]. 

The applicability of CPM in detecting gene-gene interactions has previously been 

investigated in a number of studies. For instance, through the analysis of the epistatic 

effects of 18 variants in six genes (APOB, PON1, LPL, APOA1-C3-A4, LDLR, APOE) 

on the plasma triglyceride level, Nelson et al. (2001) demonstrated that there were 

multiple sets of genotypic partitions which were able to explain significant proportions of 

the phenotypic variance of the trait under investigation. The best set of genotypic 

partitions (i.e. {InDel (APOA1-C3-A4), HincII (LDLR)}) accounted for 9% of the 

phenotypic variance of the trait, while the corresponding loci explained less than 1% of 

phenotypic variance individually [186]. 

In another study, the epistatic effacts of the variants of ACE and PAI-1 genes on 

plasma plasminogen activator inhibitor 1 (PAI-1) level in African Americans was 

reported by  Moore et al. (2002) [211]. 

To improve the performance of the CPM method and to deal with the issue of 

computational complexity, Culverhouse et al. (2004) developed the restricted 

partitioning method (RPM) [210] which takes into account the difference between the 

mean phenotypic value of different combinations of genotypes to guide the process of 

partitioning more efficiently based on the similarity of these values. 

4- Recursive Partitioning Methods 

Decision trees, which investigate the epistatic effects of genetic factors on a 

continuous phenotypic variable (regression trees) or on a discrete phenotypic variable 
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(classification trees), are examples of methods employing a recursive partitioning 

approach to the genotype-phenotype mapping [19]. To find combinations of multiple 

variables, which are capable of distinguishing cases from controls accurately, the 

decision tree method uses a tree-like graph which consists of multiple nodes connected 

to each other through branches, also called edges. Each node represents a variable, for 

example a particular SNP, with a certain classifying performance determined on the 

basis of its distribution in the two contrasting groups. The first node added to the tree is 

called root, and each node gives rise to branches along which cases and controls with 

the same genotypic values are guided to the next node where the next variables are 

tested, and the one with the best classifying performance is added. If classifying 

performance of a branch is better than a pre-determined criterion or if the number of 

cases and controls moving along a branch is below a pre-specified threshold, that 

branch, also called a leaf, is terminated and no new node is added. Otherwise the 

procedure of adding new nodes will be continued [18,19]. 

At the end of this recursive partitioning procedure, starting from a leaf and 

moving up towards the root, we are actually moving across specific SNP's genotypic 

values (e.g. “SNP3=1” AND “SNP2=2” AND “SNP1=2”). Each one of such combinations 

of genotypic values represents an epistatic model, and the combination with the best 

performance in distinguishing cases from controls is selected as the final model [19]. 

One important advantage of the decision tree method is that models retrieved by 

this method are easily interpretable [18]. Moreover, Cook et al. (2004) demonstrated 

that the tree-based method outperforms logistic regression analysis in revealing 
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epistatic effects in cases where the main effects of genetic factors are not significant 

individually. Through analyzing a case-control dataset of 319 cases of ischemic stroke 

and 2090 controls for which genotyping data were available on 92 variants from 56 

genes involved in thrombosis, lipid metabolism and inflammation, they reported that 

interleukin-4 and P-selectin influence the trait under consideration epistatically [212]. 

Random forest (RF) method, developed by Leo Breiman (2001) [213], is another 

method which takes advantage of a recursive partitioning algorithm. It has been 

suggested that RF is a powerful machine learning method for modeling the epistatic 

effects and the genetic heterogeneity underlying the genetic architecture of complex 

diseases [214]. 

The main difference between RF method and decision tree method is that 

instead of growing only a single decision tree, RF grows a random forest containing a 

large number of unpruned trees. For growing each tree, the case and control datasets 

are divided into training sets and out-of-bag sets. Each training set is generated by a 

random bootstrap sampling of the original case-control datasets, and the subjects 

excluded by the bootstrap procedure make the out-of-bag sets. Once a tree is grown 

over the training dataset, the out-of-bag sets are used for estimating the error rate of 

retrieved models and measuring the importance of each variable through permutation 

testing [213,215]. 

Random forest method has been employed by a number of investigators to 

explore the genetic basis of complex phenotypes (for example [214–217]). It has been 

suggested that RF can model the epistatic effects more efficiently than traditional 
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methods, and can be used for constructing gene networks [18]. Another important 

advantage of the random forest method is that it is capable of measuring the importance 

of variables both individually and in the context of their interactions with each other [19]. 

Therefore, the random forest method can serve as a feature selection method for data 

dimensionality reduction. Such trimmed datasets can later be analyzed by other 

analytical methods [18,19]. 

An important limitation of recursive partitioning methods is that the selection of 

the root node variable is dependent on the marginal main effect of variables [18,19], 

although this might be overcome through combining RF method with RelieF method 

[18]. 

Also, in the process of growing a tree, each node is added by testing a randomly 

selected subset of variables [18,19,213]. Therefore, although the interaction of every 

two variables is likely to be tested in at least one tree of the forest, this requires the 

number of grown trees be extremely high, which may impose a computational burden 

[15]. 

5- Pattern-recognition Based Methods 

Pattern-recognition based methods represent a class of non-parametric problem 

solving methods which are capable of efficiently dealing with complex problems such as 

epistasis. In contrast to the data dimensionality reduction methods, pattern-recognition 

based methods navigate the entire set of variables to find patterns in dataset capable of 

accounting for the problem of interest (e.g. classifying the cases and controls). 

Therefore, they don't suffer from the possibility of loss of information which may affect 

the data dimensionality reduction methods. However, despite their high power, 
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interpreting their retrieved models may not be easy especially when they find a complex 

pattern. They are also more prone to overfitting, which requires their results be validated 

through validation procedures like cross-validation which in turn may impose a 

computation burden [17]. Artificial neural networks [218–220], evolutionary 

computational strategies [221–224] and cellular automata [225] are examples of such 

methods [17]. 

A neural network is a biologically inspired computational model which mimics the 

function of neurons and neural networks in the brain in order to solve a complex 

problem. It is represented as multiple layers of interconnected processing nodes 

(neurons). “An initial pattern of input is presented to the input layer of the neural 

network, and nodes that are stimulated then transmit a signal to the nodes of the next 

layer to which they are connected. If the sum of all the inputs entering one of these 

virtual neurons is higher than that neuron's so-called activation threshold, that neuron 

itself activates, and passes on its own signal to neurons in the next layer. The pattern of 

activation therefore spreads forward until it reaches the output layer and is there 

returned as a solution to the presented input. Just as in the nervous system of biological 

organisms, neural networks learn and fine-tune their performance over time via 

repeated rounds of adjusting their thresholds until the actual output matches the desired 

output for any given input” [222]. Neural networks have shown promising performance 

in detecting the SNPs-disease associations [17]. Gunther et al. (2009), through 

computational simulation, demonstrated that neural networks outperform logistic 
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regression and MDR methods in modeling epistatic effects of genetic factors 

contributing to the genetic basis of complex diseases [226]. 

However, note that despite the high power of neural networks in solving complex 

problems, their performance is contingent upon defining a neural architecture a priori, 

which may not always be an easy and feasible task [17,227]. In addition, while 

attempting to optimize an error function, a neural network may become trapped in a 

local optimum and fail to identify the best absolute solution to the problem under 

investigation [227]. 

Evolutionary computational strategies such as Genetic Algorithm (GA) and 

Genetic Programming (GP) constitute another class of pattern-recognition based 

methods [17] which take advantage of operators inspired by evolutionary biology (like 

fitness, selection, cross-over, and mutation) to perform a more efficient search over an 

extremely large search space (solution space). These methods take use of parallel 

search algorithms to find an optimized solution to the problem of interest [221,222]. 

A Genetic Algorithm (GA) is a non-deterministic search algorithm which 

optimizes a fitness function over a very large, multidimensional search space. It has 

proven itself as a highly powerful method in solving complex problems in many 

disciplines ranging from engineering to biology [222]. The outline of the procedure 

employed by a GA is as follows: upon defining the problem of interest, a random subset 

of all potential solutions (organisms) to the problem is generated. Each solution is a 

unique combination of variables generated according to a pre-specified mathematical or 

logical model, and is represented as an encoded representation (artificial chromosome) 
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of the set of parameters describing it. The fitness of solutions is evaluated according to 

a fitness function to determine how well they solve the problem of interest. Solutions are 

then optimized through a simulated process of evolution using operators borrowed from 

evolutionary biology such as mutation, crossover and selection. Through the process of 

optimization, the parent solutions in each generation undergo changes by operators like 

mutation (which causes point alterations in the structure of each artificial chromosome) 

and crossover (which allows two different artificial chromosomes to exchange parts of 

their structure to give rise to offspring solutions) to give birth to offspring solutions. The 

fitness of offspring solutions is then evaluated, and a subset of parent and offspring 

solutions is selected to populate the next generation on the basis of a method of 

selection. For instance, the method of selection may promote the selection of the parent 

and offspring organisms with the highest fitness. This cycle continues until a solution 

with a desired fitness level is generated, or the maximum number of generations 

determined by the investigator is reached [218,221,222]. 

The GA method enjoys high flexibility and efficiency in searching through an 

extremely large solution space which may not be exhaustively searched in a timely 

manner, and through a complex fitness landscape with many local optima [222]. For 

example in a previous application, GA had a promising performance in finding a solution 

for a complex engineering problem with a solution space of 10327 potential solutions in 

two days using an ordinary engineering computer, a problem which could be solved by 

traditional methods in five years [222,228]. GAs can also successfully deal with 
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problems whose solution requires optimizing many parameters simultaneously 

[222,229,230]. 

Although (as with any other method relying on heuristic search algorithms) GAs 

may fail to find the absolute best solution, the employment of biological operators along 

with performing parallel search over the solution space provides GA-based methods 

with exceptional performance in finding the global optimum or a local optimum close to 

the global one. While the solution space is searched by a GA engine, artificial 

chromosomes have the opportunity to explore the surrounding fitness landscape 

through mutation, and to exchange the information, they have obtained, through 

crossover in order to give rise to new offspring artificial chromosomes which inherit the 

positive properties of both of their parents. The selection then ensures that more fit 

artificial chromosomes and schemata have greater chance of survival and reproduction 

than less fit ones [222]. The high power of genetic algorithms in exploring complex 

fitness landscapes has largely resulted from exploring the search space in multiple 

directions parallel to each other at the same time, through both explicitly evaluating the 

fitness of a large number of artificial chromosomes and implicitly evaluating the fitness 

of an extremely large number of schemata, as stated by schema theorem [222,228]. 

The outline of schema theorem is that while a genetic algorithm evaluates a population 

of artificial chromosomes, besides the evaluation of fitness of each artificial 

chromosome, it implicitly keeps track of the fitness of all schemata existing in the 

artificial chromosomes. For example supposing an artificial chromosome is a string like 

“1010100”, a number of its corresponding schemata are “1******”, “*0*****”, “10*****”, 
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“1***10*”. The order of a schema is defined as the number of non-star units in the string 

and its average fitness is defined as the average fitness of all artificial chromosomes 

containing that schema. By keeping track of the average fitness of different schemata, 

GAs have a tendency to increase the number of low-order schemata whose fitness is 

above the average fitness of the entire set of schemata [218,228]. 

Moreover, through adjusting the mutation and crossover rates, increasing the 

number of artificial chromosomes in each generation, and applying a selection method 

which ensures diversity of the population of artificial chromosomes in upcoming 

generations, the risk of drift and being trapped in a local optimum can be decreased 

[218]. 

However note that in spite of the high power of GA-based methods, there is no 

standard single GA framework that can be applied on various kinds of problems. 

Instead, the way through which solutions are encoded as artificial chromosomes, or the 

definition of fitness function are problem-specific issues which may affect the power of 

GAs considerably if not addressed correctly by the investigator [222]. 

Moreover, the parameters used by GAs, such as population size, mutation or 

crossover rates, and the selection method, need to be properly adjusted. For example 

using a small population size, or a selection method which is highly biased towards the 

most fit artificial chromosomes may results in an early convergence to a local optimum 

[222,229]. If the mutation rate is too high, the GA may fail to converge to a very good 

solution, except for the time elitist selection method is applied by GA [218], because 

considerable changes in artificial chromosomes may disrupt the efficient schemata 
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[222]. On the other hand, if the mutation rate is too small or the crossover rate is high, 

the risk of drift and early convergence to a local optimum increases [218]. Finally, the 

traditional methods may outperform GAs in solving problems which are analytically 

solvable in a timely manner [222]. 

Genetic programing (GP), developed by John Koza (1992) [223], is another 

evolutionary computational strategy which is similar to genetic algorithm in essence, 

with the difference that instead of optimizing a population of artificial chromosomes 

defined by the same mathematical or logical model, GP optimizes a population of 

computer programs (solutions) based on their performance in solving the problem of 

interest. Each computer program is a unique combination of variables and constants 

through a different mathematical or logical model. To illustrate this, each solution can be 

considered as a tree in which the root and internal nodes are mathematical or logical 

operators and the leaf nodes (terminal nodes) are variables and constants 

[222,223,227]. As with GAs, solutions are evaluated using a fitness function to 

determine their goodness-of-fit, and then undergo mutation and crossover (which act on 

the internal nodes to replace the node or the node and its corresponding branches) to 

give rise to offspring computer programs. The cycle of fitness evaluation and 

reproduction is repeated times and times in order to find a highly fit solution for the 

problem of interest [223,227]. 

In an example of applying genetic programming to explore higher order genetic 

interactions, Nunkesser et al. (2007) developed the GPAS (Genetic Programming for 

Association Studies) method. They demonstrated that the method was able to find 
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higher order interactions in both small and large-scale association datasets. For 

example GPAS came up with a genotypic combination of eight SNPs located in the 

ERCC2, HSD17B1, GBR2, ERK2, GSTP1, XRCC1 and MDR1 genes which was 

present in 81 cases of breast cancer and only 12 controls. Also, their method was 

successfully capable of separating individuals with Japanese and Han Chinese origin 

based on the higher-order combination of multiple SNPs for which genotyping data were 

available in the HapMap dataset [231]. 
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CHAPTER 3 
KBAS METHOD DEVELOPMENT 

Method Overview 

I propose a hypothesis-based method, called the Knowledge-Based Association 

Studies (KBAS), which combines a heuristic computational approach to the analysis of 

genome-wide association data with preexisting biological knowledge in order to 

increase our understanding of the genetic architecture of complex phenotypes. Figure 

3-1 illustrates the basic outline of the KBAS method. 

The workflow of KBAS begins with a hypothesis which is a statement that a 

particular set of genetic factors (for example a set of genes belonging to a pathway) 

contributes to the trait under investigation. Given a hypothesis formulated by the 

investigator, a set of markers (typically SNPs) is extracted and the genotypes of 

subjects in case and control groups at the marker loci under consideration are 

converted to numerical values using an encoding scheme. At the next step, the optimal 

combination of markers and their corresponding weights leading to a model with 

maximized classification ability to separate cases from controls is determined through 

an iterative adjustment procedure using Genetic Algorithms (GA) [221], which 

generates, tests and refines different models relevant to the hypothesis under 

investigation. At first, a user-defined number of potential solutions to the problem under 

consideration is generated by the GA engine of KBAS. Each solution (organism) is a 

unique combination of markers along with their respective weights assigned to them by 

the GA engine. The weight of each marker quantifies its contribution to the overall 

genotype-phenotype association. A binary encoded representation of parameters (the 
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weight of markers in this study) describing a certain solution is called an artificial 

chromosome. Different artificial chromosomes are therefore the same in terms of the 

number of marker loci they contain and are different in terms of the weights of the 

marker loci. The combination of the set of markers having non-zero weights in an 

artificial chromosome and their corresponding weights represents a model. The 

goodness-of-fit of each model in solving the problem under consideration is evaluated 

by a fitness function through a two-step procedure: at first a score is assigned to each 

subject in the case and control groups by an appropriate mathematical function on the 

basis of his/her genotype. The distributions of scores are then compared between the 

contrasting groups to evaluate the model’s ability to accurately classify subjects as 

affected or not affected, which in turn serves as the fitness value of that model. The idea 

at the base of the KBAS method is that, if the set of markers included in a model is 

relevant to the phenotype, their joint signal, obtained by combining their individual 

association signals into an overall score variable, will be able to accurately classify 

cases and controls. 

Models are then optimized through a simulated process of evolution using 

operators like mutation, crossover and selection. The optimization process ensures that 

more fit models have more chance to emerge, survive and reproduce than less fit 

models. Once the GA engine stops, either because it finds a model with the desired 

fitness level or reaches the maximum number of generations, the best-fit model is 

retrieved as the successful model. If the successful model has a fitness value more 

extreme than a pre-specified desired fitness level (adjusted for multiple testing for 
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example according to Bonferroni's correction [183,232] to account for the number of 

artificial chromosomes, of simulated generations, of investigated hypotheses and of 

pair-wise case-control comparisons performed in the analysis), and its corresponding 

fitness value proves significant in permutation testing, the model is considered as a trait-

associated model, and is then subject to replication study and further statistical 

analyses such as logistic regression analysis. A detailed explanation of the steps 

employed by KBAS is provided in the following sections. 

Step 1: Hypothesis Generation  

The KBAS method is aimed at verifying or disproving a hypothesis put forth by 

the user. In this context, the hypothesis is the statement that a particular set of genetic 

factors contributes to the trait under investigation. The set of genes to be included in a 

hypothesis will in general be determined by the investigator on the basis of existing 

biological knowledge. Biochemical and regulatory pathways, gene ontology classes, 

gene expression databases, protein-protein interactions databases, and biomedical 

literature are some examples of sources of information that can be used to generate 

relevant hypotheses [26]. 

Once a hypothesis is formulated, the KBAS method tests whether a subset of 

genetic markers related to the specified set of genetic factors (e.g. genes) is able to 

precisely separate cases from controls, when their genotype values are converted into a 

single score variable through an appropriate mathematical formula. In the following 

sections I will assume that the markers under consideration are SNPs, and therefore 

only exhibit two alleles, but the method can be applied to any kind of polymorphic 

marker, given a way of consistently encoding its genotype classes into numerical 
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values. In a typical scenario, an investigator may wish to determine which of two 

different sets of genes is more likely to be involved in a disease of interest. This 

question can be answered by creating two competing hypotheses, each producing a set 

of SNPs belonging to one of the two gene sets, and evaluating them on the basis of 

their power to discriminate cases from controls. 

Before proceeding to the hypothesis testing and refinement step, the marker 

genotypes in the contrasting groups under investigation are converted to numerical 

values using an encoding scheme. For instance under the assumption that the alleles at 

each SNP locus of interest contribute to the phenotype co-dominantly, and by 

representing the major allele (A) at each locus as 0 and the minor allele (B) as 1, the 

three possible genotypes can therefore be encoded as follows: AA=0, AB=1, BB=2 (i.e. 

the value is the number of minor alleles present in the genotype). The current 

implementation of KBAS provides users with the opportunity to specify the desired 

encoding scheme. For example, alternative encoding schemes to represent dominant 

[AA vs. (AB+BB)], over-dominant [AB vs. (AA+BB)] or recessive [(AA+AB) vs. BB] intra-

genic allelic relationships can easily be adopted. 

Step 2: Hypothesis Testing and Refinement by a Genetic Algorithm Engine  

KBAS uses a Genetic Algorithm (GA) which generates, tests and refines multi-

SNP models related to the hypothesis under investigation. The weights of SNPs are 

initialized at random in initial population of artificial chromosomes, and are adjusted over 

many simulated generations, in order to give birth to a multi-SNP model with maximized 

ability to accurately classify subjects into the case and control groups on the basis of the 

scores they receive. The GA used in this work is a variant of the CHC class of genetic 
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algorithms which was completely rewritten to serve the purpose of this study. The CHC 

class of GAs was primarily developed by Larry Eshelman (1991) [233]. “CHC stands for 

Cross generational elitist selection, heterogeneous recombination (by incest prevention) 

and Cataclysmic mutation” [234,235]. The CHC class of GAs combines a highly 

disruptive recombination method (Half Uniform Crossover), which causes each pair of 

mating artificial chromosomes to exchange half of their different bits only if they are 

structurally distant enough (incest prevention), with a conservative elitist selection 

method, which selects the best fit parent and offspring artificial chromosomes in each 

generation to populate the next generation [233,235]. It has been therefore suggested 

that CHC may outperform other GA variants [233,236]. The CHC pseudo-code is as 

follows [218,233]: 

1.  A subset of N potential solutions (organisms) to the problem under investigation 
is randomly generated to populate the initial population. Each solution is 
represented as a bit vector (artificial chromosome). 

2. The fitness of each artificial chromosome in the initial population is determined 
using a fitness function. 

3. Artificial chromosomes are randomly paired. 

4. For each pair, if the distance of the two artificial chromosomes is above a pre-
specified incest threshold, they are mated. Through the mating process they 
exchange half of their differing bits by crossover, and are also subject to point 
changes caused by mutation (a detailed explanation is provided in Chapter 3, 
“Methods of Change” section). As the consequence, a population of offspring 
artificial chromosomes is generated. 

5. The fitness of each offspring artificial chromosome is determined. 

6. Parent and offspring artificial chromosomes are pooled into a temporary 
population, and ranked based on their fitness from highest to lowest. The N best-
ranking artificial chromosomes are then selected to populate the next generation. 
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7. Steps 3 to 6 are repeated until a particular termination criterion (for instance a 
pre-specified number of generations or a pre-specified fitness level) is satisfied. 

8. If divergence occurs (i.e. the artificial chromosomes populating a generation are 
the same as those populating the previous generation), the incest threshold will 
be decreased step-by-step, and the aforementioned process is repeated until the 
time in a generation the incest threshold becomes less than zero. In such 
situations, all the artificial chromosomes in that generation are killed except with 
the one with highest fitness. Then (N-1) new artificial chromosomes are 
generated based on mutating the survived artificial chromosome. Steps 3 to 8 
are then repeated. 

Figure 3-2 illustrates the steps applied by CHC algorithm to search the solution space. 

Essential elements related to the GA engine employed by KBAS are as follows: 

1- Problem under Consideration 

The problem whose solution is supposed to be found by KBAS is to find a subset 

of genetic markers related to the hypothesis under investigation, which jointly have 

statistically different contribution to the contrasting phenotype states (e.g. diseased vs. 

healthy phenotypes). 

2- Search Space 

The search space consists of all potential solutions to the problem of interest. In 

other words, supposing the marker set selected by a hypothesis contains N SNPs, the 

search space consists of all potential single marker models as well as all potential multi-

SNP models consisting of pair-wise, three-way, …, and N-way combinations of the 

selected SNPs. Once the GA engine starts running, a random subset of the entire set of 

potential solutions to the problem of interest is generated by GA to populate the first 

generation as the initial population of artificial chromosomes. 
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3- Population Size 

The choice of population size is a problem-specific issue. However, it is obvious 

that with a larger population size, the GA engine may have a smaller chance of being 

trapped in local optima while investigating a complex fitness landscape, because it can 

more comprehensively explore the search space [218]. In the current implementation, 

KBAS provides users with the opportunity to select the population size as a parameter 

of GA. 

4- Methods of Representation 

The standard practice of encoding each model parameter (in this case, each 

marker weight) as a binary number consisting of the appropriate number of bits is 

followed to represent artificial chromosomes. Artificial chromosomes are therefore 

represented by bit vectors whose length is proportional to the number of SNPs in the set 

of markers selected by the hypothesis under investigation. In the current 

implementation, KBAS provides two alternative options to convert the bit patterns into 

weights: 

The first option is a direct binary-to-decimal conversion in which each SNP 

weight is a value greater than or equal to zero. This value ranges from zero to a 

maximum amount which is determined based on the number of bits used to represent 

weights. In the simplest case only one bit is used to represent each weight: the weight 

therefore indicates whether the corresponding SNP is present in the model or not.  With 

3 bits, the range of weights is between 0 and 7. 

The alternative option produces both negative and positive values. This option 

has been considered to cover cases in which a given SNP may be a protective rather 
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than predisposing factor. For example under this scenario, weight values would be in 

the range -3 to +4, if 3 bits are used to represent weights. 

5- Methods of Change 

The GA engine employed by KBAS takes advantage of two operators borrowed 

from evolutionary biology, i.e. cross-over and mutation, to modify parent artificial 

chromosomes in order to generate offspring artificial chromosomes. 

Cross-over. In the step in which artificial chromosomes are randomly paired, the 

similarity of the two artificial chromosomes in each pair is determines by measuring their 

Hamming distance (DH). Hamming distance is the number of positions in the two 

artificial chromosomes which have different values. For a given pair, if the Hamming 

distance is less than twice an incest threshold, which has been specified as an internal 

parameter of the GA, the mating of the two artificial chromosomes is prevented. The 

reason is that such a mating would be useless because it would give rise to offspring 

that are too similar to the parents that already exist. If the two artificial chromosomes in 

a given pair are distant enough, “Half Uniform Crossover (HUX)” occurs by which the 

two parent artificial chromosomes exchange half of their differing bits randomly to give 

rise to offspring artificial chromosomes [218,233]. 

Mutation. Furthermore, in the mating step the GA engine randomly generates 

mutations in the structure of artificial chromosomes which help increase diversity of the 

population by giving rise to offspring artificial chromosomes which have different 

structure from their parents.  

Especially, such point mutations are of high importance for soft restarts when 

divergence (i.e. the artificial chromosomes populating a generation are the same as 
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those populating the previous generation) occurs. In such cases, at first the GA engine 

attempts to overcome the issue of divergence by reducing the incest threshold step-by-

step. However, when the incest threshold becomes negative in a generation (i.e. no 

further reduction is possible), the GA kills all the artificial chromosomes in that 

generation except the one with the highest fitness. (N-1) new artificial chromosomes are 

then generated by randomly mutating different bits of the survived artificial 

chromosomes [218,233]. 

The choice of mutation rate depends on the discretion of the investigator. In the 

current implementation, KBAS provides users with the opportunity to select the mutation 

rate as a parameter of the GA. This parameter consists of three values: overall mutation 

rate, “non-zero weights to 0 weights” mutation rate, and “0 weights to non-zero weights” 

mutation rate. To reduce the number of non-zero bits in the artificial chromosomes, the 

mutation rate can therefore be biased towards “non-zero weights to 0 weights” 

transitions. This may in turn reduces the number of genetic markers (e.g. SNPs) in the 

retrieved successful model. 

6- Fitness Function 

The definition of fitness function is a critical aspect in the use of a GA. Fitness 

function provides a criterion for measuring the fitness of each organism (artificial 

chromosome) based on which the organisms are ranked, selected and given more 

chance to reproduce. The GA engine attempts to maximize the fitness function over the 

search space by favoring the survival and reproduction of solutions capable of better 

solving the problem. Therefore, it is expected that the average fitness of population of 

artificial chromosomes will increase gradually (i.e. the average fitness of population in 
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every generation is expected to be higher than that in previous generation) 

[218,221,222]. Note that the exact definition of the fitness function is a problem-specific 

issue and there is no general framework that can be applied to all kinds of problems 

under investigation [218]. 

In the current implementation of KBAS, the evaluation of fitness of each model is 

performed through a two-step procedure: at first a score is assigned to each subject in 

the contrasting groups (e.g. case vs. control groups) by combining his/her genotype 

values at the marker loci present in the model through an appropriate mathematical 

formula. The distributions of the generated score variable are then compared between 

the contrasting groups to evaluate the model’s classification ability. In other words, the 

fitness of a model is a measure of the model’s ability to discriminate cases and controls 

based on the set of scores assigned to the subjects in the contrasting groups by that 

model. 

To this end, a number of different fitness functions have thus far been designed. 

Using several alternative fitness functions will allow the user to test and find the best 

fitness function capable of identifying a combination of genetic markers jointly 

contributing to the phenotype of interest. The way the score variable is defined and 

compared between case and control groups is different from one fitness function to the 

others. A more detailed description of the alternative fitness functions employed by 

KBAS will be provided in the following sections. 

6-1- F1 fitness function 

Score variable. For each subject in the case and control groups and for each 

model, at first the weight of each marker present in the model is multiplied by the 
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numerical value of the subject's genotype (e.g. AA=0, AB=1, BB=2) at that marker 

locus. A score is then computed as the sum of these products calculated for every 

marker loci in the model, according to the following formula: 

 

  (3-1) 
 

Where Si is the score assigned to the subject i, Wj is the weight of marker locus j in the 

model under consideration, Gij is the numerical value of the genotype of the subject i at 

marker locus j, and n is the number of markers in the model under investigation. 

Method of fitness evaluation. After the scores were assigned to every subjects 

in the case and control groups by a model, the overall average of scores in the pooled 

population of the two contrasting groups, and the average of scores in case and control 

groups are determined. If the average of the case group is greater than the overall 

average, the fitness of the model is defined as the sum of the number of cases whose 

scores are smaller than the overall average and the number of controls whose scores 

are greater than the overall average. In other words, the fitness function measures the 

model’s ability to separate the scores for the cases and the controls, under the 

assumption that the scores for cases are in general greater than the scores for controls. 

If the average of the case group is smaller than the overall average, the fitness of the 

model is defined as the sum of the number of cases whose scores are greater than the 

overall average and the number of controls whose scores are smaller than the overall 

average. In other words, the fitness function measures the model’s ability to separate 
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the scores for the cases and the controls, under the assumption that the scores for 

cases are in general smaller than the scores for controls. In the ideal case, the two sets 

of scores will be perfectly separated, and the fitness value will be 0. Therefore, the F1 

Fitness function favors the lower values of the fitness. 

6-2- F2 fitness function 

In order to reduce the risk of over-fitting which may happen in cases where 

models contain a large number of markers, The F2 fitness function has been developed 

which is similar to the F1 fitness function, except that to generate more parsimonious 

models, the number of markers included in the model (i.e. the number of SNPs with a 

non-zero weight in an artificial chromosome) is taken into account when calculating the 

fitness. 

Score variable. For each subject in the case and control groups and for each 

model, a score is computed exactly as was explained for F1 fitness function. 

Method of fitness evaluation. The fitness of a model is determined by adding 

the fitness value obtained by the method of fitness evaluation described for F1 fitness 

function, to the product of the number of markers in the model multiplied by an 

appropriate factor. The choice of this factor is arbitrary and depends on the discretion of 

the investigators. The factor has been set to 40 by default. Consequently, if two models 

have the same classification accuracy, the one with fewer SNPs will be favored by F2 

fitness function. 

6-3- F3 fitness function 

Score variable. For each subject in the case and control groups and for each 

model, a score is defined as the logarithm of ratio of the conditional probabilities of the 



 

97 

subject's genotype under the two phenotype states of interest (e.g. diseased vs. 

healthy), according to the following formula inspired by the definition of Bayes factor 

[237]: 

 

S
i
= ln
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P(G i∣State2 )  (3-2) 
 

Where Si is the score assigned to the subject i, Gi is the genotype of individual i for the 

set of SNPs included in the model, and State1 and State2 are the two phenotype states 

being compared to each other, i.e. case vs. control. 

Method of fitness evaluation. Once the scores are computed for all subjects in 

the case and control groups, their distributions are compared between the contrasting 

groups using a two-sample t-test, and the t-statistic or the p-value resulting from the 

comparison of the score distributions is then used as the fitness measure for the model 

under investigation. The t-test is a parametric statistical method which determines 

whether the difference between the population means for two groups (signal) is 

significantly different from the background variation (noise) [238]. The rationale behind 

the use of this fitness function is that a model with high fitness consists of a set of 

markers whose joint contribution to the two contrasting phenotype states (e.g. diseased 

vs. healthy phenotypes) is significantly different. Such model is expected to generate 

highly different score distributions in the two groups leading to a more extreme t-statistic 

and a smaller p-value compared to those generated by a model with low fitness. 

Therefore, models with larger t-statistics and smaller fitness p-values are preferred by 

the F3 fitness function. 
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6-4- F4 fitness function  

Score variable. For each subject in the case and control groups and for each 

model, a score is computed exactly as was explained for F3 fitness function. 

Method of Fitness Evaluation. Once the scores are computed for all subjects in 

the case and control groups, the fitness is defined as the sum of the number of cases 

whose scores are smaller than zero and the number of controls whose scores are 

greater than zero. The rationale behind this fitness function is that because for each 

subject, the score is calculated as the ratio of his/her genotype under the assumptions 

of being a disease-associated genotype and a healthy phenotype-associated genotype, 

it is expected that a model containing a combination of markers which collectively 

contribute to the phenotype of interest, gives rise to some combinations of genotypes 

found more often in the case group, and some combinations of genotypes found more 

often in the control group. Therefore, the subjects in the case group are expected to 

mostly have a ratio over 1, which is converted to a positive score at logarithm scale, and 

the subjects in the control group are expected to mostly have a ratio less than 1, which 

is converted to a negative score at logarithm scale. In the ideal case, the two sets of 

scores will be perfectly separated, and the fitness value will be 0. As a result, a model 

with lower misclassification of case-control subjects is favored by the F4 Fitness 

function. 

6-5- F5 Fitness Function  

Score variable. For each subject in the case and control groups and for each 

model, a score is computed based on a weighted additive model, exactly as was 

explained for the F1 fitness function. 
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Method of fitness evaluation. Once the scores have been computed for all the 

subjects, the distribution of scores is compared between case and control groups using 

a two-sample t-test [238] to determine if the between-group difference is statistically 

different from background noise. The t-statistic or the p-value resulting from the 

comparison of the score distributions is then used as the fitness measure. The larger 

the t-statistic is, and therefore the smaller the p-value of a model is, the more 

statistically different the two groups are. Therefore, models with larger t-statistics and 

smaller p-values are favored by F5 fitness function. 

6-6- F6 Fitness Function 

Score variable. For each subject in the case and control groups and for each 

model, a score is computed based on a weighted additive model, exactly as was 

explained for the F1 fitness function. 

Method of fitness evaluation. The fitness of a model is defined as the sum of 

its corresponding t-statistics; calculated exactly the same as was explained for F5 fitness 

function; and a factor which takes into account the number of markers in the model. 

This factor is calculated using the following formula: [1-r], where r is the ratio of the 

number of markers included in the model to the total number of markers an artificial 

chromosome contains (which is equal to the total number of markers present in the 

initial set of markers). Therefore, models with fewer markers which produce more 

statistically different score distributions in the two contrasting groups, are favored by F6 

fitness function. 
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6-7- F7 Fitness Function 

Score variable. For each subject in the case and control groups and for each 

model, the ratio of the conditional probabilities of the subject's genotype under the two 

phenotype states of interest (e.g. diseased vs. healthy) is calculated for each marker 

locus present in the model. A score is then computed as the sum of these ratios 

calculated for every marker loci in the model, according to the following formula: 

 

  (3-3) 
 

Where Si is the score assigned to the subject i, Gij is the genotype of individual i at locus 

j, State1 and State2 are the two phenotype states being compared to each other, i.e. 

case vs. control, and n is the number of markers in the model under investigation. 

Method of Fitness Evaluation. Once the scores are computed for all subjects in 

the case and control groups, their distributions are compared using a two-sample t-test 

[238], as was explained for F3 fitness function. Therefore, models giving rise to larger t-

statistics and smaller p-values are favored by F7 fitness function. 

6-8- F8 Fitness Function 

Score variable. For each subject in the case and control groups and for each 

model, the ratio of the conditional probabilities of the subject's genotype under the two 

phenotype states of interest (e.g. diseased vs. healthy) is calculated for each marker 

locus present in the model, and is multiplied by the numerical value of the subject's 
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genotype at that locus. A score is then computed as the sum of these products 

calculated for every marker loci in the model, according to the following formula: 

 

  (3-4) 
 

Where Si is the score assigned to the subject i, Gij is the genotype of individual i at locus 

j, State1 and State2 are the two phenotype states being compared to each other, i.e. 

case vs. control, and n is the number of markers in the model under investigation. 

Method of Fitness Evaluation. Once the scores are computed for all subjects in 

the case and control groups, their distributions are compared using a two-sample t-test 

[238], as was explained for F3 fitness function. Therefore, models giving rise to larger t-

statistics and smaller p-values are favored by F8 fitness function. 

6-9- F9 fitness function  

The idea at the basis of this fitness function is to extend the application of KBAS 

to situations in which the combinatorial effects of genetic factors with quantitative 

measurements (such as the data obtained through microarray or RNA-Seq 

experiments) on a complex phenotype is sought. However, note that this fitness function 

can still be used for capturing the combinatorial effects of genetic factors with discrete 

measurements (such as SNP genotypes obtained from a genome-wide association 

study) on a complex phenotype. 

Score variable. For each subject in the case and control groups and for each 

model, a score is defined as the vector containing the subject’s genetic values 
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corresponding to the genetic factors included in that model. The distributions of vectors 

in case and control groups are assumed to have a multivariate normal distribution 

characterized by a mean vector (X) and a matrix of variance-covariance (C) in each 

group [239,240]. 

Method of Fitness Evaluation. Once the scores (vectors) are obtained for all 

subjects in the case and control groups, the mean vectors (i.e. Xcase and Xcontrol) and 

variance-covariance matrices (i.e. Ccase and Ccontrol) are computed for case and control 

groups. An unbiased pooled variance-covariance matrix (C), and a Hotelling's T-square 

statistic (T2-statistic) are then obtained according to the following formulas [239,240]: 

 

 
C=

[Ccase (ncase− 1)]+ [Ccontrol(ncontrol− 1)]

ncase+ ncontrol− 2  (3-5) 

 
T

2
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ncasencontrol
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'
C

− 1
(Xcase− Xcontrol)]

 (3-6) 
 

Where, ncase and ncontrol are the number of subjects in case and control groups 

respectively, Xcase and Xcontrol are the vectors of mean in case and control groups 

respectively, (Xcase – Xcontrol)' is the transpose of the vector of mean differences, and C-1 

is the inverse of the pooled variance-covariance matrix. 

To test if T2 statistic is significant, an F-statistic is then calculated. 

 

 

F=
T

2
(ncase+ ncontrol− p− 1)

[ p (ncase+ ncontrol− 2)]
 (3-7) 

 

Where, p is the number of genetic factors in the model under investigation. 
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F-statistic has an F-distribution with p and (ncase + ncontrol - p- 1) degrees of 

freedom corresponding to the numerator and denominator of the fraction, respectively. 

The F-statistic or the p-value obtained from a model will then serve as the fitness 

criterion. An F-statistic or a p-value more extreme than the significance level indicates 

that the distributions of scores of the two groups are significantly different. Therefore, 

models giving rise to larger F-statistic and smaller fitness p-value are favored by the F9 

Fitness Function. 

7- Method of Selection 

Once in a generation the fitness of each parent and offspring artificial 

chromosome is determined by the fitness function, the GA applies a method of selection 

to choose the highly fit artificial chromosomes which will populate the next generation. 

In general, there are a number of different methods of selection which can potentially be 

employed by a GA such as elitist selection, fitness-proportionate selection, roulette-

wheel selection, tournament selection, scaling selection, rank selection, generational 

selection, steady-state selection, hierarchical selection [222]. 

Because the GA employed by KBAS method is a variant of CHC class of genetic 

algorithms, it applies a cross generational elitist selection as the method of selection 

[218,233]. Given running KBAS using a population size of N, in each generation the 

fitness of parent and offspring artificial chromosomes is determined. A temporary 

population containing all the parent and offspring artificial chromosomes is then created 

in which they are ranked based on their corresponding fitness values. The N best 

artificial chromosomes are then selected to populate the next generation. Therefore, 
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each generation may retain highly fit artificial chromosomes from previous generation, 

and harbor newly generated highly fit offspring artificial chromosomes as well. 

Step 3: Permutation Test  

The successful model retrieved by the GA engine of KBAS is then evaluated by 

permutation testing to validate its suggested association with the trait of interest. 

Permutation testing (also called randomization testing) is a non-parametric statistical 

test which under the null hypothesis of no between-group differences, tests if an 

observed test-statistic has been obtained by chance (i.e. sampling error). Especially in 

cases where datasets show deviation from the assumption of normality, permutation 

can be used as an alternative to routine parametric tests [241]. 

In the current implementation of KBAS, holding the values of the generated score 

variable constant, the case-control labels of subjects in the original dataset are 

permuted. The successful model is then applied to the resulting permuted dataset and 

its corresponding fitness value is recorded. This process is repeated a large number of 

times to produce an empirical distribution of the fitness values, which can then be used 

to assess whether the fitness value obtained from comparing original case-control 

datasets is significant. 

If there are no between-group differences, test statistics resulting from different 

permutation rounds are expected to be more or less similar. Therefore, the original 

fitness value is expected not to be an extreme value. On the other hand, in case a 

successful model consists of a set of markers whose joint contribution to the two 

contrasting phenotype states (e.g. diseased vs. healthy phenotypes) is significantly 
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different, it is expected that its original fitness value would represent an extreme value in 

the resulting empirical distribution [241]. 

Step 4: Association Criteria Verification 

If a successful model derived by the GA engine of KBAS shows a fitness value 

more extreme than the user-specified fitness threshold and the model also proves 

significant under permutation testing, it is considered to be associated with the trait 

under investigation, and its fitness level can be used as a measure of the strength of the 

association. 

We can therefore conclude that the markers (e.g. SNPs) included in the model 

represent causal variants or are in linkage disequilibrium (LD) with causal variants in 

neighboring regions [6]. 

Step 5: Replication of the Results 

Like in any association study, the significant findings should be further validated 

in an independent case-control dataset to prove their replicability [147]. In the replication 

step, a score variable is generated and tested in the replication dataset using the same 

successful model that was generated and tested in the discovery dataset. If a model 

successfully discriminates cases from controls in the replication dataset and its 

permutation test p-value obtained by performing permutation testing over the replication 

dataset is also significant, it is considered replicated. 

Step 6: Further Statistical Analysis 

Once one or more successful models retrieved by the GA engine of KBAS prove 

significantly associated with the complex phenotype under investigation, further 

statistical analyses can then be performed at the discretion of the investigator. For 



 

106 

instance, a simple logistic regression analysis [242] on the score variable generated by 

each of the successful models or generated by the entire set of markers present in a 

number of successful models can be fitted to determine the odds ratio of the successful 

models under investigation. A multivariate logistic regression analysis [242] can also be 

performed on a set of score variables created by trait-associated multiple trait-

associated models to investigate the performance of the corresponding successful 

models in a multivariate setting. 

The KBAS Software 

The KBAS method described here is implemented in a freely available software 

package as a 64bit GNU/Linux command-line executable. The program allows users to 

specify the input genotype datasets (case and control groups), and the GA parameters 

such as number of organisms, number of generations, weights encoding scheme, etc.  

It also provides users with an interface to the Genephony system 

(http://genome.ufl.edu/gp/) [243] to automatically generate sets of SNPs related to the 

hypotheses under investigation on the basis of preexisting biological knowledge. The 

output of the program is a file containing the names of the markers in the successful 

model with their respective weights and functional roles. The program can also perform 

permutation testing on the successful model and write the resulting p-value on the 

output file. All the results described in the Chapter 4 of this dissertation have been 

generated using the KBAS software. A more detailed description of the KBAS software 

will be provided in the Chapter 5. 

 

http://genome.ufl.edu/gp/
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Figure 3-1. A flow chart illustrating the steps applied by the KBAS method. 
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Figure 3-2. A flow chart illustrating the steps applied by CHC class of genetic algorithm 
(GA). 



 

109 

CHAPTER 4 
KBAS METHOD EVALUATION AND RESULTS 

Method Evaluation  

Discovery Dataset  

I used the KBAS method to test a number of hypotheses that genes in a set of 

pathways related to the activity and regulation of the immune system play a role in the 

development of Rheumatoid Arthritis (RA). In addition, I tested the applicability of the 

KBAS method to other diseases like Crohn’s disease (CD) and type I diabetes (T1D). In 

particular, the results related to CD will also be described in this manuscript. The tests 

were performed using genotype and phenotype data provided by the Wellcome Trust 

Case-Control Consortium (WTCCC) [1]. Patients in the RA and CD groups served as 

cases, and healthy individuals in the 58C and NBS groups constituted the controls. 

Case and control groups contain ~2000 and ~1500 individuals respectively. Study 

subjects are of Caucasian ancestry, and each one was genotyped at around 500,000 

SNPs using the Affymetrix platform (Affymetrix GeneChip 500K Mapping Array). The 

small values of the trend test's over-dispersion parameter (λ=1.03 for RA and 1.11 for 

CD) based on principal component analysis indicates only trivial confounding effects 

exists related to the population stratification [1]. The SNP genotypes were converted to 

numerical values by representing the major allele (A) at each locus as 0 and the minor 

allele (B) as 1. The three possible genotypes were therefore encoded as follows: AA=0, 

AB=1, BB=2. Alternative encoding schemes, for example to consider dominant or 

recessive effects, can easily be adopted. 
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Using two control groups provides the advantage that the successful model 

produced by the comparison of the case group against one of the controls (e.g. RA vs. 

NBS) can be tested in two more comparisons, one between the case group and the 

other control group (e.g RA vs. 58C), and the other one between the two control groups 

(58C vs. NBS). This increases the robustness of the inferred associations and reduces 

the risk of overfitting, because the successful model should be able to separate the 

case group from the second control group, and should not be able to separate the two 

control groups from each other. This in turn shows that results are reproducible and 

provides evidence that the GA is not simply learning to classify different groups of 

subjects or finding models consisting of chance aggregations of SNPs due to small 

differences between the groups unrelated to the disease (such as those due to 

geographic or ancestral factors), but produces results that are directly related to the 

disease of interest. 

Rheumatoid arthritis is an autoimmune disorder primarily affecting joints in a 

monoarticular or oligoarticular pattern with subsequent progression to a polyarthritis with 

clinical manifestations related to inflammation of synovial membrane, and articular 

cartilage erosion and destruction. The etiology of the disease is unknown, but it seems 

both genetic susceptibility and environmental triggers contribute to the pathogenesis of 

the disease [187]. A number of previously reported RA-predisposing loci (for example 

see [1,11,188,244–246]) implicate the role of genetic factors in the process of disease 

development. 
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Crohn's disease is also a chronic immune-mediated disorder characterized by 

recurrent transmural inflammation of the gastrointestinal tract [247]. It has been 

suggested that an inappropriate immune response to microbial flora of the intestine in 

genetically susceptible individuals may play an important role in the development of this 

disease [1,248]. A previous meta-analysis reported over 71 CD-associated loci [88] 

corroborating the role of genetic factors in the disease susceptibility. The entire set of 

these predisposing loci accounts for about 21% of heritability of the disease [23]. 

Hypothesis Generation 

Due to the suggested autoimmune nature of the rheumatoid arthritis and Crohn's 

disease, I focused on 14 pathways related to different aspects of the human immune 

system as test-set pathways. Moreover, I selected 10 other pathways involved in 

processes unrelated to the immune system, and therefore are likely to be irrelevant to 

the pathogenesis of RA and CD, to serve as negative controls in this study. Table 4-1 

provides complete details on both sets of pathways. Pathway definitions were retrieved 

from the KEGG database (Kyoto Encyclopedia of Genes and Genomes: 

http://www.genome.jp/kegg/) [249]. 

For each pathway, I selected all validated SNPs found within the transcripts 

encoded by the genes belonging to it, extending up to 3,000 bp upstream and 

downstream. I then filtered this set of SNPs to retain only those that were genotyped in 

the WTCCC study. To further reduce the number of selected SNPs, KBAS provides 

users with an option to choose a subset of “representative” SNPs from each transcript 

(e.g. only one SNP), on the basis of a prioritizing rule that preferentially selects non-

synonymous coding SNPs, followed by promoter SNPs, exon-intron junction SNPs, 

http://www.genome.jp/kegg/
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synonymous coding SNPs, other exonic SNPs, and intronic SNPs. This option may 

decrease the computational burden by reducing the complexity of search space, and 

facilitate the search procedure performed by GA engine of KBAS especially if the entire 

set of SNPs generated by a hypothesis is very large and contains a few thousands of 

SNPs. Table 4-2 summarizes the functional roles of the genotyped and validated SNPs 

related to the pathways under investigation. 

Hypotheses Testing and Refinement 

For the analysis of either RA or CD datasets versus the two control groups (i.e. 

NBS and 58C) and for each of the 24 initial sets of SNPs derived from the pathways 

listed in Table 4-1, KBAS initialized a GA using a population of 200 candidate models 

(represented by artificial chromosomes, using a single bit for each SNP weight). Each 

artificial chromosome was initialized to contain non-zero weights for a random subset of 

approximately 10 SNPs. The population was then evolved over 500 simulated 

generations, and the artificial chromosome providing the best fitness value in the final 

generation was used to generate the successful model. 

The fitness of a model is a measure of the model’s ability to discriminate cases 

and controls, which in turn is calculated on the basis of the set of scores assigned by 

the corresponding model to the subjects in the case and in the control groups. In this 

study, the score corresponding to a particular model is defined, for each subject, as the 

logarithm of ratio of the conditional probabilities of the subject's genotype under the 

diseased vs. healthy phenotype states (see Chapter 3, “F3 Fitness Function” section). 

Once the scores are computed for all subjects in the case and control groups, their 

distributions are compared using a two-sample t-test, and the p-value resulting from the 
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comparison of the score distributions is used as the fitness measure. A model with 

higher fitness is expected to generate highly different score distributions in the two 

contrasting groups which in turn result in a smaller fitness p-value compared to the 

fitness p-value generated by a model with low fitness. Note that the significance level for 

interpreting the significance of fitness p-values was adjusted to 6.944x10-9 according to 

Bonferroni's correction [183,232], given the number of artificial chromosomes (n=200), 

simulated generations (n=500), investigated pathways (n=24) and pair-wise population 

comparisons (n=3) (e.g. RA vs. NBS, RA vs. 58C and 58C vs. NBS). A fitness p-value 

between 10-7 and 6.944x10-9 was considered borderline. 

Permutation Test 

To validate the significance of the fitness p-values generated in previous step, 

the goodness-of-fit of each model was assessed using permutation testing performed 

over 100,000 rounds of permutation. In each round of permutation, the case-control 

labels of the subjects were randomly permuted, and the model under consideration was 

applied to the resulting permuted datasets in order to produce a fitness p-value. After 

repeating this step for 100,000 times, the significance level of the original fitness p-

values; resulted from comparing original case-control datasets; was specified using the 

empirical distribution resulted from the entire set of permuted fitness p-values. 

For the analysis of either RA or CD datasets versus the two control groups (i.e. 

NBS and 58C), given the total number of 48 pair-wise comparisons (the number of 

investigated pathways = 24 and the number of pair-wise population comparisons = 2), a 

corrected significance threshold of 0.00104 was used according to Bonferroni's 
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correction [183,232] to interpret the results of permutation testing. A permutation test p-

value between 0.00104 and 0.05 was considered borderline. 

Comparison of RA and CD Groups against the Pooled Population of the Two 
Control Groups 

To further investigate the goodness-of-fit of the retrieved successful models, the 

case groups under consideration (i.e. RA and CD groups) were compared with the 

pooled population of the two control groups present in the WTCCC dataset, here called 

CTR. 

For each subject in case and control groups and for each successful model 

derived from 24 pathways under consideration, the score variable was generated using 

the same procedure as in the previous case-control comparisons (i.e. RA vs. NBS and 

RA vs. 58C), and the distribution of scores was compared between case and control 

groups.  The statistical significance of the fitness p-value resulting from each model was 

validated through permutation testing. The significance threshold for interpreting fitness 

p-values is the same as the one used in previous step. Given the total number of 24 

pair-wise comparisons (24 investigated pathways); a corrected significance threshold of 

0.00208 was used to interpret the results of permutation test according to Bonferroni's 

correction [183,232]. A permutation test p-value between 0.00208 and 0.05 was 

considered borderline.   

Association Criteria 

For each case vs. control comparison (e.g. RA vs. 58C, or CD vs. NBS), a model 

was considered significant if both its fitness and permutation test p-values were 
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significant, and was considered non-significant if resulted in a non-significant fitness p-

value or permutation test p-value. In all other situations, it was considered borderline.  

In comparing a case group against two control groups (e.g. RA vs. 58C, and RA 

vs. NBS), a model was considered to be in significant association with the disease 

under investigation if in both case vs. control comparisons proved significant, and was 

considered non-associated with the disease if was non-significant in at least one of the 

two comparisons. In all other situations, the model was considered in moderate 

(borderline) association with the disease of interest. 

In comparing a case group against the pooled population of the two control 

groups (i.e. RA vs. CTR, and CD vs. CTR), a model was considered as a disease 

associated model if both its fitness and permutation test p-values were significant, and 

was considered non-associated if at least one of its fitness p-value or permutation test 

p-value was non-significant. In all other situations, it was considered in moderate 

(borderline) association with the disease of interest. 

Replication Dataset 

To investigate if the association detected for RA-associated pathways can be 

generalized to other cohorts, the significance of the corresponding successful models 

was tested in an independent case-control dataset of white Americans (NARAC) [246]. 

This dataset contains genotype data for 908 patients suffering from RA as the case 

group (NARAC-A) and for 1,260 healthy individuals as controls (NARAC-C). All subjects 

are of Caucasian ancestry and were genotyped at 545,080 SNPs using the Illumina 

Infinium HumanHap550 array. The set of SNPs genotyped in this dataset is not the 

same as that in the WTCCC study, due to the different genotyping platforms used. 
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Therefore relying on linkage disequilibrium (LD) between markers in close proximity, 

SNPs in the successful models which had not been genotyped in NARAC study were 

replaced with the closest SNPs for which NARAC data was available. 

The scores produced by each of the successful models under investigation were 

calculated for the NARAC dataset exactly the same as were calculated for the WTCCC 

dataset, and their distributions were compared between case (NARAC-A) and control 

(NARAC-C) groups. The fitness p-value of each model was further validated by 

performing 100,000 rounds of permutation testing, and the resulting p-value was used 

as the replication criteria. Given the total number of pairwise comparisons (24 

investigated pathways); an adjusted significance level of 0.00208 was used as the 

significance threshold for interpreting the results of permutation testing according to 

Bonferroni's correction [183,232]. A permutation test p-value between 0.00208 and 0.05 

was considered borderline. 

Further Statistical Analysis: Logistic Regression Analysis and Disease Risk-
Score Class Diagram  

To evaluate how the disease-associated successful models produced by KBAS 

affect the risk of developing the disease under consideration, a multiple logistic 

regression model [242] was fitted using the scores produced by these models as the 

predictor variables, and the disease state (affected vs. healthy) as the response 

variable. Moreover, to investigate potential interactions among the successful models 

under consideration, all their pairwise interaction terms were included as predictor 

variables as well, and a stepwise selection procedure was applied (α-to-enter = 0.01 

and α-to-remove = 0.05) to only retain the statistically significant variables. 
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At the next step, for each subject in the case and control groups, an overall score 

variable was computed on the basis of the entire set of SNPs selected by the disease-

associated successful models. A simple logistic regression model [242] was then fitted 

using the overall score variable as the predictor variable and the disease state as the 

response variable. The purpose of this analysis was to evaluate the applicability of the 

entire set of SNPs present in the disease-associated models to predicting the risk of the 

disease.  

To illustrate the relationship between the overall score variable and the disease 

risk, the overall score variable was then discretized into multiple classes according to 

the score values corresponding to quantile values (2.5, 12, 21.5, 31, 40.5, 50, 59.5, 69, 

78.5, 88, 97.5%), and a Disease risk-Score class diagram was illustrated by computing 

the posterior probability of disease development for each class using Bayes' formula 

[237]: 

  (        |  )   
 (  |        )  (        )

 (  |        )  (        )  (  |       )  (       )
 (4-1) 

 
Where sc is the score class, and P(affected) and P(healthy) are the prior probabilities of 

a subject being in the affected or healthy groups respectively. P(sc|affected) and 

P(sc|healthy) are conditional probabilities of a subject being in a particular score class 

given the two phenotype states of interest, i.e. affected vs. healthy respectively. 

This procedure was used to generate Figures 4-1 and 4-2 illustrating Disease 

risk-Score class diagrams for Rheumatoid Arthritis and Crohn's disease, respectively. 

Logistic regression analysis was performed using SAS software (v9.2). 
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Results 

Analysis of the Rheumatoid Arthritis (RA) Dataset 

For each of the 24 initial sets of SNPs derived from the pathways listed in Table 

4-1, KBAS initialized a GA using parameters mentioned in Chapter 4, the “Hypotheses 

Testing and Refinement” sub-section of “Method Evaluation” section. 

Tables 4-3 and 4-4 summarize the p-values associated with the fitness of each 

successful model on the basis of the pairwise comparisons between the case group and 

the two control groups (i.e. RA vs. 58C and RA vs. NBS). To validate the significance of 

these fitness values, the goodness-of-fit of each model was assessed using permutation 

testing performed over 100,000 rounds. The p-values obtained from permutation tests 

are also shown in Tables 4-3 and 4-4 next to the fitness p-values. A fitness p-value < 

6.944x10-9 and a permutation test p-value < 0.00104 were considered significant 

respectively (see Chapter 4, the “Hypotheses Testing and Refinement” and 

“Permutation Test” sub-sections of “Method Evaluation” section). The association of 

each model with rheumatoid arthritis was inferred on the basis of the criteria explained 

in Chapter 4, the “Association Criteria” sub-section of “Method Evaluation” section. 

Test-set pathways 

For each of the tested pathways, with the exception of the Fc epsilon RI 

signaling, Fc gamma R-mediated phagocytosis, regulation of autophagy and T-cell 

receptor signaling pathways, KBAS was able to identify a model that classifies cases 

and controls with a highly significant p-value, ranging from 2.55x10-9 to 1.19x10-23 for the 

RA vs. 58C comparisons and from 1.23x10-9 to 1.64x10-22 for the RA vs. NBS 

comparisons. By contrast, the successful models were unable to separate the NBS and 



 

119 

58C groups, and the p-values of the comparisons were always non-significant (see 

Table 4-3). The fact that successful models derived from these 10 pathways were able 

to separate case-control groups with fitness values more extreme than the pre-

determined significance threshold comparing RA vs. NBS and RA vs. 58C, but were not 

able to discriminate the two control groups from each other, indicates that they 

represent sets of SNPs which could potentially be associated with rheumatoid arthritis. 

In permutation tests performed by comparing RA vs. 58C and RA vs. NBS, the 

fitness p-values related to all these 10 models except for those related to the chemokine 

signaling and natural killer cell mediated cytotoxicity pathways, were validated with p-

values less than 10-5, suggesting their remarkable performance in distinguishing the RA 

cohort from unaffected individuals. The eight pathways that give rise to significant p-

values in permutation test are therefore considered to be strongly associated with 

rheumatoid arthritis. 

Despite the high fitness values of the models obtained from the chemokine 

signaling and natural killer cell mediated cytotoxicity pathways, permutation testing 

suggested only moderate association of these models with rheumatoid arthritis. While 

permutation testing of the model derived from the first pathway resulted in a significant 

p-value for RA vs. 58C comparison (p < 7.3x10-4) and a borderline p-value for RA vs. 

NBS comparison (p < 3.36x10-3), the p-values resulting from permutation testing of the 

model from the second pathway were borderline for RA vs. 58C comparison (p < 

2.63x10-3) and significant for RA vs. NBS comparison (p < 08.5x10-4), respectively. 
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The successful model from the T-cell receptor signaling pathway yielded 

statistically borderline fitness values when comparing RA against 58C and NBS (p < 

5.83x10-8 and p < 8.03x10-8, respectively). Once again the comparison between the two 

control groups had a non-significant p-value. In permutation testing, the original case-

control p-values appeared to be of borderline statistical significance for both the RA vs. 

58C comparison (p < 1.11x10-3) and the RA vs. NBS comparison (p < 1.61x10-3). 

Therefore, the model derived from this pathway may also be in moderate association 

with RA. 

Finally, the successful models derived from the Fc epsilon RI signaling, Fc 

gamma R-mediated phagocytosis and regulation of autophagy pathways are not 

considered to be in association with RA because they did not produce significant fitness 

p-values and the p-values resulting from the corresponding permutation tests were non-

significant as well. 

Negative control pathways 

On all pathways in the negative control set, the method failed to produce a model 

capable of classifying cases and controls with a statistically significant fitness p-value. In 

addition, the results of all permutation tests were non-significant (p > 0.00104) (see 

Table 4-4). In three cases, namely insulin signaling, oxidative phosphorylation and 

spliceosome pathways, the fitness p-values related to the selected successful models 

were closer to the significance threshold than those of other control pathways. However, 

the fact that neither of their corresponding permutation tests was statistically significant 

confirms the poor goodness-of-fit of these models in discriminating cases from controls. 

These results are consistent with my prior expectation that these negative control 
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pathways may not be relevant to the pathogenesis of rheumatoid arthritis, and do not 

therefore lead to a significant separation of the case and control groups. 

Overall, these results indicate that the final models generated by KBAS are not 

just simple classifiers capable of learning the differences between two arbitrary groups 

of individuals. Instead, their classification power is a function of the biological relevance 

of criterion used to select the initial sets of SNPs: SNP sets derived from pathways that 

are more biologically relevant to the trait of interest will lead to more accurate and 

powerful models. This feature is especially important when one aims to test and rank 

alternative hypotheses about the trait under consideration. 

RA vs. CTR comparison 

The reproducibility of the observed associations was further evaluated by 

comparing the RA group versus the pooled population of the two control groups present 

in the WTCCC dataset [1], here called CTR, using the successful models retrieved by 

GA engine from the 24 pathways under investigation. For each model a fitness p-value 

was obtained exactly through the same procedure as was explained for the previous 

case-control comparisons (i.e. RA vs. NBS and RA vs. 58C) and the statistical 

significance of the resulting fitness p-value was validated through permutation testing. A 

fitness p-value less than 6.944x10-9 and a permutation test p-value less than 0.00208 

were considered significant based on the Bonferroni's correction method [183,232] (see 

Chapter 4, the “Comparison of RA and CD Groups against the Pooled Population of the 

Two Control Groups” sub-section of “Method Evaluation” section). A model was 

considered significant if both its fitness and permutation test p-values were significant. 
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As shown in Table 4-5, all 11 models found to be in strong or moderate 

association with RA in the previous step (RA vs. NBS and RA vs. 58C) showed 

statistically significant performance in separating RA from CTR, with fitness values less 

than 2.90x10-10 which were then validated by permutation test p-values less than 2x10-5. 

In addition, the model from the Fc gamma R-mediated phagocytosis pathway also 

yielded significant fitness and permutation test p-values (p < 9.09x10-10 and p < 3x10-4, 

respectively). Although the multi-SNP model related to the oxidative phosphorylation 

pathway had a significant fitness p-value (p < 1.72x10-9), its corresponding permutation 

test p-value was not significant (p = 0.0046). 

Table 4-6 shows the list of selected SNPs in the successful models derived from 

pathways displaying strong or moderate association with RA, the genes and 

chromosomes they belong to, their positions on their respective chromosome, and their 

functional roles. The number of SNPs in the successful models ranged from three to 

eight, which in all cases is less than 1% of the total number of SNPs in the 

corresponding initial SNP-sets (see Table 4-1). This indicates that KBAS was able to 

efficiently cope with the complexity of a very large multi-dimensional search space. 

Out of 72 total SNPs in these 12 models, two of them lie within the MHC region 

on 6p21 (chr 6: 29,910,021-33,498,585) which is a known hot spot for several 

autoimmune disorders. “rs9272346” is a promoter SNP related to the HLA-DQA1 gene 

which was previously shown to be associated with juvenile chronic arthritis [250]. On the 

other hand “rs2072633”, located in an intron of the CFB gene, is neither associated with 

RA based on previous findings nor in LD with other RA-associated SNPs according to 
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the HapMap LD data (International HapMap Project: http://hapmap.ncbi.nlm.nih.gov/). 

The fact that KBAS detected two GWAS-implicated SNPs is reassuring, although failure 

to detect others is not considered a weakness at all, given the completely different set of 

hypotheses used to find significant contributors.  In fact it may shed light on why some 

SNPs are identified in both systems. 

None of the other SNPs present in the successful models or the genes to which 

these SNPs belong is among RA-associated loci in previously published genome-wide 

association studies. There is also no evidence of linkage-disequilibrium between theses 

SNPs and other RA-associated SNPs according to the HapMap LD data. This indicates 

that the results generated by KBAS are not simply a rediscovery of strongly associated 

individual SNPs. Instead, the KBAS method is able to elucidate the joint contribution of 

previously unknown sets of SNPs to the genetic architecture of rheumatoid arthritis. 

As seen in Table 4-6, the final models for seven of the tested pathways 

contained pairs of SNPs on the same chromosome. SNPs in these pairs are not in 

linkage disequilibrium with each other according to HapMap LD data. This shows that 

there is no redundancy in the selected SNPs, and therefore all the SNPs identified by 

the method were retained in their respective successful models. 

Multiple logistic regression analysis 

To evaluate the impact of the 12 successful models previously concluded to be in 

association with RA on the risk of being affected by the disease, and to investigate 

potential interactions among them, a multiple logistic regression model was fitted by 

regressing the disease state on the score variables produced by comparing RA vs. CTR 

using each of these 12 models, along with their pairwise interaction terms (66 terms). 

http://hapmap.ncbi.nlm.nih.gov/
http://hapmap.ncbi.nlm.nih.gov/
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The multivariate model obtained from the stepwise selection procedure contained 

the score variables related to all 12 pathways except for those related to the antigen 

processing and presentation and phagosome pathways. Moreover, the interaction terms 

of the interaction between the cytokine-cytokine receptor interaction and leukocyte 

trans-endothelial migration pathways and between the cytokine-cytokine receptor 

interaction and the T-cell receptor signaling pathways were also kept in the fitted 

regression model. 

The fitted regression model had overall model p-values smaller than 10-4, and the 

covariates of the included terms were statistically significant with p-values smaller than 

0.0028. All covariates were positively correlated with the disease susceptibility with 

odds ratios between 1.652 and 2.859, except for the two aforementioned interaction 

terms which were negatively correlated with odds ratios of 0.266 and 0.182 respectively. 

The c-statistic for the model was 0.687 and the p-value of Hosmer-Lemeshow test for 

the fitted model was non-significant (p > 0.05), indicating the model's goodness-of-fit. 

Table 4-7 summarizes these results. 

Replication of the Results 

To test if the detected significant association between 12 immune system related 

pathways and RA can be generalized to other cohorts, the scores related to each of 

these successful models were calculated in the NARAC dataset [246], and their 

distributions were compared between case (NARAC-A) and control (NARAC-C) groups. 

After performing 100,000 rounds of permutation testing over each of the models, the 

significance of the primary fitness p-value was determined and used as the replication 
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criteria. The significance thresholds for interpreting the results were the same as used 

for the RA vs. CTR analysis.  

As seen in Table 4-5, five out of the 12 immune-system related pathways 

showing moderate or strong association with RA in WTCCC dataset were replicated 

with fitness p-values ranging from 5.85x10-15 to 7.17x10-25 and permutation test p-values 

less than 10-5. In addition, three models derived from chemokine signaling, leukocyte 

trans-endothelial migration and natural killer cell mediated cytotoxicity pathways 

resulted in permutation test p-values of 0.03463, 0.0031 and 0.00793 respectively and 

therefore can be considered replicated at the significance level of 0.05. None of the 

models derived from the remaining 16 pathways gave rise to a significant p-value in the 

permutation tests. Due to the different genotyping platforms, a number of SNPs present 

in the successful models were replaced by new ones to conduct the replication study, 

as explained in Method Evaluation section. Table 4-8 summarizes the list of the original 

and substituted SNPs present in the eight replicated models. The substituted SNPs are 

in the range of 39 bps to 23,342 bps away from the original ones. 

Simple Logistic Regression Analysis and Disease Risk-Score Class Diagram 

The disease state was regressed on the overall score variable computed based 

on the all 44 SNPs present in the eight models replicated in the NARAC dataset [246] to 

evaluate the applicability of this single score variable in predicting the disease risk (see 

Table 4-5 and Table 4-6). The fitted regression models for RA vs. CTR and NARAC-A 

vs. NARAC-C comparisons resulted in overall model p-values less than 10-4, and the 

covariates of the overall score variables were statistically significant (p < 10-4) showing 

positive association with the risk of rheumatoid arthritis with odds-ratios of 2.398 (95% 
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CI: 2.187 to 2.629) for the first comparison and 2.760 (95% CI: 2.439 to 3.123) for the 

second comparison. The Hosmer-Lemeshow tests corresponding to the fitted models 

had p-values greater than 0.05, indicating the adequacy of their respective models.  The 

c-statistic for the model related to the RA vs. CTR comparison was 0.66, and the one for 

the NARAC-A vs. NARAC-C comparison was 0.719. Tables 4-9 and 4-10 summarize 

the results of simple logistic regression analysis based on the overall score variables. 

To illustrate how an increase in the value of the overall score variable influences 

the risk of disease development, the range of values corresponding to each overall 

score variable was discretized into 12 bins, and for each bin the posterior probability of 

being affected was calculated. As shown in Figure 4-1, for both case-control 

comparisons the risk of development of rheumatoid arthritis increases as the score 

takes larger values. Comparing RA vs. CTR, this risk ranges from around 18% when the 

score class is lowest to around 75% when the score class is highest. For model related 

to the NARAC-A vs. NARAC-C comparison's model, the disease risk rises from around 

2% for the lowest score class to around 75% for the highest score class. This indicates 

that the scores obtained from the total set of these 44 SNPs can be used as a predictor 

to estimate the probability by which an individual may develop the disease. 

Analysis of the Crohn's Disease (CD) Dataset 

The applicability of the KBAS method to other diseases was tested in Crohn’s 

disease (CD) using the same set of 24 pathways used for RA analysis. Subjects in CD 

group served as cases and those in 58C and NBS groups served as controls (from [1]). 

Each of the 24 initial sets of SNPs extracted from the pathways under investigation was 

analyzed by the GA engine of KBAS using the strategy explained in Chapter 4, the 
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“Hypotheses Testing and Refinement” sub-section of “Method Evaluation” section. The 

successful model derived from each pathway was then validated over 100,000 rounds 

of permutation testing. A fitness p-value less than 6.944x10-9 and a permutation test p-

value less than 0.00104 were considered significant (see Chapter 4, the “Hypotheses 

Testing and Refinement” and “Permutation Test” sub-sections of “Method Evaluation” 

section). The association of each model with Crohn's disease was inferred on the basis 

of the criteria explained in Chapter 4, the “Association Criteria” sub-section of “Method 

Evaluation” section. 

Test-set and Negative Control Pathways 

As is evident in Tables 4-11 and 4-12, the three pathways namely, B-cell 

receptor signaling, cytokine-cytokine receptor interaction and T-cell receptor signaling 

pathways gave rise to multi-SNP models with statistically significant performance in 

separating the disease group from the two control groups. While they had significant 

fitness p-values comparing CD vs. 58C and CD vs. NBS (p < 1.07x10-10 and p < 

3.22x10-10 respectively), they were not able to separate the two control groups from 

each other (p > 0.0078). The models related to B-cell receptor signaling and T-cell 

receptor signaling pathways also yielded significant p-values in permutation tests on 

both the CD vs. 58C and the CD vs. NBS comparisons, and are therefore considered 

strongly associated with Crohn's disease. As the results of permutation testing indicate, 

the model derived from cytokine-cytokine receptor interaction pathway was of borderline 

statistical significance in both CD vs. 58C and CD vs. NBS comparisons (p < 0.00121 

and p < 0.00367 respectively). This may be suggestive of moderate association 

between this multi-SNP model and Crohn's disease. 
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CD vs. CTR Comparison  

The classifying performance of successful models was also tested by comparing 

disease group against pooled population of controls (CTR) (see Table 4-13). Results 

were interpreted based on the corrected significance thresholds as in the RA vs. CTR 

analysis. In this case, in addition to the three aforementioned ones, six more models 

proved significant, i.e. those derived from the antigen processing and presentation, 

complement and coagulation cascades, intestinal immune network for IgA production, 

leukocyte trans-endothelial migration, natural killer cell mediated cytotoxicity and 

oxidative phosphorylation pathways. Their fitness p-values ranged from 7.40x10-9 to 

1.16x10-15 and were verified by their respective permutation test p-values ranging form 

less than 8.5x10-4 to less than 10-5. These pathways may therefore be considered as 

being associated with Crohn's disease and should be subject to further validation 

studies in an independent dataset. Eight out these nine pathways were also in 

association with RA in the WTCCC dataset, and six of them were also among the 

pathways replicated in the NARAC dataset (see Chapter 4, the “Comparative Analysis 

of the Results” section). 

Table 4-14 summarizes the list of SNPs included in the successful models 

showing association with Crohn's disease, the genes and chromosomes they belong to, 

their positions on their respective chromosome, and their functional roles. The number 

of SNPs in these successful models ranged from 4 to 11, which in all cases is less than 

1% of the total number of SNPs in the corresponding initial SNP-sets (see Table 4-1). 

SNPs “rs1554286” from intestinal immune network for IgA production and T-cell 

receptor signaling pathways and “rs6784820” from T-cell receptor signaling pathway are 
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to some extent in LD with “rs3024505” (r2=0.043 and D'=1) and “rs9858542” (r2=0.284 

and D'=0.965), two previously recognized Crohn's disease-associated SNPs, 

respectively. 

None of the remaining SNPs in these nine models or the genes to which these 

SNPs belong is among or in linkage disequilibrium with Crohn's disease susceptibility 

loci detected by genome-wide association studies. Although SNPs “rs2569094” from 

antigen processing and presentation, “rs9724615” from B-cell receptor signaling, 

“rs428060” from complement and coagulation cascades, “rs2192752” and “rs6876446” 

from cytokine-cytokine receptor interaction, “rs1327473” from natural killer cell mediated 

cytotoxicity and cytokine-cytokine receptor interaction, “rs7555443” and “rs3808917” 

from T-cell receptor signaling and “rs1000984” from oxidative phosphorylation pathways 

are located on chromosome regions less than 1Mbps away from regions which have 

shown evidence of moderate or strong association with Crohn's disease in previous 

studies [1,88], there is no evidence of linkage disequilibrium between these nine SNPs 

and nearby CD-associated SNPs according to HapMap LD data (International HapMap 

Project: http://hapmap.ncbi.nlm.nih.gov). 

As seen in Table 4-14, the successful models from the complement and 

coagulation cascades, cytokine-cytokine receptor interaction, intestinal immune network 

for IgA production, leukocyte trans-endothelial migration, T-cell receptor signaling, and 

oxidative phosphorylation pathways contained pairs of SNPs on the same chromosome. 

The large distance between these pairs of SNPs strongly decreases the chance of 

http://hapmap.ncbi.nlm.nih.gov/
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linkage disequilibrium between them. This is verified by the lack of evidence of linkage 

disequilibrium between the aforementioned SNP pairs according to HapMap LD data. 

Multiple Logistic Regression Analysis 

Table 4-15 summarizes the results obtained from multiple logistic regression 

analysis conducted for CD vs. CTR comparison. The analysis was performed by 

regressing disease state on the score variables derived from nine successful models 

demonstrating evidence of association with Crohn's disease (see Tables 4-13 and 4-

14). The fitted regression model after step-wise model selection procedure contained 

the score variables from all nine pathways except for those from the intestinal immune 

network for IgA production and natural killer cell mediated cytotoxicity pathways. The 

overall model's p-values and the p-values of the included covariates were smaller than 

10-4. All the included score variables were positively associated with the risk of Crohn's 

disease and their corresponding odds ratios were in the range of 2.320 to 2.741. The c-

statistic for the fitted model was 0.622 and the model's goodness-of-fit was verified by a 

non-significant Hosmer–Lemeshow test (p > 0.05). 

Simple Logistic Regression Analysis and Disease Risk-Score Class Diagram 

Table 4-16 summarizes the results obtained from fitting a simple logistic 

regression model by regressing the disease state (CD vs. CTR) on the overall score 

variable derived from the entire set of 57 SNPs present in the nine CD-associated 

models (see Tables 4-13 and 4-14). The p-values of the fitted regression model and of 

the covariates of the overall score variables were statistically significant (p < 10-4), and 

the score variable was in positive association with the risk of disease with odds ratio of 
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2.506 (95% CI: 2.219 to 2.831). The c-statistic for the fitted model was 0.623 and the 

Hosmer-Lemeshow test was non-significant (p > 0.05). 

The Disease risk-Score class diagram for the CD vs. CTR comparison (Figure 4-

2) indicated that the risk of development of Crohn's disease increases with the increase 

in the score class values. This risk goes up from around 14% for the lowest score class 

to around 78% for the highest score class. 

Comparative Analysis of the RA and CD Results 

Table 4-17 provides a comparative summary of the observed disease-pathway 

associations analyzing RA and CD using WTCCC and NARAC datasets. While none of 

the negative control pathways showed association with both rheumatoid arthritis and 

Crohn's disease, there were multiple immune system related pathways in association 

with both diseases under investigation. The four models derived from antigen 

processing and presentation, complement and coagulation cascades, intestinal immune 

network for IgA production, and T-cell receptor signaling pathways were in strong 

association with rheumatoid arthritis comparing RA vs. CTR and NARAC-A vs. NARAC-

C and with Crohn's disease comparing CD vs. CTR. Although models from leukocyte 

trans-endothelial migration and natural killer cell mediated cytotoxicity pathways showed 

strong association with both rheumatoid arthritis and Crohn's disease in the WTCCC 

dataset, they were in moderate association with RA in the NARAC dataset. Models 

derived from B-cell receptor signaling and cytokine-cytokine receptor interaction 

pathways were in strong association with both diseases only in the WTCCC dataset. 
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Table 4-1. The list of pathways included in this study and their characteristics.  

Pathway KEGG ID 
Number of 

Genes 
Number of 
Transcripts 

Number of 
Validated 

SNPs 

Number of 
Validated SNPs 

in WTCCC 
Dataset 

Test Pathways 

Antigen Processing and Presentation map04612 69 111 7,950 148 

B-cell Receptor Signaling map04662 75 141 30,791 1,054 

Chemokine Signaling map04062 190 314 71,371 2,576 

Complement and Coagulation Cascades map04610 69 137 15,415 673 

Cytokine-Cytokine Receptor Interaction map04060 265 453 47,551 1,811 

Fc Epsilon RI Signaling  map04664 79 131 34,966 1,247 

Fc Gamma R-mediated Phagocytosis map04666 95 182 48,187 1,842 

Immune Network for IgA Production map04672 46 61 7,538 132 

Leukocyte Trans-endothelial Migration map04670 116 215 53,296 1,930 

Natural Killer Cell Mediated Cytotoxicity map04650 132 236 37,095 1,262 

Phagosome map04145 151 261 32,421 1,029 

Regulation of Autophagy map04140 34 45 5,342 160 

T-cell Receptor Signaling map04660 108 205 38,035 1,334 

Toll-like Receptor Signaling map04620 102 172 19,755 585 

Control Pathways 

Cardiac Muscle Contraction  map04260 73 145 33,043 1,430 

Gap Junction map04540 90 148 57,854 2,257 
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Table 4-1. Continued. 

Pathway KEGG ID 
Number of 

Genes 
Number of 
Transcripts 

Number of 
Validated 

SNPs 

Number of 
Validated SNPs 

in WTCCC 
Dataset 

Glycolysis/Gluconeogenesis map00010 64 116 10,570 392 

Insulin Signaling map04910 137 245 44,633 1,289 

Nucleotide Excision Repair map03420 44 63 10,096 319 

Oxidative Phosphorylation map00190 116 175 15,100 478 

Purine Metabolism map00230 161 296 80,663 2,845 

Pyrimidine Metabolism map00240 99 160 28,338 724 

Renin Angiotensin System map04614 17 29 3,720 125 

Spliceosome map03040 126 180 14,922 474 

Test-set contains immune system related pathways selected based on the preexisting knowledge about the 
pathogenesis of diseases under investigation (i.e. rheumatoid arthritis and Crohn’s disease) and control-set contains 
pathways which are not likely to be relevant to the pathogenesis of the diseases of interest based on the preexisting 
knowledge. 
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Table 4-2. The number of genotyped and validated SNPs in each functional role class for the test and control 
pathways analyzed in this study. 

Pathway 5'UTR Promoter 
Coding 

Sequence 
Exon/Intron 
Boundary 

3'UTR Intron Downstream 

Test Pathways 

Antigen Processing and Presentation 1 22 6 18 10 76 15 

B-cell Receptor Signaling 0 43 12 27 22 913 37 

Chemokine Signaling 2 121 26 53 38 2,213 123 

Complement and Coagulation Cascades 0 47 27 43 22 500 34 

Cytokine-Cytokine Receptor Interaction 4 168 37 67 57 1,338 140 

Fc Epsilon RI Signaling  1 58 18 29 19 1,083 39 

Fc Gamma R-mediated Phagocytosis 1 32 22 47 22 1,668 50 

Immune Network for IgA Production 0 12 0 8 8 92 12 

Leukocyte Trans-endothelial Migration 5 74 27 33 23 1,710 58 

Natural Killer Cell Mediated Cytotoxicity 2 80 22 37 28 1,038 55 

Phagosome 0 54 20 62 19 822 52 

Regulation of Autophagy 0 11 2 4 9 123 11 

T-cell Receptor Signaling 1 74 15 34 28 1,138 44 

Toll-like Receptor Signaling 2 52 8 27 17 429 50 

Control Pathways 

Cardiac Muscle Contraction  1 45 12 32 16 1,298 26 

Gap Junction 0 44 17 35 17 2,095 49 

Glycolysis/Gluconeogenesis 1 35 15 16 19 252 54 

Insulin Signaling 0 61 26 42 30 1,081 49 
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Table 4-2. Continued. 

Pathway 5'UTR Promoter 
Coding 

Sequence 
Exon/Intron 
Boundary 

3'UTR Intron Downstream 

Nucleotide Excision Repair 0 22 9 35 8 226 19 

Oxidative Phosphorylation 1 41 13 26 9 344 44 

Purine Metabolism 2 76 22 79 33 2,567 66 

Pyrimidine Metabolism 1 35 11 39 22 585 31 

Renin Angiotensin System 0 12 3 7 3 91 9 

Spliceosome 2 38 7 40 27 294 66 
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Table 4-3. The p-values associated with the pairwise comparisons of the RA group and the two control groups using 
the successful models derived from immune system related pathways.  

Pathway 58C vs. NBS RA vs. 58C RA vs. NBS 

 Fitness Fitness 
Permutation 

Test 
Fitness 

Permutation 
Test 

Antigen Processing and Presentation 0.00589 1.03x10-9 < 10-5 3.96x10-16 < 10-5 

B-cell Receptor Signaling 0.04550 4.44x10-14 < 10-5 5.79x10-13 10-5 

Chemokine Signaling > 0.05 9.76x10-11 0.00073 1.23x10-9 0.00336 

Complement and Coagulation Cascades > 0.05 1.19x10-23 < 10-5 2.31x10-20 < 10-5 

Cytokine-Cytokine Receptor Interaction 0.04981 1.09x10-20 < 10-5 1.64x10-22 < 10-5 

Fc Epsilon RI Signaling 0.03246 6.97x10-5 > 0.05 2.47x10-5 > 0.05 

Fc Gamma R-mediated Phagocytosis 0.04356 1.91x10-6 > 0.05 1.43x10-7 0.01143 

Immune Network for IgA Production 0.00408 6.65x10-11 < 10-5 4.31x10-18 < 10-5 

Leukocyte Trans-endothelial Migration > 0.05 1.11x10-17 < 10-5 2.71x10-18 < 10-5 

Natural Killer Cell Mediated Cytotoxicity 0.00437 2.55x10-9 0.00263 7.97x10-10 0.00085 

Phagosome > 0.05 2.48x10-16 < 10-5 4.34x10-17 < 10-5 

Regulation of Autophagy > 0.05 0.00941 > 0.05 0.01714 > 0.05 

T-cell Receptor Signaling 0.04116 5.83x10-8 0.00111 8.03x10-8 0.00161 

Toll-like Receptor Signaling > 0.05 6.82x10-14 < 10-5 2.68x10-12 < 10-5 

The fitness p-values measure the fitness of each successful model retrieved by Genetic Algorithm engine. They are 
calculated by comparing original case and control datasets using corresponding successful models. Permutation test 
p-values measure the significance of fitness p-values of their corresponding successful model by comparing 
permuted case and control datasets. According to Bonferroni's correction, a fitness p-value < 6.944x10-9 and a 
permutation test p-value < 0.00104 were considered significant.  
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Table 4-4. The p-values associated with the pairwise comparisons of the RA group and the two control groups using 
successful models derived from negative control pathways. 

Pathway 58C vs. NBS RA vs. 58C RA vs. NBS 

 Fitness Fitness 
Permutation 

Test 
Fitness 

Permutation 
Test 

Cardiac Muscle Contraction  > 0.05 0.01392 > 0.05 0.01158 > 0.05 

Gap Junction > 0.05 0.00051 > 0.05 0.00202 > 0.05 

Glycolysis/Gluconeogenesis  > 0.05 0.0007 > 0.05 0.00288 > 0.05 

Insulin Signaling > 0.05 4.30x10-5  > 0.05 0.000533 > 0.05 

Nucleotide Excision Repair > 0.05 0.00144 > 0.05 0.00084 > 0.05 

Oxidative Phosphorylation  0.02171  9.12x10-8 0.04476 1.26x10-6 > 0.05 

Purine Metabolism > 0.05 > 0.05 > 0.05 > 0.05 > 0.05 

Pyrimidine Metabolism  > 0.05 0.00782  > 0.05 0.03497 > 0.05 

Renin Angiotensin System > 0.05 0.00273 > 0.05 0.02638 > 0.05 

Spliceosome  0.02692 4.47x10-6 > 0.05 0.00024 > 0.05 
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Table 4-5. The p-values associated with the comparison of the RA and CTR groups and NARAC-A and NARAC-C 
using the successful models derived from pathways under consideration.  

Pathway RA vs. CTR NARAC-A vs. NARAC-C 

 Fitness Permutation Test Fitness Permutation Test 

Test Pathways 

Antigen Processing and Presentation 8.17x10-17 < 10-5 1.47x10-17 < 10-5 

B-cell Receptor Signaling  8.31x10-18 < 10-5  4.54x10-5 > 0.05 

Chemokine Signaling 1.44x10-13 < 10-5 6.47x10-8 0.03463 

Complement and Coagulation Cascades 3.11x10-28 < 10-5 7.17x10-25 < 10-5 

Cytokine-Cytokine Receptor Interaction 5.51x10-30 < 10-5 6.34x10-5 > 0.05 

Fc Epsilon RI Signaling   2.73x10-6 > 0.05 7.52x10-7 > 0.05 

Fc Gamma R-mediated Phagocytosis 9.09x10-10 3x10-4 5.65x10-17 < 10-5 

Intestinal Immune Network for IgA Production 5.99x10-19 < 10-5 1.41x10-17 < 10-5 

Leukocyte Trans-endothelial Migration 4.61x10-25 < 10-5 4.44x10-9 0.00310 

Natural Killer Cell Mediated Cytotoxicity 7.37x10-13 <10-5 5.15x10-9 0.00793 

Phagosome 2.34x10-23 < 10-5 0.00532 > 0.05 

Regulation of Autophagy 0.00172 > 0.05 9.99x10-5 > 0.05 

T-cell Receptor Signaling 2.90x10-10 2 x10-5 5.85x10-15 < 10-5 

Toll-like Receptor Signaling 2.96x10-18 < 10-5 1.96x10-4 > 0.05 

Control Pathways 

Cardiac Muscle Contraction  0.00405 > 0.05 4.44x10-5 > 0.05 

Gap Junction 7.72x10-5 0.04995 0.01804 > 0.05 

Glycolysis/Gluconeogenesis  0.00025 > 0.05  3.51x10-5 > 0.05 
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Table 4-5. Continued. 

Pathway RA vs. CTR NARAC-A vs. NARAC-C 

 Fitness Permutation Test Fitness Permutation Test 

Insulin Signaling 2.37x10-6 0.00860 0.00186 > 0.05 

Nucleotide Excision Repair 7.01x10-5 > 0.05 0.01216 > 0.05 

Oxidative Phosphorylation  1.72x10-9 0.00460 2.77x10-6 > 0.05 

Purine Metabolism  0.04224 > 0.05 > 0.05 > 0.05 

Pyrimidine Metabolism  0.00371 > 0.05 0.00034 > 0.05 

Renin Angiotensin System 0.00216 > 0.05 0.00248 > 0.05 

Spliceosome  1.09x10-6 0.02772 5.78x10-6 > 0.05 

According to Bonferroni's correction, a fitness p-value < 6.944x10-9 and a permutation test p-value < 0.00208 were 
considered significant for RA vs. CTR comparison. The p-values of the models showing significant association with 
rheumatoid arthritis comparing RA vs. CTR are in bold. Of these 12 pathways, five were replicated in NARAC 
dataset at the significance level of 0.00208 and three were replicated at the significance level of 0.05.  
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Table 4-6. The list of SNPs included in the successful models showing strong or moderate association with 
rheumatoid arthritis.  

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

Antigen Processing and Presentation Pathway 

rs9272346 HLA-DQA1 3117 Chr6 32,604,372 Promoter 

rs7760860 NFYA 4800 Chr6 41,059,873 Intron 

rs7869876 HSPA5 3309 Chr9 127,994,564 Downstream 

rs10163054 PDIA3 2923 Chr15 44,047,638 Intron 

B-cell Receptor Signaling Pathway 

rs2037547 GSK3B 2932 Chr3 119,544,615 3' UTR 

rs171649 PIK3R1 5295 Chr5 67,569,746 Exon/Intron boundary 

rs3735131 CARD11 84433 Chr7 2,962,293 Coding sequence 

rs2272733 IKBKB 3551 Chr8 42,157,902 Intron 

rs4645869 FOS  2353 Chr14 75,749,875 Downstream 

rs1013316 PRKCB 5579 Chr16 24,135,112 Exon/Intron boundary 

rs2855259 BTK 695 ChrX 100,615,478 Exon/Intron boundary 

Chemokine Signaling Pathway 

rs17110519 GNG5 2787 Chr1 84,968,749 Intron 

rs2734871 CXCR4 7852 Chr2 136,869,873 Downstream 

rs5029748 IKBKB 3551 Chr8 42,140,549 Intron 

rs3808391 LYN 4067 Chr8 56,790,649 Promoter 

rs2839686 CXCL12 6387 Chr10 44,881,455 Promoter 

rs1950501 ADCY4 196883 Chr14 24,806,800 Promoter 

rs2075019 SHC2 25759 Chr19 441,195 Intron 
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Table 4-6. Continued. 

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

rs12394147 PRKX  5613 ChrX 3,539,248 Exon/Intron boundary 

Complement and Coagulation Pathway 

rs664142 C8A 731 Chr1 57,325,855 Intron 

rs698094 MASP1 5648 Chr3 186,970,808 Intron 

rs2072633 CFB  629 Chr6 31,919,578 Intron 

Cytokine-Cytokine Receptor Interaction Pathway 

rs3748669 IL24 11009 Chr1 207,077,023 3' UTR 

rs11758366 TNFRSF21 27242 Chr6 47,253,631 Exon/Intron boundary 

rs334349 TGFBR1 7046 Chr9 101,914,387 3' UTR 

rs2870946 IL26 55801 Chr12 68,596,661 Intron 

rs8107861 IL29  282618 Chr19 39,784,152 Promoter 

rs2834213 IFNGR2 3460 Chr21 34,792,910 Intron 

rs5980890 EDA 1896 ChrX 69,232,272 Intron 

Fc Gamma R-mediated Phagocytosis Pathway 

rs4971024 PIP5K1A 8394 Chr1 151,224,320 Downstream 

rs10204214 ASAP2 8853 Chr2 9,540,849 Exon/Intron boundary 

rs352084 MARCKS 4082 Chr6 114,183,385 3' UTR 

rs7803810 SCIN 85477 Chr7 12,607,971 Promoter 

rs12280627 PAK1 5058 Chr11 77,047,679 Intron 

rs901104 GAB2 9846 Chr11 77,930,499 Exon/Intron boundary 

rs307943 PRKCG 5582 Chr19 54,404,476 Intron 
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Table 4-6. Continued 

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

Intestinal Immune Network for IgA Production Pathway 

rs291092 PIGR 5284 Chr1 207,113,230 Intron 

 rs2734871 CXCR4 7852 Chr2 136,869,873 Downstream 

rs2236938 CCR9 10803 Chr3 45,938,939 Intron 

rs9272346 HLA-DQA1 3117 Chr6 32,604,372 Promoter 

rs1800795 IL6 3569 Chr7 22,766,645 Promoter 

rs11574530  ITGB7 3695 Chr12 53,599,340 Intron 

Leukocyte Trans-endothelial Migration Pathway 

rs6999346 TRIM35 23087 Chr8 27,174,861 Promoter 

rs2839686 CXCL12 6387 Chr10 44,881,455 Promoter 

rs16931177 VCL  7414 Chr10 75,870,890 Intron 

rs11223714 JAM3 83700 Chr11 134,016,011 Exon/Intron boundary 

rs4802260 VASP 7408 Chr19 46,027,752 Exon/Intron boundary 

rs219761 CLDN14 23562 Chr21 37,839,410 Promoter/Intron 

rs5921682 NOX1 27035 ChrX 100,130,437 Promoter 

Natural Killer Cell Mediated Cytotoxicity Pathway 

rs164123 SH2D1B 117157 Chr1 162,367,654 Intron 

rs1327473 IFNGR1 3459 Chr6 137,541,230 Promoter 

rs10234438 RAC1 5879 Chr7 6,422,800 Intron 

rs10111172 TNFRSF10C 8794 Chr8 22,969,091 Intron 

rs16927724 PRF1 5551 Chr10 72,363,568 Promoter 
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Table 4-6. Continued. 

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

rs12597573 NFATC3 4775 Chr16 68,167,521 Intron 

rs11641233 NFAT5 10725 Chr16 69,734,563 3' UTR 

rs307943 PRKCG 5582 Chr19 54,404,476 Intron 

Phagosome Pathway 

rs17035245 ATP6V1E2  90423 Chr2 46,739,683 Coding sequence 

rs7622403 ATP6V1A 523 Chr3 113,472,434 Intron 

rs1017813 ITGB5 3693 Chr3 124,591,985 Intron 

rs1032070 ATP6V0A1 535 Chr17 40,618,251 Intron 

rs5921682 NOX1 27035 ChrX 100,130,437 Promoter 

T-cell Receptor Signaling Pathway 

rs27341 ITK 3702 Chr5 156,679,576 Exon/Intron boundary 

rs3735131 CARD11 84433 Chr7 2,962,293 Coding sequence 

rs7358099 CHUK 1147 Chr10 101,955,002 Intron 

rs152041 CHP2  63928 Chr16 23,765,355 Promoter 

rs3092923 CD40L 959 ChrX 135,741,185 Exon/Intron boundary 

Toll-like Receptor Signaling Pathway 

rs4256246 CXCL10  3627 Chr4 76,945,522 Promoter 

rs5743303 TLR3 7098 Chr4 186,988,853 Promoter 

rs3740720 FADD  8772 Chr11 70,053,547 Downstream 

rs2403102 TRAF3 7187 Chr14 103,306,215 Intron 

rs3027898 IRAK1 3654 ChrX 153,275,890 Downstream 

SNP positions refer to version GRCh37 of the human reference sequence. 
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Table 4-7. Multivariate regression of disease-state on the score variables derived from the successful models 
showing strong or moderate association with rheumatoid arthritis (comparing RA vs. CTR). 

Test of Overall Model  

Test  Chi-square df p-value  

Likelihood Ratio Test  529.516 12 <0.0001 

Score Test  497.930 12 <0.0001 

Wald Test  451.457 12 <0.0001 

Test of Parameters 

Parameter 
Parameter 
Estimate 

Standard 
Error 

Wald's Chi-
square 

df p-value  Odds Ratio Estimates 

      Point Estimate 
 95% Confidence 

Interval 

Intercept -0.3790 0.0312 147.7942 1 <0.0001 - - - 

Pathway 1 0.5020 0.1304 14.8224 1 0.0001 1.652 1.279 2.133 

Pathway 2 0.6809 0.1516 20.1816 1 <0.0001 1.976 1.468 2.659 

Pathway 3 0.8802 0.0990 79.0971 1 <0.0001 2.411 1.986 2.928 

Pathway 4 0.7601 0.0984 59.6341 1 <0.0001 2.139 1.763 2.594 

Pathway 5 1.0191 0.1973 26.6887 1 <0.0001 2.771 1.882 4.078 

Pathway 6 0.7184 0.1224 34.4668 1 <0.0001 2.051 1.614 2.607 

Pathway 7 0.6218 0.1108 31.4872 1 <0.0001 1.862 1.499 2.314 

Pathway8 1.0506 0.1575 44.5086 1 <0.0001 2.859 2.100 3.893 

Pathway 9 0.5614 0.1840 9.3069 1 0.0023 1.753 1.222 2.514 

Pathway 10 0.5519 0.1274 18.7555 1 <0.0001 1.737 1.353 2.229 

Pathway 4 * Pathway 7 -1.3250 0.3206 17.0822 1 <0.0001 0.266 0.142 0.498 
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Table 4-7.  Continued. 

Test of Parameters 

Parameter 
Parameter 
Estimate 

Standard 
Error 

Wald's Chi-
square 

df p-value  Odds Ratio Estimates 

      Point Estimate 
 95% 

Confidence 
Interval 

Pathway 4 * Pathway 9 -1.7018 0.5694 8.9334 1 0.0028 0.182 0.060 0.557 

Goodness-of-fit Test 

Test  Chi-square df p-value  

Hosmer - Lemeshow Test 6.9178 8 0.5455 

Pathway 1: B-cell Receptor Signaling Pathway  
Pathway 2: Chemokine Signaling Pathway  
Pathway 3: Complement and Coagulation Cascades Pathway  
Pathway 4: Cytokine -Cytokine Receptor Interaction Pathway  
Pathway 5: Fc Gamma R-mediated Phagocytosis Pathway  
Pathway 6: Intestinal Immune Network for IgA Production Pathway  
Pathway 7: Leukocyte Trans-endothelial Migration Pathway 
Pathway 8: Natural Killer Cell Mediated Cytotoxicity Pathway  
Pathway 9: T-cell Receptor Signaling Pathway  
Pathway 10: Toll-like Receptor Signaling Pathway  
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Table 4-8. The list of SNPs from NARAC study replacing the SNPs from WTCCC study for replication of the results.  

SNP in WTCCC 
Study 

SNP in NARAC 
Study 

Distance (bp) 
SNP in WTCCC 

Study 
SNP in NARAC 

Study 
Distance (bp) 

rs10163054 rs8040336 5,979 rs1800795 rs2069837 1,382 

rs9272346 rs1063355 23,342 rs291092 rs291102 6,752 

rs7760860 rs9296354 905 rs11574530  rs1554753 4,398 

rs7869876 rs16927988 1,033 rs6999346 rs6986075 39 

rs17110519 rs17365723 270 rs16931177 rs2279648 3,697 

rs2734871 rs16832740 1,997 rs11223714 rs12803146 1,435 

rs2839686 rs3780891  2,742 rs4802260 rs10995 2,402 

rs1950501 rs3212247 2,995 rs307943 rs3745405 9,378 

rs2075019 rs4919871 9,320 rs1327473 rs1327474 155 

rs664142 rs669444 6,753 rs10234438 rs2347338 4,522 

rs7803810 rs3735222 1,708 rs11641233 rs10517 9,197 

rs307943 rs3745405 9,378 rs12597573 rs2418736 12,659 

rs352084 rs7747961 7,049 rs16927724 rs3758562 1,488 

rs4971024 rs7532935 13,531 rs3735131 rs1878805 879 

rs10204214 rs10186062 1,437 rs7358099 rs12248110 246 

rs901104 rs1318241 293 rs152041 rs194821 3,372 

rs12280627 rs1377470 3,035 rs3092923 rs3092921 1,815 
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Table 4-9. Simple regression of disease-state on the overall score variable derived from the entire set of 44 SNPs 
present in the replicated RA-associated models (comparing RA vs. CTR). 

Test of Overall Model  

Test  Chi-square df p-value  

Likelihood Ratio Test  391.2276 1 <0.0001 

Score Test  368.9996 1 <0.0001 

Wald Test  346.1146 1 <0.0001 

Test of Parameters 

Parameter 
Parameter 
Estimate 

Standard 
Error 

Wald's Chi-
square 

df p-value  Odds Ratio Estimates 

      Point Estimate 
 95% Confidence 

Interval 

Intercept -0.4095 0.0301 185.4796 1 <0.0001 - - - 

Score  0.8745 0.0470 346.1146 1 <0.0001 2.398 2.187 2.629 

Goodness-of-fit Test 

Test  Chi-square df p-value  

Hosmer - Lemeshow Test 9.2494 8 0.3217 
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Table 4-10. Simple regression of disease-state on the overall score variable derived from the entire set of 44 SNPs 
present in the replicated RA-associated models (comparing NARAC-A vs. NARAC-C). 

Test of Overall Model  

Test  Chi-square df p-value  

Likelihood Ratio Test  325.0076 1 < 0.0001 

Score Test  295.5573 1 < 0.0001 

Wald Test  259.0395 1 < 0.0001 

Test of Parameters 

Parameter 
Parameter 
Estimate 

Standard 
Error 

Wald's Chi-
square 

df p-value  Odds Ratio Estimates 

      Point Estimate 
 95% Confidence 

Interval 

Intercept 0.2371 0.0561 17.8931 1 <0.0001 - - - 

Score  1.0151 0.0631 259.0395 1 <0.0001 2.760 2.439 3.123 

Goodness-of-fit Test 

Test  Chi-square df p-value  

Hosmer - Lemeshow Test 9.5291 8 0.2996 
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Table 4-11. The p-values associated with the pairwise comparisons of the CD group and the two control groups 
using the successful models derived from immune system related pathways. 

Pathway 58C vs. NBS CD vs. 58C CD vs. NBS 

 Fitness Fitness 
Permutation 

Test 
Fitness 

Permutation 
Test 

Antigen Processing and Presentation > 0.05 2.36x10-6 0.00605 7.85x10-6 0.01423 

B-cell Receptor Signaling > 0.05 1.07x10-10 0.00018 5.01x10-11 0.00002 

Chemokine Signaling > 0.05 0.00015 0.04892 0.00085 > 0.05 

Complement and Coagulation Cascades > 0.05 1.44x10-6 0.02870 6.81x10-6 > 0.05 

Cytokine-Cytokine Receptor Interaction 0.04556 7.01x10-11 0.00121 3.22x10-10 0.00367 

Fc Epsilon RI Signaling  > 0.05 0.00877 > 0.05 0.00529 > 0.05 

Fc Gamma R-mediated Phagocytosis > 0.05 > 0.05 > 0.05 > 0.05 > 0.05 

Immune Network for IgA Production > 0.05 4.51x10-7 0.00304 6.03x10-6 0.02240 

Leukocyte Trans-endothelial Migration > 0.05 1.21x10-6 > 0.05 4.89x10-7 0.03103 

Natural Killer Cell Mediated Cytotoxicity > 0.05 2.24x10-5 0.03038 2.58x10-6 0.00620 

Phagosome > 0.05 0.00021 > 0.05 4.61x10-5 > 0.05 

Regulation of Autophagy > 0.05 9.94x10-5 > 0.05 0.000310 > 0.05 

T-cell Receptor Signaling 0.00783 1.40x10-11 0.00002  8.30x10-11 0.00015 

Toll-like Receptor Signaling > 0.05 0.00113 0.02412 0.005110 > 0.05 

According to Bonferroni's correction, a fitness p-value < 6.944x10-9 and a permutation test p-value < 0.00104 were 
considered significant.  
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Table 4-12. The p-values associated with the pairwise comparisons of the CD group and the two control groups 
using the successful models derived from negative control pathways. 

Pathway 58C vs. NBS CD vs. 58C CD vs. NBS 

 Fitness Fitness 
Permutation 

Test 
Fitness 

Permutation 
Test 

Cardiac Muscle Contraction  > 0.05 5.64x10-6 > 0.05 3.43x10-5 > 0.05 

Gap Junction > 0.05 6.42x10-6 > 0.05 6.88x10-6 > 0.05 

Glycolysis/Gluconeogenesis  > 0.05 0.005020 > 0.05 0.006910 > 0.05 

Insulin Signaling  0.02463 7.86x10-6 > 0.05 9.54x10-7 > 0.05 

Nucleotide Excision Repair > 0.05 0.007380 > 0.05 0.004820 > 0.05 

Oxidative Phosphorylation  > 0.05 9.84x10-7 0.02836 5.25x10-7 0.01937 

Purine Metabolism > 0.05 0.000170 > 0.05 1.40x10-6 0.03845 

Pyrimidine Metabolism  > 0.05 0.000690 > 0.05 1.41x10-5 > 0.05 

Renin Angiotensin System > 0.05 0.000280 > 0.05 0.001050 > 0.05 

Spliceosome  > 0.05 1.13x10-6 > 0.05 5.71x10-6 > 0.05 
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Table 4-13. The p-values associated with the comparisons of the CD and CTR groups 
using the successful models derived from pathways under consideration.  

Pathway Fitness Permutation Test 

Test Pathways 

Antigen Processing and Presentation 4.50x10-9 0.00003 

B-cell Receptor Signaling 4.01x10-15 < 10-5 

Chemokine Signaling 8.59x10-6 0.00523 

Complement and Coagulation Cascades 4.32x10-9 0.00053 

Cytokine-Cytokine Receptor Interaction 1.16x10-15 < 10-5 

Fc Epsilon RI Signaling  0.00204 0.03899 

Fc Gamma R-mediated Phagocytosis > 0.05 > 0.05 

Intestinal Immune Network for IgA Production 1.76x10-9 0.00005 

Leukocyte Trans-endothelial Migration 1.49x10-9 0.00072 

Natural Killer Cell Mediated Cytotoxicity 7.40x10-9 0.00005 

Phagosome 2.75x10-6 > 0.05 

Regulation of Autophagy 3.51x10-6 0.01377 

T-cell Receptor Signaling 6.51x0-15 < 10-5 

Toll-like Receptor Signaling 8.61x10-5 0.00240 

Control Pathways 

Cardiac Muscle Contraction  2.36x10-7 0.01646 

Gap Junction 1.01x10-7 0.00479 

Glycolysis/ Gluconeogenesis  0.00207 > 0.05 

Insulin Signaling 1.15x10-8 0.01003 

Nucleotide Excision Repair 0.00109 > 0.05 

Oxidative Phosphorylation  3.57x10-9 0.00085 

Purine Metabolism   8.92x10-7 0.02956 

Pyrimidine Metabolism   9.19x10-6 > 0.05 

Renin Angiotensin System 3.19x10-5 0.04161 

Spliceosome  1.42x10-8 0.00359 

According to Bonferroni's correction, a fitness p-value < 6.944x10-9 and a permutation 
test p-value < 0.00208 were considered significant. 
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Table 4-14. The list of SNPs included in the successful models showing association with Crohn's disease.  

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

Antigen Processing and Presentation Pathway 

rs2569094 CD74 972 Chr5 149,795,052 Promoter 

rs504697 HSP90AB1 3326 Chr6 44,220,076 Exon/Intron boundary 

rs7869876 HSPA5 3309 Chr9 127,994,564 Downstream 

rs10163054 PDIA3 2923 Chr15 44,047,638 Intron 

B-cell Receptor Signaling Pathway 

rs9724615 NRAS 4893 Chr1 115,259,550 Promoter 

rs2037547 GSK3B 2932 Chr3 119,544,615 3' UTR 

rs767652 DAPP1 27071 Chr4 100,791,805 Downstream 

rs2272733 IKBKB 3551 Chr8 42,157,902 Intron 

rs290990 SYK 6850 Chr9 93,561,695 Promoter 

rs6096473 NFATC2 4773 Chr20 50,181,272 Promoter 

rs2855259 BTK 695 ChrX 100,615,478 Exon/Intron boundary 

Complement and Coagulation Cascades 

rs2935542 C1QA 712 Chr1 22,963,471 Intron 

rs671137 C8A 731 Chr1 57,319,480 Promoter 

rs428060 CFH 3075 Chr1 196,706,200 Exon/Intron boundary 

rs11117913 CR2 1380 Chr1 207,668,235 Downstream 

rs7096206 MBL2 4153 Chr10 54,531,685 Promoter 

rs3213721 VWF 7450 Chr12 6,182,753 Exon/Intron boundary 

rs5960 F10 2159 Chr13 113,801,737 Coding sequence 
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Table 4-14. Continued. 

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

Cytokine-Cytokine Receptor Interaction Pathway 

rs3748669 IL24 11009 Chr1 207,077,023 3' UTR 

rs2192752 IL1R1 3554 Chr2 102,769,373 Promoter 

rs2270418 TNFSF10 8743 Chr3 172,240,999 Exon/Intron boundary 

rs13143866 IL21 59067 Chr4 123,540,758 Intron 

rs6876446 LIFR 3977 Chr5 38,474,149 Downstream 

rs1327473 IFNGR1 3459 Chr6 137,541,230 Promoter 

rs1800795 IL6 3569 Chr7 22,766,645 Promoter 

rs6557634 TNFRSF10A 8797 Chr8 23,060,256 Coding sequence 

rs11818239 BMPR1A 657 Chr10 88,659,788 Coding sequence 

rs784894 AMHR2 269 Chr12 53,817,956 Intron 

rs11104905 KITLG 4254 Chr12 88,890,581 3' UTR 

Intestinal Immune Network for IgA Production Pathway 

rs1554286 IL10 3586 Chr1 206,944,233 Exon/Intron boundary 

rs6767853 CD80 941 Chr3 119,252,238 Intron 

rs2715260 CD86 942 Chr3 121,793,490 Intron 

rs6886399 CCL28 56477 Chr5 43,413,268 Promoter 

rs1800795 IL6 3569 Chr7 22,766,645 Promoter 

rs11574530 ITGB7 3695 Chr12 53,599,340 Intron 

Leukocyte Trans-endothelial Migration Pathway 

rs497900 PIK3CB 5291 Chr3 138,433,568 Exon/Intron boundary 

 



 

154 

Table 4-14. Continued. 

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

rs11966646 CLDN20 49861 Chr6 155,585,154 5' UTR 

rs2839686 CXCL12 6387 Chr10 44,881,455 Promoter 

rs3802903 ESAM 90952 Chr11 124,634,946 Promoter 

rs568259 VAV1 7409 Chr19 6,782,574 Intron 

rs4802260 VASP 7408 Chr19 46,027,752 Exon/Intron boundary 

rs219761 CLDN14 23562 Chr21 37,839,410 Intron 

Natural killer Cell Mediated Cytotoxicity Pathway 

rs13112866 PPP3CA 5530 Chr4 102,120,454 Intron 

rs1327473 IFNGR1 3459 Chr6 137,541,230 Promoter 

rs2126053 SYK 6850 Chr9 93,650,015 Exon/Intron boundary 

rs1062124 SHC4 399694 Chr15 49,117,549 3' UTR 

T-cell Receptor Signaling Pathway 

rs7555443 PTPRC 5788 Chr1 198,707,217 Intron 

rs1554286 IL10 3586 Chr1 206,944,233 Exon/Intron boundary 

rs7582886 NCK2 8440 Chr2 106,359,698 Promoter 

rs6784820 RHOA 387 Chr3 49,450,864 Promoter 

rs3808917 CHUK 1147 Chr10 101,990,715 Promoter 

rs12599391 NFAT5 10725 Chr16 69,605,349 Intron 

rs8090560 NFATC1 4772 Chr18 77,213,155 Intron 

Oxidative Phosphorylation Pathway 

rs2726502 PPA2 27068 Chr4 106,298,896 Intron 
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Table 4-14. Continued. 

SNP  GENE NCBI GENE ID CHROMOSOME POSITION SNP-ROLE 

rs2029623 ATP6V1F 9296 Chr7 128,507,297 Downstream 

rs2244916 PPA1 5464 Chr10 71,969,133 Exon/Intron boundary 

rs1000984 COX15 1355 Chr10 101,470,085 3' UTR 

rs3794186 TCIRG1 10312 Chr11 67,821,036 Downstream 

rs9630712 COX10 1352 Chr17 13,970,617 Promoter 

rs1032070 ATP6V0A1 535 Chr17 40,618,251 Intron 

SNP positions refer to version GRCh37 of the human reference sequence. 
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Table 4-15. Multivariate regression of disease-state on the score variables derived from the successful models 
showing association with Crohn's disease (comparing CD vs. CTR). 

Test of Overall Model  

Test  Chi-square df p-value  

Likelihood Ratio Test  259.5042 7 <0.0001 

Score Test  194.4606 7 <0.0001 

Wald Test  214.6265 7 <0.0001 

Test of Parameters 

Parameter 
Parameter 
Estimate 

Standard 
Error 

Wald's Chi-
square 

df p-value  Odds Ratio Estimates 

      Point Estimate 
 95% Confidence 

Interval 

Intercept -0.3866 0.0296 170.0454 1 <0.0001 - - - 

Pathway 1 0.9332 0.2290 16.6024 1 0.0001 2.543 1.623 3.983 

Pathway 2 0.9589 0.1375 48.6488 1 <0.0001 2.609 1.993 3.416 

Pathway 3 0.8805 0.1871 22.1391 1 <0.0001 2.412 1.671 3.481 

Pathway 4 0.9304 0.1454 40.9663 1 <0.0001 2.535 1.907 3.371 

Pathway 5 1.0084 0.2125 22.5234 1 <0.0001 2.741 1.808 4.157 

Pathway6 0.9256 0.1392 44.2113 1 <0.0001 2.523 1.921 3.315 

Pathway 7 0.8416 0.1852 20.6553 1 <0.0001 2.320 1.614 3.335 

Goodness-of-fit Test 

Test  Chi-square df p-value  

Hosmer - Lemeshow Test 7.7630 8 0.4570 

Pathway 1: Antigen Processing and Presentation Pathway 
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Pathway 2: B-cell Receptor Signaling Pathway  
Pathway 3: Complement and Coagulation Cascades Pathway  
Pathway 4: Cytokine -Cytokine Receptor Interaction Pathway  
Pathway 5:  Leukocyte Trans-endothelial Migration Pathway 
Pathway 6: T-cell Receptor Signaling Pathway  
Pathway 7: Oxidative Phosphorylation Pathway 
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Table 4-16. Simple regression of disease-state on the overall score variable derived from the entire set of 57 SNPs 
present in the CD-associated models (comparing CD vs. CTR). 

Test of Overall Model  

Test  Chi-square df p-value  

Likelihood Ratio Test  270.4568 1 <0.0001 

Score Test  174.5467 1 <0.0001 

Wald Test  219.3221 1 <0.0001 

Test of Parameters 

Parameter 
Parameter 
Estimate 

Standard 
Error 

Wald's Chi-
square 

df p-value  Odds Ratio Estimates 

      Point Estimate 
 95% Confidence 

Interval 

Intercept -0.3807 0.0297 164.6881 1 <0.0001 - - - 

Score  0.9189 0.0620 219.3221 1 <0.0001 2.506 2.219 2.831 

Goodness-of-fit Test 

Test  Chi-square df p-value  

Hosmer - Lemeshow Test 8.1880 8 0.4153 
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Table 4-17. Comparative summary of pathway associations with rheumatoid arthritis 
and Crohn's disease.  

Pathway RA vs. CTR 
NARAC-A vs. 

NARAC-C 
CD vs. CTR 

Test Pathways 

Antigen Processing and Presentation + + + 

B-cell Receptor Signaling + - + 

Chemokine Signaling + +/- - 

Complement and Coagulation Cascades + + + 

Cytokine-Cytokine Receptor Interaction + - + 

Fc Epsilon RI Signaling  - - - 

Fc Gamma R-mediated Phagocytosis + + - 

Intestinal Immune Network for IgA 
Production 

+ + + 

Leukocyte Trans-endothelial Migration + +/- + 

Natural Killer Cell Mediated Cytotoxicity + +/- + 

Phagosome + - - 

Regulation of Autophagy - - - 

T-cell Receptor Signaling + + + 

Toll-like Receptor Signaling + - - 

Control Pathways 

Cardiac Muscle Contraction  - - - 

Gap Junction - - - 

Glycolysis/Gluconeogenesis  - - - 

Insulin Signaling - - - 

Nucleotide Excision Repair - - - 

Oxidative Phosphorylation  - - + 

Purine Metabolism  - - - 

Pyrimidine Metabolism  - - - 

Renin Angiotensin System - - - 

Spliceosome  - - - 

(+) indicates that the successful model retrieved from the pathway is in strong 
association with the disease in the corresponding comparison, (-) indicates that the 
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successful model retrieved from the pathway is not associated with the disease in the 
corresponding comparison, and (+/-) indicates that the successful model retrieved from 
the pathway is in borderline association with the disease in the corresponding 
comparison. 
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Figure 4-1. Disease risk-Score class diagram for RA vs. CTR and NARAC-A vs. 

NARAC-C comparisons.  For each comparison overall score variable derived 
from the entire set of 44 SNPs present in the eight replicated RA-associated 
models was discretized into 12 bins, and for each bin the posterior probability 
of being affected by disease was calculated based on Bayes formula. 
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Figure 4-2. Disease risk-Score class diagram for CD vs. CTR comparison.  The overall 

score variable derived from the entire set of 57 SNPs present in the nine 
significant CD-associated models was discretized into 12 bins, and for each 
bin the posterior probability of being affected by disease was calculated 
based on Bayes formula. 
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CHAPTER 5 
KBAS SOFTWARE 

KBAS is a software package developed to perform genome-wide association 

studies in situations in which combinations of genetic factors jointly contribute to the 

genetic variance of a trait of interest, as is often the case in complex diseases. The 

program is highly configurable and easy to use. The KBAS software is distributed as a 

GNU/Linux command-line 64bit executable and is designed to be included in automated 

pipelines for the analysis of genome-wide association data. It implements a hypothesis-

based analytical method called knowledge-based associating studies (KBAS) which 

integrates the biological discoveries about a phenotype into the procedure of 

heuristically genomic scanning to confirm or invalidate the association between a user-

provided set of markers (typically SNPs) and the trait under investigation in a case-

control setting. A detailed description about the KBAS method has been provided in 

Chapter 3. 

Installing KBAS 

KBAS is a GNU/Linux command-line 64bit executable. The currently released 

version of KBAS is version 1.0 (v.1.0). The KBAS package can be downloaded from the 

following URL: http://genome.ufl.edu/rivalab/kbas/. 

Once the package is downloaded, copied to an appropriate directory, and 

uncompressed (i.e. by executing tar -xvf kabs-1.0.tar.gz command in terminal), a 

directory called “kbas-1.0/” is created which contains the kbas script and the demo 

script. 

http://genome.ufl.edu/rivalab/kbas/
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How Does KBAS Works? 

The KBAS software consists of three structurally separate but functionally related 

modules: SNP selection module, convert module and GA-engine module. These 

modules function together to provide an integrated workflow to extract a set of SNPs 

related to a hypothesis about the trait of interest, to convert the case-control genotype 

data to appropriate format usable by KBAS, and to generate, test and optimize multi-

marker models related to the hypothesis under investigation. 

SNP Selection Module 

The SNP selection module provides an interface through which the user can 

extract a set of SNPs on the basis of a specific query. Examples of possible queries 

include the identifier of one or more KEGG pathways or gene ontology (GO) classes, 

the identifier/symbol of one or more genes, the mRNA accession number of one or 

more transcripts, and one or more genomic regions. Moreover, the user can provide the 

SNP selection module with a list of SNPs to get a new list containing only validated 

SNPs. Table 5-1 provides a detailed description of the methods that can be used by the 

current version of KBAS to generate the set of desired SNPs. The user has the 

opportunity to either type the query terms (e.g. the identifier of one or more KEGG 

pathways) directly in the terminal or use a file containing the query terms. The user 

should also specify the pathname of an output file to which the identifiers of the desired 

SNPs are written. 

Moreover, the user can specify a maximum number of SNPs to be returned from 

each transcript related to the query (e.g. only 5 SNPs from each transcript belonging to 

the genes involved in a particular KEGG pathway). Note that in this case the returned 
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SNPs are not selected randomly, but are selected on the basis of a prioritizing rule that 

preferentially selects non-synonymous coding SNPs, followed by promoter SNPs, exon-

intron junction SNPs, synonymous coding SNPs, 3'UTR SNPs, and intronic SNPs. 

The SNPs selection procedure is invoked using the -getsnps command followed 

by the appropriate command-line arguments. Table 5-2 provides a detailed description 

of the arguments of the -getsnps command. The output file of the SNP selection module 

will later serve as one of the input files required by the GA-engine module. 

An example of running the SNP selection module of KBAS. Suppose we are 

interested in getting a list of at most five SNPs from each transcript belonging to the 

genes involved in Insulin Signaling (KEGG ID: map04910) and T-cell Receptor 

Signaling (KEGG ID: map04660) pathways, and storing the identifier of the resulting set 

of SNPs in a file called “snps-out.txt” in the current directory. This can be accomplished 

running the -getsnps command with the following arguments: 

kbas -getsnps -snp-method 1 -snp-query map04910,map04660 -snp-outfile 
snps-out.txt -snp-count 5 

The -snp-infile argument has not been specified because in this example the query 

terms (i.e. map04910, map04660) has directly been specified in the terminal through 

the -snp-query argument. Note that either -snp-query argument or -snp-infile argument 

must be specified and both of them cannot be used at the same time  

Convert Module 

The convert module is responsible for converting the case-control genotypes files 

into the binary format which is the file type required by the GA-engine module of the 

KBAS software. The genotyping data for case and control groups can be either in one 
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single file or in separate files. If the genotyping data of the contrasting groups are in 

separate files, the conversion of the data related to each group is conducted separately. 

The input genotypes file can be either in csv, csv2 or vcf format, and contains the 

name/identifier of the subjects, the name/identifier of the genotyped SNPs, and the 

allelic values for each genotyped SNP. Data in different fields can be separated by one 

of the following delimiters: tab, comma, space, colon, and semicolon. Note that the two 

alleles for each genotyped SNP can be in separate columns or in one single column in 

which alleles can be either separated by a delimiter like “/” or be represented without 

any delimiter in between (for instance, the alleles can be represented as T/C, or TC). 

Also, the name/identifier of the case and control subjects for whom genotyping has 

been performed can be provided in a file separate from the aforementioned genotypes 

files. If the genotypes of both cases and controls are included in a single input file, the 

file should contain a field specifying the subject classification labels.  

The convert command generates three output files: “P.bin”, “P-names.txt” and “P-

snps.txt”, where P is a common prefix specified by the user.  The three files contain the 

genotypes in binary format, the name/identifier of the subjects included in the study, and 

the name/identifier of the SNPs which have been genotyped in the study, respectively. 

The conversion of provided input file into binary format is performed by the -

convert command followed by the appropriate command-line arguments. Table 5-3 

provides a detailed description of the arguments of the -convert command. 

An example of running the convert module of KBAS. Suppose a genotypes 

file called “case-genotypes.csv” is located in the “~/data/” directory. The file is in “csv” 
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format and contains genotypes only for the case group, with the identifier of the 

genotyped SNPs in column 1, the name/identifier of subjects in column 2, and both 

alleles for each genotyped SNP in column 3. The columns are separated by “tab” 

delimiter. Running the -convert command with the following arguments will convert the 

input file into the appropriate binary format and store the three converted files in the 

“~/data/conv/” directory with the prefix-name of “case-group”. The three converted 

output files will be: “case-group.bin”, “case-group-names.txt” and “case-group--snps.txt”. 

kbas -convert -conv-in ~/data/case-genotypes.csv -conv-dir ~/data/conv/ -
conv-prefix case-group -conv-format csv -conv-delim tab -conv-marker-col 1 
-conv-subj-col 2 -conv-allele-col 3 

Note that four arguments related to -convert command (i.e. -conv-class-col, -conv-allele-

delim, -conv-names-from, -conv-names-col arguments) have not been specified 

because the input genotypes file only contains data from case group and therefore all 

the subjects have the same classification label, the two alleles of each genotyped SNP 

are in the column 3 but have not been separated by a delimiter character, and finally the 

name/identifier of the genotyped subjects are not in a file separate from the input 

genotypes file. 

GA-engine Module 

Once the case-control genotypes files converted to the appropriate format and 

the file containing the list of SNP identifiers related to the hypothesis under investigation 

are ready, they serve as the required input files for the GA-engine module, the analytical 

core of the KBAS software. This module generates, evaluates, and refines multi-SNP 

models with the aim of investigating if there exists any combination of SNPs which is 



 

168 

associated with the trait under investigation. Such association is measured as the 

classification performance of the corresponding multi-SNP model. 

The GA-engine module of KBAS is invoked using the -run command and its 

relevant command-line arguments. Tables 5-4 and 5-5 provide a detailed description of 

the arguments of this command. 

At first, the genotypes of subjects in the case and control groups need to be 

converted into numerical values according to an encoding scheme specified by the 

user. The current implementation of KBAS provides users with the opportunity to test 

alternative encoding schemes related to various intra-genic relationship between alleles 

(e.g. dominance, partial-dominance or over-dominance relationships). For instance, the 

three possible genotypes at each SNP locus can be encoded as AA=0, AB=1, and 

BB=2 under the assumption of a co-dominant additive relationship between the major 

(A) and minor (B) alleles at the locus. As another example, over-dominant allelic effects 

can be investigated by encoding the SNPs genotypes as AA=0, AB=1, and BB=0. By 

testing alternative encoding schemes, the user will be able to obtain optimized multi-

SNP models with respect to both the inter-genic epistatic effects of SNPs and the intra-

genic relationship between alleles at each locus.  

The GA engine is then initialized by a user specified number of randomly 

generated solutions (organism) to the problem under investigation, also called 

population size. These organisms are internally represented as bit vectors (artificial 

chromosomes), whose length is proportional to the number of SNPs existing in the set 

of SNPs initially generated by the hypothesis of interest.  
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The weights of the SNPs loci located on artificial chromosomes are assigned and 

adjusted by the GA-engine module of KBAS. The number of bits used to assign weights 

to SNPs is determined by the user.  For instance in the simplest case in which only one 

bit is used, each SNP's weight can be either 0 or 1: the weight therefore indicates 

whether the corresponding SNP is present in the model or not.  If 3 bits are used to 

weight the SNPs, the weights would range from 0 to 7. A collection of SNPs with non-

zero weights present in an artificial chromosome along with their respective weights is 

called a model. 

Models are evaluated by a fitness function which measures how well they fit the 

available datasets, and are optimized over a number of simulated generations specified 

by the user. The KBAS software provides the user with an option to select one of 

several available fitness functions, each one providing a distinct way to convert the 

genotype of each subject into a score, and to compare the distributions of resulting 

scores between the case and control groups. Table 5-6 provides a detailed description 

of the fitness functions available in the current version of KBAS. The list of all available 

fitness functions can be printed on the terminal by running the kbas -listga command. 

The process of optimizing the multi-SNP models by the GA engine takes use of 

operators borrowed from evolutionary biology such as mutation and crossover. In the 

current implementation of KBAS, the user can adjust the mutation rate using three 

arguments related to the -run command. The first one specifies the “overall mutation 

rate” at which the weight of individual SNPs may be mutated in each generation. The 

other ones are “zero to non-zero mutation rate” and “non-zero to zero mutation rate” 
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specifying the probabilities by which a mutation can mutate a zero weight of individual 

SNPs to non-zero values in each generation, and vice versa. If the user is interested in 

obtaining a more parsimonious multi-SNP model, he/she can adjust these mutation 

rates so that the “non-zero to zero” mutations are favored. 

The GA stops either when the maximum number of generations is reached, or 

when the fitness of the best model in a particular generation exceeds a significance 

threshold. These two stop criteria can be specified by the user in the current 

implementation of KBAS. 

Consequently over many generations, the GA-engine module refines the initial 

set of SNPs by removing SNPs of less contribution to the trait under investigation, and 

produces a final model (successful model) that best fits the fitness function. The 

successful model can then be subject to further validation by permutation testing over 

user specified rounds of permutation. 

The user can also specify the number of cores employed by the GA-engine 

module if KBAS is run on a multi-core computer. The output of the GA-engine module, 

displayed on the terminal, contains the identifiers of SNPs present in the retrieved 

successful model, along with their respective weights, followed by the fitness of the 

retrieved model and the permutation test p-value if permutation testing has been 

requested. If an output file has also been requested by the user, the output of the GA-

engine module is written to the user specified file in a machine-readable format. 

An example of running the GA-engine module of KBAS. Suppose the 

converted genotypes files corresponding to the case and control groups have been 
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stored in the “~/data/conv/” directory (e.g. the “case-group.bin” and “ctrl-group.bin” files). 

The desired list of SNPs has also been extracted (e.g. the “snps-out.txt” file) and stored 

in the “~/data/marker/” directory. We are interested in running the GA-engine module 

using the following parameters: 

1. A numerical encoding scheme on the basis of dominant relationship between alleles 
at each locus (e.g. AA=0, AB=BB=2)  

2. 200 artificial chromosomes (solutions) in each generation 

3. A maximum number of 1000 generations 

4. One bit to weight each SNP in artificial chromosomes 

5. An approximate initial number of 10 SNPs with non-zero weights in the artificial 
chromosomes initializing the first generation 

6. The GA class 1 (see Table 5-6) which defines the score as the weighted sum of the 
genotypes of each subject over the SNPs loci present in the model under 
consideration, and then uses the t-statistic resulting from comparing the score 
distributions between the case and control groups as the measure of the fitness for 
that model 

7. A t-statistic of at least 6 as the fitness threshold used to label a model as significant 

We also wish to run the GA-engine module on a multi-core computer using 4 cores, to 

perform 10000 rounds of permutation testing over the final successful model, and to 

store the results as the “output.txt” file in the “~/data/output/” directory. The 

corresponding -run command will require the following arguments: 

kbas -run -case ~/data/conv/case-group.bin -ctrl ~/data/conv/ctrl-group.bin -
markers ~/data/marker/snps-out.txt -ga-class 1 -ga-enc 022 -ga-pop 200 -
ga-gen 1000  -ga-bits 1 -ga-num 10 -ga-thld 6 -ga-rnd 10000  -ga-cores 4 -
ga-out ~/data/output/output.txt 

Help  

The -help getsnps, -help convert or -help run commands prints a general 

description about the -getsnps, -convert and -run commands, respectively. Also, the      
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-help Getsnps, -help Convert or -help Run commands can be used to get a detailed 

description of all the command-line arguments available for the -getsnps, -convert and   

-run commands, respectively. 

Moreover, the KBAS package includes an interactive demonstration which 

explains the basic steps in running the program. Running the demonstration before 

starting to use KBAS is highly recommend, since it will provide the user with an 

overview of the KBAS workflow and with a description of its most important command-

line options. To run the demonstration, start the demo script using -demo command, 

and follow the instructions step-by-step. 
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Table 5-1. Description of the various methods can be used to generate the desired list 
of SNPs by the -getsnps command. 

Method of SNPs 
Selection 

Method 
ID 

Description 

 SNPs From Pathways 1 

Given one or more KEGG pathway identifiers, 
retrieves the list of all validated SNPs in genes 
belonging to these pathways. 
Example query: map00010,map00020 

SNPs From Gene 
Ontology Classes 

2 

Given one or more gene ontology class identifiers, 
retrieves the list of all validated SNPs in genes 
belonging to these classes. 
Example query: GO:0002021,GO:0034384 

SNPs From Genes 
(Using Gene IDs) 

3 

Given one or more Entrez gene identifiers, 
retrieves the list of all validated SNPs belonging to 
these genes. 
Example query: 348,1557 

SNPs From Genes 
(Using Gene Symbols) 

4 

Given one or more HGNC gene symbols, 
retrieves the list of all validated SNPs belonging to 
these genes. 
Example query: APOE,CYP2C19 

SNPs From Genes 
(Using mRNA Accession 

Numbers) 
5 

Given one or more Gene Bank mRNA accession 
numbers, retrieves the list of all validated SNPs 
belonging to these transcripts. 
Example query: NM_000041,NM_000769 

 SNPs From Regions 6 

Given one or more genomic regions, retrieves the 
list of all validated SNPs belonging to these 
regions.  
Example query: 
chr19:45409038-45412649,chr10:96522462-
96612670 

Validated SNPs From a 
List of SNP Identifiers 

7 
Given a list of SNPs, retrieves all validated SNPs 
existing in the list.  
Example query: rs10009,rs10010 
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Table 5-2. Description of the arguments of the -getsnps command.  

Argument Description of the Value Assigned to the Argument 

-snp-method 

This argument specifies the method employed to generate the desired 
list of SNPs. This argument takes as value a number that identifies the 
desired method. Please use the -getsnps command with no other 
arguments to get a list of all available methods. The number preceding 
each method is the value that should be used for this argument. A more 
detailed description of the different available methods can also be found 
in Table 5-1. 

-snp-query 

The query terms, which are used to generate the desired list of SNPs, 
are specified through this argument on the command line (terminal). For 
example, when using method 1, the value of this argument should be 
one or more pathway identifiers. To specify more than one query term, 
separate them with a single comma (with no spaces). All query terms 
should be of the same type (e.g. pathway identifiers, mRNA accession 
numbers), and should be appropriate for the method selected with -snp-
method argument. To read query terms from a file instead of from the 
command line, please use the -snp-infile argument. Note that only one of 
-snp-query and -snp-infile arguments must be specified, but not both at 
the same time. 

-snp-infile 

This argument specifies the pathname of the file containing the query 
terms which are used to generate the desired list of SNPs. The file 
should be a plain text file, with one term per line. If the file is tab-
delimited with multiple columns, query terms will be read from the first 
column. All query terms should be of the same type (e.g. pathway 
identifiers, or mRNA accession numbers), and should be appropriate for 
the method selected with -snp-method argument. To specify query terms 
on the command line (terminal) instead of reading them from a file, 
please use the -snp-query argument. Note that only one of -snp-query 
and -snp-infile arguments must be specified, but not both at the same 
time. 

-snp-outfile 
This argument specifies the pathname of the output file that the 
identifiers of the desired list of SNPs will be written to. Note that this file 
will be created if it does not exist, and overwritten if it already exists. 

-snp-count 

This argument specifies the maximum number of SNPs from each 
transcript that should appear in the resulting list of SNPs (e.g. only 5 
SNPs from each transcript related to the genes belonging to a particular 
KEGG pathway). If this argument is specified, SNPs related to each 
transcript are selected on the basis of a prioritizing rule that preferentially 
selects non-synonymous coding SNPs, followed by promoter SNPs, 
exon-intron junction SNPs, synonymous coding SNPs, 3'UTR SNPs, and 
intronic SNPs (i.e. SNPs are not selected randomly). 
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Table 5-3. Description of the arguments of the -convert command. 

Argument Description of the Value Assigned to the Argument 

-conv-in  
This argument specifies the name of the input file containing the 
genotypes of cases and/or controls. 

-conv-dir  

This argument specifies the pathname of an existing directory where 
the resulting converted files will be saved. If this argument is not 
provided, the program will use the current directory by default to 
store the converted files. 

-conv-prefix  

The conversion process will create three output files named P.bin, 
P-names.txt, and P-snps.txt, where 'P' is the prefix specified through 
this argument. If this argument is not specified, the program will use 
'CONV-DATA' by default as the prefix to name the output files. 

-conv-format  

This argument specifies the format of the input file containing the 
genotypes. Recognized formats are 'vcf', 'csv', or 'csv2'. The 'csv' 
format requires the genotypes file to be a delimited file in which both 
alleles of the genotyped markers (e.g. SNPs) are stored in the same 
column (possibly separated by a character, e.g. C/T). The 'csv2' 
format refers to a delimited genotypes file in which the two alleles of 
the genotyped markers are stored in separate columns. Please use 
the -conv-allele-col argument to specify the column number of the 
column(s) containing the alleles, and -conv-allele-delim argument to 
specify the character separating the two alleles if both are in the 
same column and are separated by a delimiter. 

-conv-delim  

When using the 'csv' or 'csv2' format, this argument is used to 
specify the delimiter separating the fields (columns) in each row. 
Possible values are: 'tab', 'comma', 'space', 'colon', 'semicolon'. If 
this argument is not specified, the program will try to automatically 
detect the delimiter. 

-conv-marker-col  

This argument specifies the column number of the column 
containing the identifier of the genotyped markers in the input 
genotypes file. If this argument is not specified, the program will 
assume that marker identifiers are in the first column. 

-conv-subj-col  

This argument specifies the column number of the column 
containing the name/identifier of the subjects in the input genotypes 
file. If this argument is not specified, the program will assume that 
subject names/identifiers are in the second column. 
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Table 5-3. Continued. 

Argument Description of the Value Assigned to the Argument 

-conv-class-col  

This argument is used when the input genotypes file contains 
subjects of different classes (e.g. 0=unaffected, 1=affected). In such 
cases, this argument specifies the column number of the column 
containing the classification label used to classify the subjects. If this 
argument be specified, the conversion process will create multiple 
sets of output files, one for each class of the contrasting groups. 

-conv-allele-col  

This argument specifies the column number of the column(s) 
containing the alleles of the genotyped markers in the input 
genotypes file. When the input file is in the 'csv' format (both alleles 
of each genotyped marker are contained in a single column), please 
specify a single number. When the input file is in the 'csv2' format 
(the two alleles of each genotyped marker are in separate columns), 
please specify two column numbers separated by comma (e.g. 3,4). 

-conv-allele-delim  

This argument specifies the character separating alleles if both 
alleles are in the same column in the input genotypes file, and there 
exists any delimiter in between (e.g. / for alleles represented as 
'A/C'). If this argument is not specified, the program assumes that 
both alleles are in the same column and are not separated by any 
delimiter character (e.g. 'AC'). 

-conv-names-
from  

This argument specifies the pathname of the file containing the 
name/identifiers of the genotyped subjects, if the input genotypes file 
doesn't contain this information. 

-conv-names-col  
This argument specifies the column number of the column 
containing the name/identifier of the genotyped subjects in the file 
specified by -conv-names-from argument. 
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Table 5-4. Description of the required arguments of the -run command.  

Argument Description of the Value Assigned to the Argument 

-case  
This argument specifies the pathname of the '.bin' file created using the      
-convert command on the input genotypes file for the case group (e.g. 
~/.../case.bin). 

-ctrl  
This argument specifies the pathname of the '.bin' file created using the      
-convert command on the input genotypes file for the control group (e.g. 
~/.../ctrl.bin). 

-markers  

This argument specifies the pathname of the file containing the identifiers 
of markers (e.g. SNPs) used by KBAS to generate multi-marker models, 
and to evaluate their association with the trait of interest (e.g. ~/.../SNPs-
out.txt). These markers are selected by the user on the basis of preexisting 
biological knowledge about the trait under investigation. The -getsnps 
command can also be used to generate sets of SNPs belonging to specific 
pathways or gene ontology classes, or belonging to a number of genes, 
transcripts, or chromosomal regions.  
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Table 5-5. Description of the optional arguments of the -run command.  

Argument Description of the Value Assigned to the Argument 

-ga-enc  

This argument allows the user to define how different genotype 
classes of each marker should be converted to numeric values (e.g. 
0,1,2). Indicating the major allele at each locus with A and the minor 
allele as B, the three possible genotypes (AA, AB, BB) can be 
numerically encoded under various assumptions related to the intra-
genic relationship between the alleles (e.g. dominance, partial-
dominance or over-dominance relationships). For instance, an 
encoding schema as AA=0, AB=1, and BB=2 refers to a co-dominant 
additive relationship between the major and minor alleles at the 
marker locus. This argument takes as value a three-digit number 
between 000 and 999 (e.g. 012), where the first number (here 0) 
specifies the numeric value of AA genotype, the second number (here 
1) shows the numeric value of AB genotype, and the third one (here 2) 
refers to the numeric value of BB genotype. If this argument is not 
specified, the program will use '012' encoding by default. 

-ga-class  

This argument specifies the GA class used for the analysis. Each of 
the pre-defined GA classes provides a different way to determine the 
score variable, and a different fitness function to measure the fitness 
of generated models. Please use the kbas -listga command to get a 
list of all available GA classes. The number preceding each GA class 
is the value that should be used for this argument. If this argument is 
not specified, the program will use GA class '1' by default. 

-ga-gen  

This argument specifies the maximum number of generations the GA 
engine should run for if a model with the desired level of fitness is not 
obtained in any generation. It should be an integer number greater 
than zero. If this argument is not specified, the program will run for 
1000 generations by default.  

-ga-pop  

This argument specifies the number of artificial chromosomes 
generated and evaluated in each generation of GA. Each artificial 
chromosome represents a different model being evaluated. The value 
of this argument should be an integer number greater than zero. If this 
argument is not specified, the program will use a default value of 500. 

-ga-bits  

This argument specifies the number of bits used for giving weight to 
each marker in each artificial chromosome. It should be an integer 
number greater than zero. For example in the simplest scenario of 
using one bit to represent individual marker's weights, each weight can 
be either 0 or 1: the weight therefore indicates whether the 
corresponding marker is present in the model or not.  With 3 bits, the 
weights of the SNPs would range from 0 to 7. If this argument is not 
specified, the program will use 1 bit for each marker by default. 
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Table 5-5. Continued. 

Argument Description of the Value Assigned to the Argument 

-ga-num  

This argument specifies the approximate number of markers with non-
zero weights when artificial chromosomes are initialized in the first 
generation. This corresponds to the approximate number of markers 
initially included in each candidate model. The number of markers can 
then change over the course of a run due to mutations and 
recombinations. The default value for this argument is 20. 

-ga-mut  

This argument specifies the probability that each individual bit in an 
artificial chromosome will be selected for mutation. If a bit is selected, 
the decision on whether to actually mutate it will depend on the value 
of the -ga-0-to-1 and -ga-1-to-0 arguments. This argument takes a real 
number between 0 and 1. If this argument is not specified, the 
program will use an overall mutation rate of 0.05 by default. 

-ga-0-to-1  

This argument specifies the probability that a zero bit selected for 
mutation in an artificial chromosome will change to a 1 bit. The value 
of this argument should be a real number between 0 and 1. If this 
argument is not specified, the program will use a zero to non-zero 
mutation rate of 1 by default. 

-ga-1-to-0  

This argument specifies the probability that a 1 bit selected for 
mutation in an artificial chromosome will change to a zero bit. The 
value of this argument should be a real number between 0 and 1. If 
this argument is not specified, the program will use a non-zero to zero 
mutation rate of 1 by default. 

-ga-thld  

This argument specifies the desired fitness that should be reached by 
the GA. If during the course of a run the GA generates a model whose 
fitness is above this level, the run will stop and the model will be 
returned as the successful model. If instead the maximum number of 
generations is reached before the desired fitness level is attained, the 
GA will return the model with the highest fitness level in the last 
generation. The successful model can then undergo further validation 
by permutation testing. The value of this argument should be selected 
according to the GA-class chosen by the user. If it is not specified, the 
program will use a threshold of 6 by default as the significance 
threshold for the t-statistic obtained from each model using the default 
GA-class (i.e. GA-class '1'). 

-ga-rnd  

This argument specifies the number of rounds the GA engine uses to 
perform permutation testing (randomization testing). If it is specified, 
the program will perform permutation testing over the retrieved 
successful model and print the resulting p-value to the terminal and/or 
to the output file. This argument is zero by default meaning no 
permutation testing will be performed. 
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Table 5-5. Continued. 

Argument Description of the Value Assigned to the Argument 

-ga-cores 
This argument specifies the number of cores employed to run the GA 
engine if the program is run on a multi-core computer. If this argument 
is not specified, the program will employ 1 core by default. 

-ga-out  

If this argument is specified, the program will write the final successful 
model out to this file, in tab-delimited format. The output file will 
contain two columns containing the identifier of the markers present in 
the successful model (e.g. SNP identifiers) and their respective 
weights, respectively. Note that this file will be created if it does not 
exist, and overwritten if it already exists. If this argument is not 
specified, the program will not generate any output file and will only 
show the results on the terminal. 
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Table 5-6. Description of the various fitness functions (GA-classes) can be used by the  
-run command to evaluate the fitness of multi-marker models. 

Fitness Function Class 
(GA-class) 

Description 

1 

For each subject in the case and control groups and for each 
model, the weight of each marker present in the model is 
multiplied by the numerical value of the subject's genotype at 
the marker locus. A score is then computed as the sum of 
these products calculated for every marker loci in the model. 
The distribution of scores is then compared between case 
and control groups using t-test and the resulting t-statistic is 
then used as the fitness of the model. 

2 

This class is similar to the GA-class '1', except that the 
number of the markers included in the model is taken into 
account when calculating the fitness, mildly favoring models 
with fewer markers. Under this scenario, the fitness of a 
model is determined by adding the fitness value obtained by 
the method explained for the GA-class '1' to (1-r), where r is 
the ratio of the number of markers included in the model 
under investigation to the total number of markers present in 
the initial set of markers selected by a hypothesis. 

3 

For each subject in case and control groups and for each 
model, a score is calculated the same as was explained for 
GA-class '1'. The overall average of the scores in the pooled 
population of cases and controls, and the average of the 
scores in each of the two contrasting groups are then 
determined. If the average of the case group is greater than 
the overall average, the fitness of the model is defined as the 
sum of the number of cases whose scores are smaller than 
the overall average and the number of controls whose scores 
are greater than the overall average. If the average of the 
case group is smaller than the overall average, the fitness of 
the model is defined as the sum of the number of cases 
whose scores are greater than the overall average and the 
number of controls whose scores are smaller than the overall 
average. 
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Table 5-6. Continued. 

Fitness Function Class 
(GA-class) 

Description 

4 

This class is similar to the GA-class '3', except that the 
number of markers included in the model is taken into 
account when calculating the fitness, favoring models with 
fewer markers. Under this scenario, the fitness of a model is 
determined by adding the fitness value obtained by the 
method explained for the GA-class '3' to the number of 
markers present in the model multiplied by an appropriate 
factor (default=40). 

5 

For each subject in case and control groups and for each 
model, a score is calculated as the logarithm of ratio of the 
conditional probabilities of the subject’s genotype under the 
two phenotype states of interest (e.g. diseased vs. healthy). 
The distribution of scores is then compared between the 
case and control groups using t-test and the resulting t-
statistic serves as the fitness of the model under 
consideration. 

6 

For each subject in case and control groups and for each 
model a score is determined the same as was explained for 
the GA-class '5'. The fitness of the model is then defined as 
the sum of the number of case scores smaller than zero and 
the number of control scores greater than zero." 

7 

For each subject in the case and control groups and for each 
model, the ratio of the conditional probabilities of the 
subject's genotype under the two phenotype states of interest 
(e.g. diseased vs. healthy) is calculated for each marker 
locus present in the model. A score is then computed as the 
sum of these ratios calculated for every marker loci in the 
model. The fitness of the model under consideration is then 
determined by the method explained for the GA-class '5'. 

8 

For each subject in the case and control groups and for each 
model, the ratio of the conditional probabilities of the 
subject's genotype under the two phenotype states of interest 
(e.g. diseased vs. healthy) is calculated for each marker 
locus present in the model, and is multiplied by the numerical 
value of the subject's genotype at that locus. A score is then 
computed as the sum of these products calculated for every 
marker loci in the model. The fitness of the model under 
consideration is then determined by the method explained for 
the GA-class '5'. 
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Table 5-6. Continued. 

Fitness Function Class 
(GA-class) 

Description 

9 

For each subject in the case and control groups and for each 
model, a score is defined as the vector containing the 
subject’s genetic values corresponding to the genetic factors 
included in that model. The distribution of scores is then 
compared between the case and control groups using 
Hotelling's T-square test and the resulting F-statistic serves 
as the fitness of the model under consideration.  
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CHAPTER 6 
DISCUSSION 

The KBAS method I presented in this dissertation provides a framework for 

extending genome-wide association studies to situations in which a phenotype is 

caused by a number of concurrent genetic factors. Its main purpose is to measure how 

well a multi-SNP model is able to classify case and control subjects for which genotype 

data are available. Biologically, multi-SNP models may implicate cases in which 

functional relationships exist among genetic factors of interest. These relationships 

might be for instance in the form of interaction among functionally redundant elements 

or physically interacting biomolecules, or of the concurrent occurrence of two or more 

hypomorphic mutations in different steps of a particular pathway [119,120]. To capture 

these effects, KBAS employs Genetic Algorithms [221,233], a powerful search method 

able to navigate through an extensive search space consisting of potential combinations 

of markers and to refine them by removing markers that show limited contribution to the 

trait under consideration. Instead of examining each marker individually, KBAS allows 

the user to define models consisting of a set of markers, to integrate the markers' 

genotypes into a score variable and to evaluate the model’s ability to correctly classify 

cases and controls on the basis of the distribution of the score variable values. 

Multi-SNP models which define a score variable over a set of loci are able to take 

into account the joint effects of loci individually conferring small risks to the phenotype 

under investigation, and the different combinations of trait influencing loci which is of 

considerable importance in capturing the genetic heterogeneity underlying a complex 

trait. For example, we can imagine a case in which a hypothetical phenotype is 
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produced by concurrent mutations in any two out of three loci involved in a particular 

pathway (e.g. loci A, B and C). Therefore, subjects having mutations in loci A and B 

show the same phenotype as subjects having mutations in loci A and C or loci B and C. 

This can be formally described using the following logical statement: [A AND B] OR [A 

AND C] OR [B AND C]. However, since the main effect of each individual locus is small, 

subjects harboring single mutations do not develop the phenotype. Through defining a 

score variable, small association signals arising from individual risk loci into can be 

integrated into an overall association signal capturing the joint effects of contributing 

loci. Moreover, since the score variable is computed independently on each subject, 

different combinations of loci can contribute to the same score variable distribution in 

parallel to each other, leading to a more accurate representation of the differences of 

case and control groups. 

Since KBAS employs a Genetic Algorithm-based search engine, it enjoys high 

flexibility and efficiency in searching through an extremely large solution space.  On the 

other hand, as with any other method relying on heuristic search algorithms, this does 

not ensure that the successful models are the absolute best ones. The KBAS method is 

instead meant to be used in a hypothesis-based fashion: its purpose is not to discover 

the “best” set of markers that explains a phenotype; something that is computationally 

unfeasible since it would require testing all possible combinations of a given number of 

markers; but to confirm or invalidate the hypothesis that a user-provided set of markers 

is associated with the phenotype. The method does not require or stipulate a specific 

way of selecting markers: if the provided set does not contain a sufficient number of 
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“relevant” ones, the algorithm will simply fail to find an appropriate combination of 

markers, and will report that the corresponding hypothesis is not supported by the 

available data. 

This is clearly observed using the two sets of pathways I selected for this study, 

the first one containing pathways known to be relevant to the immune system, and the 

second one containing pathways unrelated to the immune system, used as negative 

controls. For instance, while on the first set of pathways KBAS was able to produce 

multiple replicated RA-associated models with remarkable classifying efficacy, none of 

the pathways in the second set gave rise to a successful model capable of significantly 

separating cases from controls (see Tables 4-3, 4-4, and 4-5). 

In addition, this method provides researcher with a way to prioritize the 

successful models derived from different pathways in order to evaluate which pathway 

is more likely to be related to the pathogenesis of the disease of interest. For example, 

comparing RA vs. CTR (see Table 4-5), the complement and coagulation cascade 

pathway seems to be of higher relevance to the process of development of rheumatoid 

arthritis compared to T-cell receptor signaling pathway. Also, among the significant 

models for the CD vs. CTR comparison (see Table 4-13), the B-cell receptor signaling, 

cytokine-cytokine receptor interaction and T-cell receptor signaling pathways show high 

association with the Crohn's disease, while for example the association of the antigen 

processing and presentation pathway seems to be of lower importance compared to the 

three aforementioned pathways. 
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Another application of the KBAS method is to compare the contribution of 

specific pathways to different traits of interest. Although several pathways were labeled 

as associated with rheumatoid arthritis and Crohn's disease in this study, each provides 

a different contribution to the diseases under investigation. For example comparing the 

two successful models derived from the complement and coagulation cascade pathway 

through the analysis of RA and CD datasets, RA-associated model has a smaller p-

value than the CD-associated model, while the reverse is true for the two models 

derived from T-cell receptor signaling pathway (see Tables 4-5 and 4-13). 

There are clear benefits to having SNPs selection be guided by preexisting 

biological knowledge. This choice maximizes the chance of including SNPs that are 

functionally related with the phenotype of interest, and makes it more likely that the 

results, if positive, may have an explicit biological interpretation. If the algorithm 

identifies a model with high case/control separation performance, it can be directly used 

to formulate a biological explanation for the observed phenotype. For example, this 

could involve identifying the genes containing the SNPs within the model or in LD with 

them, and making them high-priority candidates for further experimental analysis. 

The observed significant associations between immune system related multi-

SNP models and the diseases under investigation is consistent with previously revealed 

aspects of their pathogenesis as autoimmune diseases [1,187,188,248]. The fact that a 

number of RA-associated models were replicated in another population of the same 

ancestry makes them a potential predictor for estimating the risk of disease 

development in individuals of Caucasian ancestry. As shown in the Disease risk-Score 



 

188 

class diagrams, although the risk of disease development rises parallel to the increase 

in the score variable value, the disease risk in the lowest and highest classes, 

constituting extreme portions of the score-class spectrum, are not 0 or 100% 

respectively. This is consistent with the definition of complex diseases and indicates that 

there are still further genetic and non-genetic risk factors contributing to the RA and CD, 

which remain to be discovered. 

Although I tested it using SNPs genotype data, KBAS can be applied to any kind 

of polymorphic genetic marker, provided that its alleles can be converted into numeric 

values in a way that consistently assigns values to different types of alleles (e.g. wild-

type and mutant alleles). KBAS will then use the score variable obtained by combining 

these values to classify study subjects as affected or unaffected. 

The KBAS Method presented in this dissertation has been published as an open-

access article [251]. Further extensions to the method, including developing new fitness 

functions to capture the epistatic effects of genetic factors on continues traits (such as 

weight and height), and a user-friendly interface will be introduced in future. 
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